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Business intelligence (BI) is often used as the umbrella term for large-scale decision support systems (DSS) in or-
ganizations. BI is currently the largest area of IT investment in organizations and has been rated as the top tech-
nology priority by CIOs worldwide for many years. The most important use patterns in decision support are
concerned with the type of decision to be supported and the type of manager that makes the decision. The sem-
inal Gorry and ScottMortonMIS/DSS framework remains themost popular framework to describe these use pat-
terns. It is widely believed that DSS theory like this framework can be transferred to BI. This paper investigates BI
systems use patterns using the Gorry and Scott Morton framework and contemporary decision-making theory
from behavioral economics. The paper presents secondary case study research that analyzes eight BI systems
and 86 decisions supported by these systems. Based on the results of the case studies a framework to describe
BI use patterns is developed. The framework provides both a theoretical and empirically based foundation for
the development of high quality BI theory. It also provides a guide for developing organizational strategy for BI
provision. The framework shows that enterprise and smaller functional BI systems exist together in an organiza-
tion to support different decisions and different decisionmakers. The framework shows that personal DSS theory
cannot be applied to BI systems without specific empirical support.
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1. Introduction

Business intelligence (BI) is often used as the umbrella term for
large-scale decision support systems (DSS) in organizations. Surveys
by industry analysts and vendors consistently find that BI development
and deployment is one of the highest priorities for CIOs and will remain
so at least until 2017 [26,30,33,54]. Kappelman et al. [38] in the annual
SIM IT Issues and Trends Study reported that BI was the largest organiza-
tional IT investment in 2015, and has been the largest since 2009. Put
simply, BI is one of themost important IT applications in anorganization
and is expected to remain so for some time.

It is important to distinguish between the general IS movement of
BI/Analytics/Big Data and the IT artifacts that are used in organizations.
This project focuses on the IT artifacts that are BI systems. Davenport's
definition is used to guide the research: a BI system is “a wide array of
process and software used to collect, analyze, and disseminate data, all
in the interests of better decision making” ([17], p. 106). BI systems
can be defined by their organizational scope. Themost complex systems
that support management decision-making, enterprise BI systems, are
usually developed by the central IT department to support as many
t), felix@fen.uchile.cl
managers in an organization as possible. At a minimum, they have
users from more than one division. The data available to an enterprise
BI system is organization-wide in scope and interest and often comes
from a data warehouse (DW) or a federation of data marts. A second
type of BI system, functional BI, is where development is restricted to
one division, department, or function and the governance of the system
is the responsibility of that business unit rather than the IT department.
Most commonly functional BI systems have their data provided by a
specialized data mart. When vendors, consultants, and researchers
talk about BI, they usually mean enterprise BI systems.

Use patterns in decision support are normally concerned with the
type of decision to be supported and the type of manager that makes
the decision. The reason for this focus is that the type of task and type
of user in DSS are fundamentally different from the users and tasks sup-
ported by enterprise transaction-based, web-based, mobile, social sys-
tems, and other IS. The decision/manager focus is unique to DSS and is
central to understanding BI systems. A review of BI case study research
in all journals and the four major AIS conferences (ICIS, ECIS, PACIS,
AMCIS) from 2000 to 2016 found 68 papers. Of these, 13 addressed BI
systems use in someway. None addressed decision maker and decision
type use patterns. This means that BI use patterns is a gap in the BI re-
search literature.

In terms of BI systems use by managerial level, Negash [57] related
that “BI assists in strategic and operational decision making” (p. 179)
and that “Business intelligence is used by decision makers throughout
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the firm. At senior managerial levels, it is the input to strategic and tac-
tical decisions. At lower managerial levels, it helps individuals to do
their day-to-day job.” (p. 189). Audzeyeva and Hudson [8] argued in
their study of BI benefits that “Key organizational benefits of BI … in-
clude better management decisions at both middle management and
strategic levels and support for the accomplishment of strategic busi-
ness objectives.” Arnott and Pervan [7] as part of a critical analysis of
25 years of general DSS research examined the level of decision tasks
addressed in BI research. They found that 22.5%of BI research concerned
strategic decision tasks. Isik et al. [35] reported “many companies cur-
rently utilize BI primarily for structured decisionmaking based on inter-
nal data” (p. 14). Collectively this means that, to some extent, BI aims to
address many types of decision making in organizations.

Based on this discussion, the phenomenon of interest of this project
is the pattern of use of BI systems in organizations. The unit of analysis is
a BI system, a large-scale IT artifact that supports decisionmaking in or-
ganizations. The formal research question that guided this project is
“What are the patterns of BI systems use in organizations?” The paper
is organized as follows: first, the theory background and the design of
the secondary case study research is described. Case study research in-
volving eight BI systems is then described and analyzed. From the
cross-case analysis a framework for the pattern of BI systems use in or-
ganizations is developed. After considering the limitations of the re-
search, the paper concludes with a discussion of the academic and
professional implications of the research.

2. Theory background

To explore the patterns of BI systems use, two groups of theory were
used. The first is the seminal framework of Gorry and Scott Morton. The
framework led to the development of the DSS field and is still influential
in DSS and BI research. The second theory background is the dominant
contemporary approach to understanding human decision-making
from behavioral economics. This is followed by a note about the transfer
of theory between DSS types and the nature of frameworks in IS theory.

2.1. The Gorry and Scott Morton framework for decision support systems

Definingmanagement processes and decision-making tasks in three
level typologies has been a persistent theme in business research since
the 1960s. These typologies have attained paradigm status and are
often used without citation (for example, [1,2,63]). The most popular
management process typology is Anthony's strategic planning/manage-
ment control/operational control continuum [3]. According to Anthony
and Dearden [4] strategic planning is the process of deciding on the
goals of the organization, the resources needed to attain these goals,
and the policies for acquisition and use of these resources;management
control is the process by which managers assure that resources are ob-
tained and used effectively and efficiently in the accomplishment of the
organization's goals; and operational control is the process of assuring
that specific tasks are carried out effectively and efficiently. The process
typology is not isomorphic with management tiers but is in a sense re-
lated. For example, an executivewho is at the highest level of an organi-
zation can tackle strategic and tactical tasks and use a range of
operational and management control processes. However, the general
argument is that the higher that a manager is in an organization the
more likely they will be to use strategic planning processes and make
strategic decisions. Anthony's typology is widely accepted in business
research and critiques are rare. An exception is Langfield-Smith [47]
who argued that in terms of management accounting “the artificial
boundaries between, operational, managerial and strategic control, as
initially described by Anthony [3], may no longer hold.” (p. 209). Most
IS researchers view Anthony's typology as a continuum rather than dis-
crete categories.

The three-level typology of decision tasks that has reached paradigm
status is Nobel Prize winner Herbert Simon's phase model of decision-
making [67,68]. The phase model views decision making as taking
place in three staged, iterative and recursive processes of intelligence
(gathering data), design (arriving at alternative solutions), and choice
(choosing the best alternative). An important part of the phase model
is the concept of decision structuredness. A totally structured decision
is onewhere all decision phases can be specified; a totally unstructured
decision is one where no aspect of the decision phases can be articulat-
ed. Lying on a continuum between structured and unstructured deci-
sions are semi-structured decision tasks that exhibit varying degrees
of structure or clarity of definition and understanding.

The seminal article of the general DSS discipline is the 1971 paper A
Framework for Management Information Systems by Anthony Gorry and
Michael Scott Morton. Their framework was based on a combination
of Anthony's management process and Simon's decision structuredness
typologies and is shown in Fig. 1 ([28], p. 62). The tasks below the dotted
line in Fig. 1 have decreasing levels of structure and Gorry and Scott
Morton termed the IS that can support these tasks “decision support
systems”. Above the line they typified IT support as structured opera-
tional IS; todaymany of these would be regarded as DSS. The important
implication is DSS can support most of the cells in the framework. Fur-
ther, they argued that over time, with increasing research and practice,
the line would move down the figure as semi-structured tasks become
structured. In Fig. 1, structured operational control tasks are the easiest
for an IT professional to conceptualize and then develop systems to sup-
port. Keen and Scott Morton [41] suggested that unstructured tasks, es-
pecially the bottom right hand of Fig. 1, aremainly supported by human
intuition. Kirs et al. [44] provided an experimental validation of the
Gorry and Scott Morton framework that, at the time, justified the
framework's seminal position.

Gorry and Scott Morton's framework is one of the most important
contributions to DSS research and with 2233 citations1 it is one of the
most cited papers in all IS research. Fig. 2 shows citations of the frame-
work over time and the most interesting aspect of the figure is that the
1971 framework is more popular with researchers today than when it
was published. The DSS framework has attained paradigm status and
is often used uncritically as the basis of recent research. For example,
Isik et al. [35] in developing their project's hypotheses relate: “Gorry
and Scott Morton's [28] framework of management information sys-
tems is a well-established, theoretically grounded representation of
the decision environment.” (p. 16).

The main issue with the Gorry and Scott Morton framework is the
validity of Simon's phase model of decision making – the source of the
vertical axis of the framework. Simon's phase model was developed in
the 1940s and Simon's is a different kind of scholarship to current busi-
ness research; most of Simon's publications would now be classified as
conceptual studies. The nature of business and behavioral science re-
search is radically different today and the standards of rigor and validity,
and the statistical techniques that are currently used, did not exist when
Simon developed his theory of decision-making. The problem is as
Lipschitz and Bar-Ilan [49] relate “Considering the variety and ubiquity
of phase models, it is surprising to find that the empirical evidence for
their descriptive and prescriptive validity is very slim.” (p. 48). Lipschitz
and Bar-Ilan conducted experimental research that found disconfirming
evidence for the phasemodel's prescriptive validity and only weak sup-
port for its descriptive validity. The conclusion from the empirical test-
ing of the phase model is that it lacks the necessary scientific validity
to be part of an important and influential framework like Gorry and
Scott Morton's. Another issue with the Gorry and Scott Morton frame-
work is that, like Simon's research on decisionmaking, it is a conceptual
study and the assignment of decision tasks and systems in the frame-
work was based on opinion, rather than on empirical research.



Fig. 1. Gorry and Scott Morton's MIS/DSS framework.
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2.2. The dual process theory of decision cognition

The dual process theory of decision cognition is the successor to
Simon's phase model of decision making in behavioral economics. The
dual process theory holds that decision-making occurs within and be-
tween two cognitive systems. Kahneman and Frederick [37] typified
these systems as two families of cognitive operations; they are not a
continuum like the concept of decision structuredness. In an influential
paper, Stanovich andWest [71] termed these systemsSystem1 and Sys-
tem 2 in order to avoid descriptive labeling and terms have become
standard. Table 1 is partly based on Thaler and Sunstein ([73], Table
1.1), Evans ([25], Table 2), and Stanovich and West ([71], Table 3) and
shows the properties and nature of the two cognitive systems.

System 1 is fast, automatic, effortless, and intuitive. When facing a
decision, System 1 is the first in action. It operates through innate, in-
stinctive behavior. In an evolutionary sense, System 1 is the oldest
form of decision-making ([71], p. 660; [36], p. 301). It is difficult to ex-
plain or document how System 1 arrives at a decision, we only know
it has when the decision enters our consciousness. System 2 is slow, de-
liberate, and requires significant cognitive effort. The complex System 2
evolved uniquely in humans. System 2's abilities are not innate and
must be formed through education, both formally in schools and univer-
sities, and less formally in families, the work place, and social interac-
tion. The essence of System 2 is the application of a set of rules or
algorithms to a decision task.
Fig. 2. Citations to the Gorry and
While described as discrete systems, System 1 and 2 can operate at
the same time and can interact. Evans [24] described the situation as
being like two minds in the same body. Kahneman and Frederick [37]
related: “System 1 quickly proposes intuitive answers to judgment
problems as they arise, and System 2monitors the quality of these pro-
posals, which it may endorse, correct, or override.” (p. 51). Control can
also pass from System 2 to 1. System 1 is associated with expertise
and expert judgment while System 2 is the realm of the calm rational
advisor, but also the learner and novice. Over time System 2 tasks can
be converted to System 1 through exposure and experience.

Far from being ineffective or second rate, in management decision-
making the fast, intuitive processes of System1 can lead to superior out-
comes compared to System 2 rule-based processes [20,45,59]. Both dif-
ficult and strategic management tasks will likely be System 1 dominant
and a decision maker's conception of such tasks is likely to be volatile
[16]. System 2 managerial tasks are likely to be more stable in their in-
ternal representation. Knowing when to replace System 1 intuitions
with System 2 rules and algorithms is a difficult decision for both man-
agers and analysts. It is also a decision that depends on context, partic-
ularly the skills and experience of the decision maker. Bazerman and
Moore [9] argued that “a complete System 2 process is not required
for every managerial decision, a key goal for managers should be to
identify situations in which they shouldmove from the intuitively com-
pelling System 1 thinking.” (p. 4). It may also be preferable to move
away from Systems 2 processes in some situations.
Scott Morton framework.

Image of Fig. 1
Image of Fig. 2


Table 1
The two cognitive systems of decision making.

System 1 System 2

Unconscious Conscious
High capacity Low capacity
Automatic Controlled
Holistic Analytic
Associative Rule based
Effortless – undemanding of cognitive
capacity

Effortful – demanding of cognitive
capacity

Fast Slow
Skilled Rule following
Highly contextualized Decontextualized
Personalized Depersonalized
Acquisition by biology, exposure, and
experience

Acquisition by cultural and formal
tuition

61D. Arnott et al. / Decision Support Systems 97 (2017) 58–68
2.3. A note on DSS theory transfer and frameworks

Clark et al. [15] identified a broad class of applications that support
management decision-making that they established were separate
from operational enterprise IS. Through their meta-analysis they
found that DSS need separate theory to explain and predict the out-
comes of DSS development and use. Further, they argued that theory
developed in one form of DSS should apply to others, both to current
and future management support approaches ([15], p. 603). However,
their work was undertaken before BI became the norm in industry
and it could be that DSS theory transferability does not always apply
to BI. In addition, Hong et al. [32] and Davison and Martinsons [18]
argue that context is critical to a theorizing process in the IS discipline.
Table 2 shows an analysis of the context of enterprise BI systems com-
pared to other IS.

The table was developed with structured input from BI academics
and practitioners using a two round Delphi-like approach. It shows
the degree of similarity of enterprise BI to the other system types; the
average score is below medium similarity. Importantly, it shows that
in terms of system scope and scale, enterprise BI systems are very
close to operational enterprise IS compared to traditional personal
DSS. The context differences in the table mean that theory from tradi-
tional personal DSS cannot be uncritically applied to BI. BI systems are
not just data-driven DSS, they are a complex mix of data and analytics.
Any theory transfer needs to be based on BI specific empirical testing
of the theory.

Frameworks are important to IS research. A framework is defined as
a “set of assumptions, concepts, values, and practices that constitutes a
way of understanding the research within a body of knowledge” ([62],
p. 41). Weber [76] argued that research frameworks can “provide guid-
ance in relation to the development of new, high-quality theory”. Weick
[77] expressed this guidance situation as an “interim struggle”. Weick
argued that academic artifacts, like empirically and theoretically
Table 2
A comparison of different types of business IS.

System attribute Degree of similarity with enterprise BI systems

Traditional
personal DSS

Transaction processing
systems/ERP/ecommerce

Scope Low High
System scale Low High
Task Medium Low
Users Medium Low
User discretion Medium Medium
Technology Low Low
Development methods Medium Medium
Governance Low Medium
Overall Low/medium Low/medium
grounded frameworks, represent an important stage in the theorizing
process and are therefore important for an academic discipline. Some
scholars propose that a framework can also be regarded as a theory.
Gregor [29] argued that a framework is a Type I theory or a theory for
analyzing. Gregor [29] related “Analytic theories analyze “what is” as
opposed to explaining causality or attempting predictive generaliza-
tions.” (p. 622). Frameworks are common outcomes of IS research. In-
fluential examples include Al-Mudimigh et al. [2], Lee et al. [48], Shang
and Seddon [65], and Weill [78]. The theory background in this project
also involves research frameworks, although factor models underlie
one of these frameworks. Further, the major outcome of this research
project is a framework in the sense of Gregor's Type I theory. As Sutton
and Staw [72] relate “Data describe which empirical patterns were ob-
served and theory explains why empirical patterns were observed or
are expected to be observed.” (p. 372). In this sense, the framework de-
veloped later in this paper can be characterized as a kind of theory.

3. Research design

In order to investigate the patterns of use of BI systems a case study
approach was adopted. A case study allowed the detailed study of both
the decisions being supported by BI systems and the nature of the sys-
tems use by a variety of users. The authors had previously investigated
BI development and use in case studies involving eight BI systems. It
was decided to pool the case data from these projects to investigate
the research question of this project.

3.1. Secondary qualitative analysis

The style of case study and theory-building research in this paper
can be called case study using secondary analysis. Secondary analysis
“allows researchers to put to new or additional uses data thatwere orig-
inally collected for other research purposes” ([31], p. 8). There is a long
history of the secondary analysis of data from quantitative studies in so-
cial science [74]. Meta-analysis is perhaps the best-known form of sec-
ondary analysis. It is “a quantitative combination of the statistical
information from multiple studies of a given phenomenon” ([14], p.
33). Examples of quantitative secondary analysis in IS research include
Dennis et al. [19], Kohli and Devaraj [46], and King and He [43].

Qualitative secondary analysis ismuch less common in social science
research and there is often a fuzzy dividing line between what consti-
tutes the use and re-use of case study data [27]. For interpretive re-
searchers, data is socially constructed and the re-use of data is simply
a different construction. In this sense, there is no conceptual difference
between primary and secondary data. Case data can be reused in differ-
ent publications without any reference to reuse, reanalysis, or reinter-
pretation. For other qualitative researchers, the division between use
and reuse is clearer. Using data that was collected to address a specific
research question to answer a new question is secondary analysis. The
main issue with qualitative secondary analysis is the potential for a
lack of fit between the available data and the requirements of a second-
ary analysis ([27], p. V3–110). This fit can be assured and data from dif-
ferent cases can be combined if the primary cases studied similar
phenomena, had similar units of analysis, and used similar data collec-
tion techniques. They do not need to have had similar research ques-
tions. For example, in the case studies below each participant was
asked to think about a decision they had made that was supported by
a BI system. For this interview question, the data collection in the case
studies can be considered “similar”.

A major advantage of secondary qualitative analysis is a significant
increase in empirical quantum. This increase in the amount of data
leads to greater generalizability of qualitative research. Most BI case
study research examines one BI system (for example, [8,11,75]). The
secondary analysis in this paper examines eight BI systems and involved
38-person months of work in data collection and analysis. This repre-
sents a significant increase in research scale over other published BI
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case study research. The nuances andmeaning of case study data is best
understood when the primary researcher is deeply immersed in data
gathering, analysis, and interpretation. For this reason, secondary qual-
itative analysis is likely to be of higher quality if it is conducted by the
primary researchers.

3.2. General case research design

This paper involves theory-building case study research as sug-
gested by Cavaye [12], Eisenhardt [23], and Woodside and Wilson
[80]. Each case study in this paper used a “common” single-case design
([82], p. 52) with a BI system as the unit of analysis. Cases were sourced
opportunistically through business and professional networks. The se-
lection criteria for the cases were similar. The mandatory case selection
criteria were that the BI system had been in operation for at least two
years and that the researchers have access to all relevant BI developers
and users for interviews. The BI users included both direct and indirect
users. The desirable but not mandatory selection criteria were that the
researchers could observe BI governance committees and have access
to relevant project documentation.

Each case's primary data collection involved semi-structured inter-
views of between 40 and 70 min. Where possible, the interviews were
audio recorded. Only one organization declined approval for the audio
recording of their staff during interviewswhile senior executives gener-
ally declined audio recording. For interviews without audio recording
notes were taken during the interview. Transcripts of the audio record-
ings of the interviews and interview notes were entered into the quali-
tative data analysis software NVivo. In each case, documents about the
BI systems were collected. These documents varied by case and includ-
ed governance committee agendas andminutes, business cases, and the
technical architecture of BI systems. The studies were contemporane-
ous. For the secondary data analysis, all coding and matrix construction
from the primary analyseswas abandoned. Using theprimaryNVivo da-
tabases each case interview transcript was reexamined using codes de-
rived from and the theory background in Section 2; this is termed
hypothesis coding ([61], p. 147). The analysis tactics that were
employed included clustering, noting patterns and themes, and
partitioning variables ([56], ch. 11).

4. An intensive exploration of eight BI systems

This section presents the case studies of eight BI systems. First, the
nature of the case organizations and the BI systems is described. This
is followed by the cross-case analysis.

4.1. BI case overviews

LGA (Large Government Authority) is a semi-autonomous Austra-
lian federal government authority. Headquartered in Melbourne, Aus-
tralia, its annual operating revenue is A$1.5 billion and it has 11,500
staff. It is widely regarded as a highly effective public enterprise. Busi-
ness IT services are relatively centralized at LGA following a transfer of
most IT professionals to the central IT Division. Despite this centraliza-
tion, executives and managers have considerable discretion in how
they personally source IT services for decision support. Three BI systems
were studied at LGA: BIS (the Business Intelligence Service), PAS (the
Planning and Analytics System) and Prospector (analysis and manage-
ment of prospective customers). All developers of all three systems
were interviewed, as were 32 BI users. These users included executives,
middle managers, senior analysts, and business analysts. Some partici-
pants agreed to multiple interviews. In addition, 18 meetings of the BI
Steering Committee over four years were observed.

BIC (Big Insurance Company) is an Australian insurance provider
headquartered in Melbourne, Australia with branches in all Australian
states and territories. BIC works as an intermediary between providers,
agencies, and brokers. It employs over 4000 employees and its
operational revenue is A$11 billion. Its organization structure is func-
tional for finance and legal, and divisional formarketing, sales and oper-
ations. BIC is part of an insurance conglomerate that is pursuing a
strategy based on cost savings through the coordination of its compo-
nent companies. BI systems in BIC have evolved from a decentralized
approach in which BI systems were implemented by each department
to a centralized enterprise BI system. The BI project is part of the CFO's
office rather than being driven by IT. The main profile of the BIC partic-
ipants was senior management. Twenty-two users were interviewed;
seven direct users and seven indirect users matchedwith their eight in-
termediaries. These intermediaries were senior analysts or managers
that used the BI system on behalf of more senior users. The 22 partici-
pants came from four business areas and five functional areas. In addi-
tion, three BI developers including the BI Director were interviewed.

CIC (Chinese Insurance Company) is a large insurance company of-
fering life insurance products and services to the Chinese domesticmar-
ket. Headquartered in Northern China its annual operating revenue is
￥2.6 billion and it has around 5000 staff. The company was founded
in 2002 as a joint venture by Chinese and Canadian firms; it transferred
to total Chinese control in 2010. IT services are centralized at CIC's head-
quarters, but business departments employ their own business analysts.
CIC has a centralized BI system with enterprise wide scope called CMS
(Core Management System). Twenty participants who were either
users or developers of CMS were interviewed including a general man-
ager, deputy manager, project managers, business analysts, operation
manager, finance planner, and marketer.

AG (Alibaba Group) is a very large Chinese ecommerce company
that offers a complex mix of products and services, both domestically
and internationally. Headquartered in Hangzhou its annual operating
revenue is ￥76.2 billion and it has around 22,000 staff. The company
was founded in 1999 andwasfloated on theNYSE in 2014 in theworld's
largest ever IPO (US$25 billion). AG is theworld's second largest retailer
by value. AG has 25 business units, the most prominent of which are
Alibaba, 1688, AliExpress, Taobao Marketplace, Juhuasuan, Alipay,
Tmall, eTao, Alibaba Cloud Computing (ACC), and Laiwang. It also has
two cross-group or cooperative departments: Alibaba Research and
ICBU. Unlike the other case organizations, IT services are decentralized
in AG and each business unit has their own BI team. Three major BI sys-
tems were studied at AG: Business Advisor (sales analysis platform),
Taobao Indicator (consumer behavior analysis platform), and EDP
(web-based ecommerce analytics platform). AG is typical of emerging
entrepreneurial companies in China. Twenty-eight AG participants
were interviewed. They included an executive, deputy directors, opera-
tion director, product managers, operation managers, technical experts,
development engineers, and business analysts.

The combined case studies involved 142 in-depth interviews of BI
users and developers, the analysis of 86 decisions supported by BI sys-
tems, and the four-year longitudinal observation of a BI Steering Com-
mittee. Table 3 summarizes the BI systems that were studied. All
organizations except AGwished to remain anonymous and their identi-
ty has been disguised as a condition of university ethics committee
approval.

4.2. Cross case analysis

4.2.1. General patterns of BI systems use
Table 4 shows the perceived user and decision profiles from the

eight BI systems. The user profile data are reasonably accurate as they
were based on system logs. The decision profile data were estimates
provided by senior participants and represented their perception of
the nature of the decisions that are supported by the BI systems. These
perceptions turned out to be biased.

The finding that stands out in Table 4 is that the majority of BI users
are professionals, notmanagers or executives. The enterprise BI systems
(BIS, Actor, CMS) are the closest to the large-scale DSS stereotype and in
these systems 81% of users are professionals. Interestingly in the



Table 3
The BI systems.

BI system BIS PAS Prospector Actor CMS Business advisor Taobao indicator EDP

System scope
- Users Enterprise Enterprise Functional Enterprise Enterprise Functional Functional Enterprise
- Developers Enterprise Functional Functional Enterprise Enterprise Functional Functional Functional

General governance
archetype

Federal Feudal Feudal Business
monarchy

IT monarchy Feudal Feudal Feudal

No of users
- Internal 450 250 50 100 100 100 250 400
- External 0 0 0 0 10 Millions 0 0

Level of delegation High Low None High High Low Low Low
User profile

- Professionals 75% 68% 0% 90% 78% 73% 35% 70%
- Managers 20% 30% 70% 8% 20% 25% 60% 28%
- Executives 5% 2% 30% 2% 2% 2% 5% 2%

Decision profile
- Operational 20% 30% 30% 20% 60% 50% 20% 55%
- Tactical 78% 40% 30% 70% 38% 42% 70% 40%
- Strategic 2% 30% 40% 10% 2% 8% 10% 5%

No of developers
- Internal 7 1 1 47 5 1 1 1
- Consultants N10 4 N10 4 N20 N10 N10 N10

Budget
- Initial A$8m Confidential Confidential Confidential ￥5m Confidential Confidential Confidential
- Annual A$1.2m A$200K A$300k Confidential Confidential Confidential Confidential Confidential

Main software Business objects,
oracle

Cognos,
oracle

Salesforce Futrix, business
objects

Business
objects

Proprietary AG
software

Proprietary AG
software

Proprietary AG
software

Organization LGA BIC CIC AG
Employees 11,500 4000 5000 22,000
Annual revenue A$1.5b A$11b ￥2.6b ￥76.2b
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enterprise BI systems it was reported that only 33% of decision tasks
were operational (the likely decision focus of professionals). The ex-
treme case is BIC's Actor where 90% of users are professionals but only
20% of the supported decision tasks are operational. The use of interme-
diaries to access BI datamay confound this data but, generally across the
cases, the decision type profile is at odds with the user profile data. The
reasons for this mismatch lie first in the difficulty of understanding
Anthony's typology (confusingmanagement process for levels in an or-
ganization), and second in the desire of BI developers and IT depart-
ments to be relevant and important to the organization.

Participants wanted to be important to their organization and they
had a tendency to exaggerate the importance of their work even
when participantswere shown a cardwith Anthony's definitions during
interviews. Users tended to inflate the level of their decision tasks and
developers inflated the importance of the tasks that their system sup-
ports. This inflation was least for senior executive users and highest
for technical BI developers. When participants in LGA were asked if
the decision task distribution is likely to change in the next five years
they unanimously reported that a greater percentage of strategic tasks
will be supported by their system. The BIC BI Director believed that op-
erational decisions were not the province of BI and related “It's not a BI
thing… operational reporting would be your day-to-day line management
type of report”. Further, he wanted to completely shift effort from oper-
ational to strategic support. It is difficult to imagine that the sole use of a
BI system would be to set or change the organization's goals or set an
organization's policies in a strategic planning process. This participant
Table 4
Perceived user and decision profiles in the cases.

Enterprise Functional All

User profile
- Professionals 81% 49% 61%
- Managers 16% 43% 33%
- Executives 3% 8% 6%

Decision profile
- Operational 33% 37% 36%
- Tactical 62% 44% 51%
- Strategic 5% 19% 13%
probably equates “strategic” with “important” and in this sense his
goal is understandable. The desire for BI system relevance and impor-
tance was evident in all the cases.

Although decision-makers can directly use BI systems to support
their decision tasks, there are many scenarios where they delegate the
use of the BI system to subordinates. The enterprise BI systems exhibit-
ed higher levels of indirect use than the functional BI systems (Prospec-
tor, PAS, Business Advisor, Taobao Indicator, EDP). Most BIC decision
makers indicated that they preferred to delegate their access to an inter-
mediary. BIC's National Personal InsuranceManager described thework
pattern of a business analyst who uses Actor to support senior manage-
ment: “(BA's name) is part of our team, we discuss and talk about the re-
ports… He sits in the same room with us and reviews them (the BI
reports), so he hears us and contributes to the discussion… so he's not
just the personwho produces them, but he has a say in the interpretation….
I would probably feel uncomfortable if all he didwas produce them….” This
is a radically different work pattern to that of operational IS analysts. A
row in Table 3 identifies the general level of delegation of use in each
system.

One of the key concepts in DSS development theory and practice is
that the decision makers who are the potential users of a DSS can freely
choose whether or not they actually use the system. They are regarded
as discretionary users [6,41]. Building interest and commitment from
these demanding users is crucial for ongoing DSS use [15]. On the
other hand, the users of operational IS do not have a choice about
their system use. The discretionary use characteristic of small-scale per-
sonal DSS (PDSS) is thought to transfer to other larger types of DSS [51,
69,81]. The case study analysis found that true discretionary use was
rare in the eight BI systems. There was not one example of discretionary
use in the AG or CIC systems. In CIC, the use of CMS (the enterprise BI
system) is part of professional staff performance assessment. In all
cases, intermediaries thatwere using a BI systemonbehalf of amore se-
nior manager had no discretion in their system use. Once information
was provided by intermediaries, the decisionmakers did have somedis-
cretion in how they used the BI system output.

A common pattern in the cases is exporting data from the BI system
to another application for the actual decision support processes. Spread-
sheetswere themost popularfinal tool in thedecision support chain but
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analytics software like SPSS and SAS also featured in the cases. A senior
business analyst at AG related: “I have to export data and calculate my-
self… the current BI system is operationalized and most suitable for
checking up daily sales, but I am looking for yearly”. A decision can have
many data inputs other than an enterprise BI system. For example, at
BIC the CFO related: “If you're going to do a pricing decision you would
use the business intelligence …to get that data. The financial data may
show you've got an issue. You'd then get the pricing actuaries to delve
into their data, and they've got data that goes back 20 years, to do pricing”.

Another pattern in the cases was for senior personnel to not use BI
systems, functional or enterprise. For example, the CEO at LGA said:
“BI is absolutely strategic to LGA” but when asked what IT support he
used for strategic decision-making he replied: “My spreadsheets”. The
Deputy CIO at CIC when considering senior use said: “No executive will
use it”. Supporting this view a senior user at CIC related: “The CMS system
is neither convenient nor easy to use. My colleagues and I all believe so.”
These attitudes and practices of senior personnel make it difficult to
provide meaningful support with a BI system. Five executives in the
cases related that they had looked for data in their BI systems to help
with a specific significant decision, but found none. Both LGA functional
BI systems were developed because the IT Division had repeatedly re-
fused to provide the applications. This is because the requests for devel-
opment did not score highly enough in the IT Division's annual
assessment of requested projects. These functional BI systems were de-
veloped because the divisions had financial discretion.When data is not
available in an enterprise BI system, decision makers will seek other
sources of information including PDSS and functional BI systems.

4.2.2. Management decision making and BI systems use
It is axiomatic that if a BI systemexists to support decision-making in

an organization then the BI developers need to have a good understand-
ing of the organization's decision tasks and work with decision makers
to improve the effectiveness of their decision making. This is a difficult
and challenging environment for IT developers. It is an environment
where functional BI systems seem to outperform enterprise BI systems.

In LGA the Deputy CIO who commissioned the enterprise BI system
related that she didn't know the nature of decisions being supported by
BIS while the BI Director said, “We don't have a lot of visibility about the
end result”. The result of these attitudes was a strong focus on getting
the data structures and data sourcing “right” rather than understanding
decision tasks. The assumption in this techno-focus is that once the data
provision is in place then decision makers will make better decisions
with the information from the BI system. This common belief that a
greater volume and variety of high quality data presented by a BI system
will inevitably lead to improved decision making has no empirical sup-
port and represents a strong assumption by developers.

Enterprise BI developers have more problematic relationships with
their users than functional BI system developers. Personal DSS, where
a relatively small system is developed for an individual manager, or a
small group of managers, for a decision task, is the original form of
DSS. PDSS developers work very closely with their manager to build
an understanding of the decision task. A fundamental issue that enter-
prise BI developers face was articulated by an LGA analyst: “You can't
satisfy all the users you know… the users are different”. The question for
developers becomeswhose conception of the decision task is embodied
in the BI system. The most problematic user/developer relationship oc-
curs when a developer believes that they have considerable power in
the development process and developers believe that they can decide
what is developed. This is another example of an operational IS attitude.
One of BIC's state managers described his perception of developer atti-
tudes as: “It's more, “well I don't understand why you'd need that so I'm
not going to do (develop) it”.… At the moment we've got really black
andwhite BI people”. Unfortunately, the BI cases show that a focus on de-
cision-making is difficult in enterprise BI. In the functional BI systems at
AG the developers did understand that decision-making should drive BI
development. One said “We need to unearth their system requirements,
understand difficulties in their management…”. A similar attitude existed
in the LGA functional BI systems. The Prospector analyst said, “Because
I've been embedded in Customer Relations for so long I understand their
business very well now.” These functional BI developers had a personal
DSS-like approach and attitude.

A popular goal is for the data in the enterprise BI system to represent
a single-version-of-the-truth. This idea has been aggressively sold by
vendors and consultants and has been adopted by researchers (for ex-
ample, [5,79]). The CFO of BIC provided a clear statement of this ideal
“Imagine our CEO… at the top, having a pyramid of people doing their
own things with data. If everyone produces data differently, he's effectively
got thismany different versions of the truth.” Both users and developers in
the cases mentioned the single-version-of-the-truth. A manager in LGA
said: “…the BI is the source of truth. That is where I go to get the informa-
tion for my analysis and reporting.” On the other hand, the most senior
technical developer at BIC held a contrary view: “… it's always been
talking about one source of truth; everyone just wants one set of numbers
but that's a utopia you're never going to reach.”

5. A framework for the use of BI in organizations

This section beginswith the update of the Gorry and ScottMorton in
light of the cross-case analysis of the eight BI systems. The section then
analyses 86 decisions made with BI support in the case studies and fits
them to the new structure. This analysis is then generalized to yield
the new framework for BI systems use in organizations.

5.1. Use patterns from the BI system case studies

What emerges from the cross-case analysis is insight into decision
support using BI systems in large organizations. These organizations
are able to deploy expensive BI reporting and analytics software and
their attendant data infrastructure, and they are able to afford a number
of functional BI systems. Fig. 3 shows the BI framework that updates the
Gorry and Scott Morton framework for BI systems. Themajor change to
the Gorry and Scott Morton framework is to replace Simon's
structuredness typology with the dual process theory of decision cogni-
tion. Replacing the vertical axis of the Gorry and Scott Morton frame-
work is far from a simple renaming of rows. This axis in Fig. 3 is not a
continuum as was the case with Simon's model but represents three
distinct types of decision situation. The first row in the framework in-
volves System 2 tasks that are rule-based, analytic, and effortful. They
are associated with decisions with clear contexts and processes. The
bottom row involves System 1 decisions that are associative, fast, un-
conscious, and skilled. The middle row of the figure identifies tasks
that involve a strong interaction between System 1 and System 2 pro-
cesses. As mentioned in Section 2.2, System 2 here acts in two main
ways; first to modify and mediate the intuitive System 1 responses
and second to train the decision maker's System 1. It is important to
note that this interaction is particularly strong and is not like adding a
short or brief process from one system onto another. In Simon's
structuredness conception, and consequently the Gorry and Scott Mor-
ton framework, the goal of DSS (and BI) was to add structure to deci-
sions [52]. Increasing the structure in semi-structured decisions was
accordingly the explicit goal of system development of early DSS [40,
70]. This philosophy has remained central to all forms of DSS. In the
Fig. 3 framework there is no value proposition attached to the two cog-
nitive systems or the three rows. They are simply different, one is not
superior to the other. As discussed in Section 2, the goal of many senior
executives is acquiring greater System 1 abilities while the goal for
many operational decisions is greater System 2 involvement.

Fig. 3 shows the result of the analysis of 86 decision tasks that were
supported by BI systems in the case studies. Each decision was mapped
to one of the nine cells in the updated framework. The descriptions pro-
vided for Anthony's managerial activities and information characteris-
tics by Lucas et al. [50] were employed to assign each decision to one
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of the three columns of the new framework. To distinguish between the
three distinct types of decision processes, the researchers were guided
by Table 1. Each researcher validated their coded decision taskswith an-
other researcher. A third researcher acted as refereewhen the two other
researchers did not agree on coding. Seventy decisions tasks were sup-
ported by enterprise BI systems and 16were supported by functional BI
systems. The decisions tasks supported by enterprise BI systems were
located only in cells 1 and 2 where System 2 is the dominant cognitive
style of decision making. In the case of strategic planning decision
tasks that use System 2, enterprise BI systems are not evident. In this
category decision makers employ functional BI systems. Functional BI
systems are also used in cells 4 and 5 where decision tasks required a
strong interaction between System 1 and 2. However, functional BI sys-
tems are not used in strategic planning decisions that required a strong
interaction between System 1 and 2. No BI system in the case studies
Fig. 4. A framework for BI-b
supported cells 6 through 9. Why cell 6 is empty is a topic for further
research.
5.2. A general framework for BI-based decision support

Fig. 4 shows a generalization of the analysis of decisions from the BI
system case studies. This updated framework shows the form of BI
usage for each cell. The figure shows an ecology of decision support in
organizations where different types of BI work collaboratively to sup-
port decision makers at all levels of the organization to make important
decisions. The figure is not perfectly exhaustive in that there may be
outliers that are not evident from the case studies. For example, there
could be an example of successful enterprise BI decision support in
cell 5 somewhere in an organization. However, the data in this study
ased decision support.

Image of Fig. 4
Image of Fig. 3
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shows that this is not typical and probably should not be the basis of a
general BI strategy.

If personal DSS theory could be transferred without modification
to BI systems then enterprise BI systems would appear in cells 1
through 6 in the framework. Figs. 3 and 4 indicate that enterprise
BI systems support the System 2 operational and management con-
trol decision (cells 1 and 2). Supporting System 2 processes means
that they can be specified with some confidence using standard busi-
ness analysis methods and techniques. There is unlikely to be any
concerns about knowledge specificity in these cells [13] in that BI de-
velopers should be able to understand the rules behind the decisions.
This means that there will be a minimal gap between the manager's
mental model and the model embodied in the BI system – Gap 1 in
Kayande et al.'s [39] three-gap framework of PDSS. This low Gap 1
implies that enterprise BI systems will perform well for decisions in
cells 1 and 2. The decision tasks in these cells will also be relatively
stable and this can justify expensive systems development. IT de-
partments will be reasonably confident in their ability to develop
and manage systems in cells 1 and 2. This pattern is also consistent
with the newest large-scale DSS approaches of big data analysis
and business analytics. Power [58] related “Analytic applications
using the new data sources will most likely be focused at the day-
to-day part of the organization hierarchy on operational control
and operational performance decisions.” (p. 348).

The case study data shows that functional BI systems are an effective
decision support approach for all System 2 tasks and for strongly
interacting System 1 and 2 operational and management control tasks
(cells 1 through 5 in Fig. 4). The case study data shows that functional
BI systems have a greater tactical and strategic focus than enterprise
BI systems. There were two motivations for developing functional BI
systems in the cases. The first was the refusal of the central IT depart-
ment to build functionality into the enterprise BI system that the busi-
ness unit needed. The tasks supported by functional BI were
important enough for the business unit to commit significant resources
to their own BI development. The second reason for functional BI sys-
tems development was organization philosophy and structure; Alibaba
is an example of this.

Functional BI systems can support some tasks that involve a strong
interaction of System 1 and 2 processes. This is primarily because of
their lower scale and development costs relative to enterprise BI. The
tasks in cells 4 and 5 are more volatile than the System 2 tasks in cells
1 and 2. The systems that support interacting System 1 and 2 decisions
will need frequent revision and reinvention in a similar fashion to per-
sonal DSS. Enterprise BI systems are simply too large to accommodate
such change without incurring excessive costs. They also tend to have
an internal scope that limits their usefulness for strategic decision
tasks [55]. Functional BI systems are more like other DSS and are more
agile and responsive to change in the understanding of decision tasks
and the requests of users. They are not subject to the “heavy” gover-
nance and project management regimes that typify enterprise BI sys-
tems in IT departments. Unfortunately, their importance is commonly
underestimated by IT departments and they are often dismissed or crit-
icized as shadow IT [42,66].

The case studies show that cell 6 does not exhibit any BI-based deci-
sion support. Itmay be that PDSS is the only IT-based support in this cell.
It may also be that functional BI systems will be able to support deci-
sions in this cell. Asmentioned before, Cells 7, 8, and 9 in the framework
represent System 1 decision tasks and the framework indicates that no
IT-based decision support is possible in these cells. Developments in be-
havioral economics since the 1971 publication of the Gorry and Scott
Morton framework show that the processes that underlie System 1 de-
cisions are innate and unknowable. Only human intuition using System
1 processes is capable of this decision support. It is important for BI de-
velopers to recognize this situation. This row is retained in the frame-
work to constantly remind developers and researchers of the difficulty
of working on those decisions.
The general System 2 task orientation of enterprise BI developers
limits their understanding of the lower rows of Fig. 4. BI vendors, con-
sultants, researchers, and developers share a popular goal ofmaking de-
cision-making in organizations data driven and evidence based. They
believe that by replacing human intuitionwith algorithms in BI systems,
decision-making will be improved. As McAfee and Brynjolfsson [53]
argue: “Data-driven decisions are better decisions—it's as simple as
that.” This is a reasonable strategy for operational and management
control decisions that are System 2 in nature (cells 1 and 2). Consider-
able care should be taken in applying the strategy to management con-
trol and strategic planning tasks that are strongly interacting System 1
and 2. Over time senior decision makers learn about and gain experi-
ence with their decision tasks. If they are effective with their decision
tasks they are rewarded with promotion. What they have been doing
during this iterative process of experience and learning is converting
slow effortful System 2 processes into fast innate System 1 processes.
This is the process of developing expertise for a difficult decision task.
In this situation, an inexperienced business analyst or data scientist
will not be able to specify or even understand the decisionmaker's pro-
cesses. Due to knowledge specificity, they can only understand a non-
expert System 2 rule-based approach to the decision [13]. They may
not even be able to recognize useful information and relevant data,
even that a specific decision situation exists. This situation is termed
bounded awareness ([9], ch. 4). Converting a decision maker from an
expert System1 intuitive decision process to an algorithm anddata cen-
tric System 2 process could significantly deskill the decisionmaker. This
means that the action of strongly pursuing a data driven process in cells
3 through 6 in Fig. 4 could adversely affect the performance of an orga-
nization. In this case, an enterprise BI system is not appropriate for de-
cision support.

6. Concluding comments

The understanding of BI use patterns is currently a gap in the BI re-
search literature. Appropriately, the research question for this study
was: What are the patterns of BI use in organizations? This paper has
addressed the research question by updating the dominant DSS use pat-
terns framework and conducting secondary analysis of a large set of
case study data involve eight BI systems and 86 BI-supported decisions.
The outcome of this research is a framework that explains the use pat-
terns of BI systems in organizations. Frameworks are vital for the theory
base of any discipline. As Weber [76] related it is important for a disci-
pline to have high quality frameworks to guide the development of
high quality theory. These frameworks should be based on rigorously
tested theory and empirical evidence. The BI use framework meets
these criteria and can be used to properly ground BI research in the
types of decision and the types of management processes that BI sys-
tems can effectively support. It represents whatWeick [77] called an in-
terim struggle in theorizing.

This study found that enterprise BI systems are effective support for
operational andmanagement control decisions that are System 2 in na-
ture. For these decisions, IT departments can confidently develop ex-
pensive systems in the knowledge that they will be effective for some
time. This is because these decisions are not volatile or transitory and
stable functional specifications can be developed. Although by defini-
tion a DSS, enterprise BI systems are best governed by similar processes
and structures to operational enterprise IS. Rather than be restrictive in
development opportunity, the use domain of operational and manage-
ment control System 2 decisions provides, to all practical purposes, an
infinite source of potential enterprise BI applications.

This project has clarified the role of functional BI systems in organi-
zations. The smaller functional BI systems are important to organiza-
tions, particularly as they support decision types that enterprise BI
systems cannot. Importantly, they have a greater ability to respond to
changes in the nature and context of decisions. This feature is essential
for decisions that involve strongly interacting System 2 and System 1
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processes. Unfortunately, the importance of functional BI systems is
commonly underestimated by IT departments and they are often
dismissed as undesirable shadow IT systems.

This paper also illuminates the problem of transferring theory across
DSS domains. This study has found that traditional personal DSS theory
cannot be transferred to BI without empirical support as the differences
between PDSS and BI are so great to invalidate a blanket transfer. Fur-
ther, this paper shows that theory about operational enterprise IS can
be useful for BI research. An example is the use of IT governance theory
[78] to explain the federal governance of enterprise BI. Personal DSS
theory would incorrectly prescribe a feudal or anarchy governance ar-
chetype. If personal DSS theory could be transferred without modifica-
tion to BI systems then enterprise BI systems would appear in cells 1
through 6 of the BI framework.

A contribution of this paper to general IS research is the clarification
of the nature of secondary qualitative analysis. This project demonstrat-
ed that qualitative case study data can be combined across studies if the
phenomena of interest, units of analysis, and data collection techniques
are similar. To date 68 BI case study papers have been published in
journals and IS conferences of which 55 are single cases. It may be
that many of these studies could meet the similarity criteria discussed
in Section 3.1 and could be part of a secondary analysis of a significantly
larger data quantum.

In practice, the new BI framework can be used by organizations to
help understand and plan their BI environment. Importantly, it shows
what kind of effective decision support can be expected from enterprise
and functional BI systems. Using the framework practitioners can avoid
making claims about decision types that they can't support. The fact that
no DSS can support System 1 decisions is important for BI developers to
understand. It is important that when developing a BI system, analysts
determine the System 1 or 2 orientation of each decision that they are
supporting. The cases show that delegation is an important pattern of
use that should be considered in a BI strategy.

This paper is subject to a number of limitations. The first is the partly
subjective nature of case data collection and analysis. Themost rigorous
data collection and analysis methods and techniques were used tomin-
imize this limitation. Care was taken to remove biases in analysis like
the situation where participants inflated the perceived importance of
their decision tasks. A second limitation is the sample size with respect
to generalizing the research results. On the other hand, this is one of the
largest intensive analyses of BI practice to date. Another limitation is
that the research only studied large and very large organizations; the
findings may not generalize to small and medium enterprises who are
increasingly using BI technology. The final limitation is the issue with
secondary qualitative analysis concerning the level of fit between the
available data and the requirements of a secondary analysis. Great
carewas taken to satisfy the appropriate fit requirements in this project.

Three areas of research follow this paper. The firstwill assess the rel-
evance of the framework to BI practice. An applicability check in the
style of Rosemann and Vessey [60] is planned using a focus group of se-
nior BI professionals. Following this, the framework will be exposed to
BI steering committees using a case study approach. These two studies
will allow the assessment and evolution of the framework from both a
governance and a senior user perspective. The second research area
will expand the framework by examining the use patterns of personal
DSS and functional BI systems in organizations using a multiple case
study strategy. Hopefully this project will help to illuminate the empty
cell in the BI decision support framework.

The framework developed in this study is descriptive in nature; it
describes what is happening in organizations. It does not address
what should happen in BI portfolio decisions especially in cells 4
through 6 that involve decisionswith strong System2 and 1 interaction.
The issue for BI managers is which System 1 decisions to move to Sys-
tem 2 and vice versa. This problem is the third research area. Marsden
and Pringy [52] provided an approach based on Simon'smodel to decide
which unstructured decisions could be structured using a traditional
personal DSS. Their approach could bemodified to use dual process the-
ory and heuristics and bias theory to determine optimum BI develop-
ment in the cells of the BI framework.
References

[1] A. Abbasi, S. Sarker, R.H.L. Chiang, Editorial: big data research in informantion sys-
tems: toward an inclusive research agenda, J. Assoc. Inf. Syst. 17 (2) (2016) i–xxxii.

[2] A. Al-Mudimigh, M. Zairi, M. Al-Mashari, ERP software implementation: an integra-
tive framework, Eur. J. Inf. Syst. 10 (2001) 216–226.

[3] R.N. Anthony, Planning and Control Systems: A Framework for Analysis, Harvard
University Press, Boston, 1965.

[4] R.N. Anthony, J. Dearden, Management Control Systems: Text and Cases, third ed.
Richard D. Irwin Inc., Homewood, Il, 1976 (First published 1962.).

[5] T. Ariyachandra, H. Watson, Key organizational factors in data warehouse architec-
ture selection, Decis. Support Syst. 49 (2012) 200–2012.

[6] D. Arnott, Decision support systems evolution: framework, case study and research
agenda, Eur. J. Inf. Syst. 13 (4) (2004) 247–259.

[7] D. Arnott, G. Pervan, A critical analysis of decision support systems research
revisited: the rise of design science, J. Inf. Technol. 29 (2014) 269–293.

[8] A. Audzeyeva, R. Hudson, How to get the most from a business intelligence applica-
tion during the post implementation phase? Deep structure transformation at a UK
retail bank, Eur. J. Inf. Syst. 25 (2016) 29–46.

[9] M. Bazerman, D. Moore, Judgment in Managerial Decision Making, eighth ed. John
Wiley & Sons, Hoboken, NJ, 2013.

[11] T.A. Carte, A.B. Schwarzkopf, T.M. Shaft, R.W. Zmud, Advanced business intelligence
at Cardinal Health, MIS Q. Exec. 4 (4) (2005) 413–424.

[12] A.L. Cavaye, Case study research: a multi-faceted research approach for IS, Inf. Syst. J.
6 (3) (1996) 227–242.

[13] V. Choudhury, J.L. Sampler, Information specificity and environmental scanning: an
economic perspective, MIS Q. 21 (1) (1997) 25–53.

[14] R.M. Church, The effective use of secondary data, Learn. Motiv. 33 (2001) 32–45.
[15] T.D. Clark Jr., M.C. Jones, C.P. Armstrong, The dynamic structure of management sup-

port systems: theory development, research focus, and direction, MIS Q. 31 (3)
(2007) 579–615.

[16] T.K. Das, B.-S. Teng, Cognitive biases and strategic decision processes: an integrative
perspective, J. Manag. Stud. 36 (6) (1999) 757–778.

[17] T.H. Davenport, Competing on analytics, Harv. Bus. Rev. 84 (1) (2006) 98–107.
[18] R.M. Davison, M.G. Martinsons, Context is king! Considering particularism in re-

search design and reporting, J. Inf. Technol. 31 (3) (2015) 241–249.
[19] A.R. Dennis, B.H. Wixom, R.J. Vandenberg, Understanding fit and appropriation ef-

fects in group support systems via meta-analysis, MIS Q. 25 (2) (2001) 167–193.
[20] A. Dijksterhuis, M.W. Bos, L.F. Nordgren, R.B. van Baaren, On making the right

choice: the deliberation-without-attention effect, Science 311 (2006) 1005–1007.
[23] K.M. Eisenhardt, Building theories from case study research, Acad. Manag. Rev. 14

(4) (1989) 532–550.
[24] J.StB.T. Evans, In two minds: dual-process accounts of reasoning, Trends Cogn. Sci. 7

(10) (2003) 454–459.
[25] J.StB.T. Evans, Dual-processing accounts of reasoning, judgment, and social cogni-

tion, Ann. Rev. Psychol. 59 (2008) 255–278.
[26] Gartner, Gartner Predicts Business Intelligence and Analytics will Remain top Focus

for CIOs Through 2017, Gartner Newsroom, 2013 Retrieved February 18, 2014 from
http://www.gartner.com/newsroom/id/2637615.

[27] J. Goodwin, Can we re-use qualitative data via secondary analysis? Notes on some
terminological and substantive issues, in: J. Goodwin (Ed.), SAGE Secondary Data
Analysis, Vol. 3, SAGE Publications, London 2010, pp. 107–118.

[28] G.A. Gorry, M.S. Scott Morton, A framework for management information systems,
Sloan Manag. Rev. 13 (1) (1971) 55–70.

[29] S. Gregor, The nature of theory in information systems, MIS Q. 30 (3) (2006)
611–642.

[30] T. Hatch, F. Buytendijk, CIO Challenges: The Best Defense is a Good Offense (Oracle
White Paper), Oracle Corporation, Redwood Shores, CA, 2010.

[31] J. Heaton, Reworking Qualitative Data, SAGE Publications, London, 2004.
[32] W. Hong, F.K. Chan, J.Y. Thong, L.C. Chasalow, G. Dhillon, A framework and guide-

lines for context-specific theorizing in information systems research, Inf. Syst. Res.
25 (1) (2013) 111–136.

[33] IBM, The Essential CIO: Insights From the Global Chief Information Officer Study,
IBM Global Business Services, Somers, NY, 2011.

[35] O. Isik, M.C. Jones, A. Sidorova, Business intelligence success: the roles of BI capabil-
ities and decision environments, Inf. Manag. 50 (2013) 13–23.

[36] D. Kahneman, Thinking Fast and Slow, Farrar, Straus and Giroux, New York, 2011.
[37] D. Kahneman, S. Frederick, Representativeness revisited: Attribute substitution in

intuitive judgment, in: T. Gilovich, D. Griffin, D. Kahneman (Eds.), Heuristics and
Biases: The Psychology of Intuitive Judgment, Cambridge University Press, New
York 2002, pp. 49–81.

[38] L. Kappelman, E. McLean, V. Johnson, R. Torres, The 2015 SIM IT issues and trends
study, MIS Q. Exec. 15 (1) (2016) 55–83.

[39] U. Kayande, A. De Bruyn, G.L. Lilien, A. Rangaswamy, G.H. Van Bruggen, How incor-
porating feedback mechanisms in a DSS affects DSS evaluations, Inf. Syst. Res. 20 (4)
(2009) 527–546.

[40] P.G.W. Keen, Adaptive design for decision support systems, Database Adv. Inf. Syst.
12 (1/2) (1980) 15–25.

[41] P.G.W. Keen, M.S. Scott Morton, Decision Support Systems: An Organizational Per-
spective, Addison-Wesley, Reading, MA, 1978.

http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0005
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0005
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0010
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0010
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0015
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0015
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0020
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0020
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0025
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0025
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0030
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0030
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0035
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0035
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0040
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0040
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0040
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0045
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0045
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0055
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0055
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0060
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0060
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0065
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0065
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0070
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0075
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0075
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0075
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0080
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0080
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0085
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0090
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0090
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0095
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0095
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0100
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0100
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0115
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0115
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0120
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0120
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0125
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0125
http://www.gartner.com/newsroom/id/2637615
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0135
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0135
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0135
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0140
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0140
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0145
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0145
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0150
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0150
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0155
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0160
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0160
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0160
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0165
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0165
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0175
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0175
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0180
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0185
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0185
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0185
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0185
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0190
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0190
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0195
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0195
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0195
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0200
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0200
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0205
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0205


68 D. Arnott et al. / Decision Support Systems 97 (2017) 58–68
[42] D.V. Kerr, Houghton, K. Burgess, Power relationships that lead to the development of
feral systems, Aust. J. Inf. Syst. 14 (2) (2007) 141–152.

[43] W. King, J. He, A meta-analysis of the technology acceptance model, Inf. Manag. 43
(6) (2006) 740–755.

[44] P.J. Kirs, G.L. Sanders, R.P. Cerveny, D. Robey, An experimental validation of the
Gorry and Scott Morton framework, MIS Q. 13 (2) (1989) 183–197.

[45] G. Klein, R. Calderwood, A. Clinton-Cirocco, Rapid decision making on the fire
ground: the original study plus a postscript, J. Cogn. Eng. Decis. Mak. 4 (3) (2010)
186–209.

[46] R. Kohli, S. Devaraj, Measuring information technology payoff: a meta-analysis of
structural variables in firm-level empirical research, Inf. Syst. Res. 14 (2) (2003)
127–145.

[47] K. Langfield-Smith,Management control systems and strategy: a critical review, Acc.
Organ. Soc. 22 (2) (1997) 207–232.

[48] Y. Lee, S. Madnick, R. Wang, F. Wang, H. Zhang, A cubic framework for the chief data
officer (CDO): succeeding in a world of big data, MIS Q. Exec. (2014) 1–17.

[49] R. Lipschitz, O. Bar-Ilan, How problems are solved: reconsidering the phase theorem,
Organ. Behav. Human Decis. Process. 65 (1) (1996) 48–60.

[50] H.C. Lucas Jr., K.W. Clowes, R.B. Kaplan, Frameworks for information systems, Infor
12 (3) (1974) 245–260.

[51] M.L. Markus, A.Majchrzak, L. Gasser, A design theory for systems that support emer-
gent knowledge processes, MIS Q. 26 (2) (2002) 179–212.

[52] J.R. Marsden, D.E. Pringy, Theory of decision support systems portfolio evaluation,
Decis. Support Syst. 9 (1993) 183–199.

[53] A. McAfee, E. Brynjolfsson, Big data. The management revolution, Harv. Bus. Rev. 90
(10) (2012) 61–67.

[54] McKinsey, A Rising Role for IT: McKinsey Global Survey Results, McKinsey & Compa-
ny, 2011 (mckinseyqualerterly.com).

[55] R. Meredith, S. Remington, P. O'Donnell, N. Sharma, Organizational transformation
through business intelligence: theory, the vendor perspective and a research agen-
da, J. Decis. Syst. 21 (3) (2012) 187–201.

[56] M.B. Miles, A.M. Huberman, J. Saldana, Qualitative Data Analysis: A Methods Source-
book, third ed. Sage Publications, Thousand Oaks, CA, 2014.

[57] S. Negash, Business intelligence, Commun. Assoc. Inf. Syst. 13 (2004) 177–195.
[58] D.J. Power, Data science: supporting decision making, J. Decis. Syst. 25 (4) (2016)

345–356.
[59] Reyna, How people make decisions that involve risk: a dual-processes approach,

Curr. Dir. Psychol. Sci. 13 (2) (2004) 60–66.
[60] M. Rosemann, I. Vessey, Toward improving the relevance of information systems re-

search to practice: the role of applicability checks, MIS Q. 32 (1) (2008) 1–22.
[61] J. Saldana, The Coding Manual for Qualitative Researchers, second ed. Sage Publica-

tions, Thousand Oaks, CA, 2013.
[62] A. Schwarz, M. Metha, N. Johnson, W.W. Chin, Understanding frameworks and re-

views: a commentary to assist us in moving our field forward by analyzing our
past, Database Adv. Inf. Syst. 38 (3) (2007) 29–50.

[63] H. Shah, A. Eardley, T. Wood-Harper, ALTAR: achieving learning through action, Eur.
J. Inf. Syst. 16 (2007) 761–770.

[65] S. Shang, P.B. Seddon, Assessing and managing the benefits of enterprise systems:
the business manager's perspective, Inf. Syst. J. 12 (4) (2002) 271–299.

[66] M. Silic, A. Black, Shadow IT— a view from behind the curtain, Comput. Secur. 45 (2)
(2014) 274–283.

[67] H.A. Simon, The New Science of Management Decision, Harper & Row, New York,
1960.
[68] H.A. Simon, Administrative Behavior, fourth ed. The Free Press, New York, NY, 1997
(First published 1945.).

[69] S.K. Singh, H.J. Watson, R.T. Watson, EIS support for the strategic management pro-
cess, Decis. Support Syst. 33 (1) (2002) 71–85.

[70] R.H. Sprague Jr., A framework for the development of decision support systems, MIS
Q. 4 (4) (1980) 1–26.

[71] K.E. Stanovich, R.F. West, Individual differences in reasoning: implications for the ra-
tionality debate, Behav. Brain Sci. 23 (5) (2000) 645–665.

[72] R.I. Sutton, B.M. Staw, What theory is not, Adm. Sci. Q. 40 (1995) 371–384.
[73] R.H. Thaler, C.R. Sunstein, Nudge: Improving Decisions about Health, Wealth, and

Happiness, rev. ed. Penguin Books, London, 2009.
[74] K.H. Trzesniewski, M.B. Donnellan, R.E. Lucas (Eds.), Secondary Data Analysis: An In-

troduction for Psychologists, APA, Washington, D.C., 2011
[75] H.J. Watson, C. Fuller, T. Ariyachandra, Data warehouse governance: best practices at

blue cross and blue shield of North Carolina, Decis. Support Syst. 38 (2004)
435–450.

[76] R. Weber, Evaluating and developing theories in the information systems discipline,
J. Assoc. Inf. Syst. 13 (1) (2012) 1–30.

[77] K.E. Weick, What theory is not, theorizing is, Adm. Sci. Q. 40 (1995) 385–390.
[78] P. Weill, Don't just lead, govern: how top-performing firms govern IT, MIS Q. Exec. 3

(1) (2004) 1–17.
[79] B. Wixom, H. Watson, The BI-based organization, Int. J. Bus. Intell. Res. 1 (1) (2010)

13–28.
[80] A.G. Woodside, E.J. Wilson, Case study research methods for theory building, J. Bus.

Ind. Mark. 18 (6/7) (2003) 493–508.
[81] S. Wright, A.M. Wright, Information system assurance for enterprise resource plan-

ning systems: unique risk considerations, J. Inf. Syst. 16 (s1) (2002) 99–113.
[82] R.K. Yin, Case Study Research: Design and Methods, fifth ed. Sage Publications,

Thousand Oaks, CA, 2014.

David Arnott is Emeritus Professor of Information Technology atMonash University,Mel-
bourne, Australia. His research areas are behavioral economics, personal decision support
systems, and business intelligence. He is the author ofmany papers in thedecision support
area, including papers in the European Journal of Information Systems, Information Systems
Journal, Journal of the Association of Information Systems, Decision Support Systems, and the
Journal of Information Technology. A pioneer in management support education, he first
taught graduate courses in the area in 1980. He is a Fellow of the Australian Computer So-
ciety and a Senior Editor for the journal Decision Support Systems.

Felix Lizama is an Academic of the Faculty of Economics and Business at the Universidad
de Chile. He has a Bachelor degree in Business Administration and an MBA from the
Universidad de Chile. Currently he is PhD candidate at Monash University, Australia. His
research interests include: business intelligence use patterns, business intelligence effec-
tiveness, and business intelligence development methodologies. He has designed and im-
plemented several business intelligence and information systems in various companies
and universities.

Yutong Song is currently a doctoral student and teaching associate at Monash University,
Australia. She graduated with a first class honors in the Master of Business Information
Systems from the same university in 2012. Her research interests are the development
and use of business intelligence systems and the cross-cultural use of IT.

http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0210
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0210
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0215
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0215
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0220
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0220
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0225
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0225
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0225
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0230
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0230
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0230
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0235
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0235
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0240
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0240
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0245
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0245
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0250
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0250
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0255
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0255
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0260
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0260
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0265
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0265
http://mckinseyqualerterly.com
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0275
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0275
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0275
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0280
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0280
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0285
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0290
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0290
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0295
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0295
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0300
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0300
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0305
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0305
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0310
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0310
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0310
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0315
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0315
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0325
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0325
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0330
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0330
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0335
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0335
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0340
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0340
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0345
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0345
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0350
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0350
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0355
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0355
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0360
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0365
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0365
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0370
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0370
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0375
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0375
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0375
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0380
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0380
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0385
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0390
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0390
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0395
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0395
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0400
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0400
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0405
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0405
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0410
http://refhub.elsevier.com/S0167-9236(17)30045-3/rf0410

	Patterns of business intelligence systems use in organizations
	1. Introduction
	2. Theory background
	2.1. The Gorry and Scott Morton framework for decision support systems
	2.2. The dual process theory of decision cognition
	2.3. A note on DSS theory transfer and frameworks

	3. Research design
	3.1. Secondary qualitative analysis
	3.2. General case research design

	4. An intensive exploration of eight BI systems
	4.1. BI case overviews
	4.2. Cross case analysis
	4.2.1. General patterns of BI systems use
	4.2.2. Management decision making and BI systems use


	5. A framework for the use of BI in organizations
	5.1. Use patterns from the BI system case studies
	5.2. A general framework for BI-based decision support

	6. Concluding comments
	References


