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The information systems (IS) literature has long emphasized the positive impact of information provided by
business intelligence systems (BIS) on decision-making, particularly when organizations operate in highly com-
petitive environments. Evaluating the effectiveness of BIS is vital to our understanding of the value and efficacy of
management actions and investments. Yet, while IS success has beenwell-researched, our understanding of how
BIS dimensions are interrelated and how they affect BIS use is limited. In response, we conduct a quantitative
survey-based study to examine the relationships between maturity, information quality, analytical decision-
making culture, and the use of information for decision-making as significant elements of the success of BIS.
Statistical analysis of data collected from 181 medium and large organizations is combined with the use of
descriptive statistics and structural equation modeling. Empirical results link BIS maturity to two segments of
information quality, namely content and access quality. We therefore propose a model that contributes to under-
standing of the interrelationships between BIS success dimensions. Specifically, we find that BIS maturity has a
stronger impact on information access quality. In addition, only information content quality is relevant for the use
of information while the impact of the information access quality is non-significant. We find that an analytical
decision-making culture necessarily improves the use of information but it may suppress the direct impact of the
quality of the information content.

Crown Copyright © 2012 Published by Elsevier B.V. All rights reserved.
1. Introduction

Evidently the most important research questions in the field of infor-
mation technology (IT)/information systems (IS) in general involvemea-
suring their business value [54], their success and identifying critical
success factors [23]. In a decision-support context, business intelligence
systems (BIS) have emerged as a technological solution offering data in-
tegration and analytical capabilities to provide stakeholders at various or-
ganizational levels with valuable information for their decision-making
[76]. In contrast with operational systems, assessing the success of BIS
is usually problematic since BIS are as rule enterprise-wide systems
wheremost benefits are long-term, indirect and difficult tomeasure [69].

The term business intelligence (BI) can refer to various computer-
ized methods and processes of turning data into information and then
into knowledge [51], which is eventually used to enhance organization-
al decision-making [82]. We distinguish the terms BI and BIS and com-
prehend BIS (or the business intelligence environment [28]) as quality
information in well-designed data stores, coupled with business-friendly
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software tools that provide knowledge workers timely access, effective
analysis and intuitive presentation of the right information, enabling them
to take the right actions or make the right decisions. We further under-
stand BI as the ability of an organization or business to reason, plan, pre-
dict, solve problems, think abstractly, comprehend, innovate and learn in
ways that increase organizational knowledge, inform decision processes,
enable effective actions, and help to establish and achieve business goals
[80]. Accordingly, processes, technologies, tools, applications, data, da-
tabases, dashboards, scorecards and OLAP are all claimed to play a role
in enabling the abilities that define BI [80]; however, they are only the
means to BI — not the intelligence itself.

Much research has been done in the area of assessing IS success [8]
with the McLean & DeLone multidimensional IS Success Model [22,23]
being one of the most often used, cited and even criticized works.
Categories such as desired characteristics of the IS which produces the
information (i.e. system quality), the information product for desired
characteristics (i.e. IQ), and the recipients' consumption of the informa-
tion products (i.e. information use) have been referred to as common IS
success dimensions [22]. The model emphasizes the understanding of
the connections between the different dimensions of IS success. While
value (“net benefits” in the McLean & DeLone success model) is the
final success variable, use of the system is fundamental for certain “net
benefits” to occur.
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Fig. 1. The BIS success model.
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While considerable evidence demonstrates the importance of BI and
BIS for organizations, Wixom and Watson suggest the benefits of BIS
have not been adequately researched and thus need further attention
[84]. Ranjan [65] qualitatively explored the business justifications and
requirements for incorporating BI in organizations. Elbashir et al. [27]
researched the performance effects of BIS use at the business process
and organizational levels. Asserting that the implementation of a BIS
is a complex undertaking requiring considerable resources, Yeoh et al.
[85] proposed a CSF framework consisting of factors and associated con-
textual elements crucial for BIS implementation. However, no study has
provided an in-depth analysis of BIS success. Consequently, our study's
main objective is to provide a comprehensive understanding of the in-
terrelationships between BIS success dimensions, focusing on the vari-
ables affecting BIS use.

Different types of IS require specific success models [60] and users
prefer different success measures depending on the type of system
being evaluated, therefore we adapted the general IS success model to
reflect the specifics of BIS. We pay special attention to: a) information
quality (IQ); b) the use of information in business processes; and
c) the factors affecting the level of use of information, provided by BIS,
in business processes and thus the creation of business value. Although
IQ is believed to be one of themost important characteristics that deter-
mine the degree towhich available information is used in organizations,
research offers mixed support for the relationship between IQ and its
use [60]. IQ generally deals with two main aspects, namely the content
of information and its accessibility [29] with different means of BIS im-
pact on the two and with different sets of quality problems that poten-
tially impact information use. Although some of these differences are
implicitly recognized in previous IS studies [83], some of the IQ access
characteristics have been attributed to antecedents of system quality
and the relevance is often not explicitly considered as an IQ dimension.
Based on the classification about IS effectiveness provided by Seddon et
al. [70], the proposed adaption of the McLean & DeLone IS success
model is derived from themanagers'/owners' aspect, aiming to provide
value for the organization and it focuses on a type of IT or IT application,
in this case on a BIS.

This study thus brings novel insights regarding the success of BIS and
consequently identifies critical success factors of BIS implementation
projects through considering specifics of BIS and the inclusion of different
segments of IQ and an analytical decision-making culture in the model.
We believe that this work contributes to understanding of the interrela-
tionships betweenBIS success dimensions. From the aspect of IT develop-
ment and BIS development, it can be expected that evaluation of such a
model and interrelationships between its dimensions enables the under-
standing of problems and key success factors in implementation.

The structure of the paper is as follows. In the next section, the general
IS successmodel is adapted to reflect the specifics of BIS that justify a sep-
arate studyonBIS. The researchmodel is then conceptualized. The second
part of the paper presents the research design, methodology, and results.
Finally, the results are discussed, including the implications for BIS theory
and practice, while further possible research directions are outlined.

2. The business intelligence systems success dimensions

It is apparent that successful organizations do not focus solely on the
speed andways information is transmitted, and the amount of informa-
tion they can process, but mostly on capturing the value of information
along the information value chain [35]. A BIS, in its own right, adds
value primarily at the beginning of the information value chain where,
depending on the implemented technologies, it collects and structures
the data transforming it into information.

The implementation of BIS can contribute to improved IQ in many
ways, such as: faster access to information, easier querying and analysis,
a higher level of interactivity, improved data consistency due to data
integration processes and other related data management activities
(e.g. data cleansing, unification of definitions of key business terms,
master datamanagement). The term IQ encompasses traditional indica-
tors of data quality, information relevance, and features related to infor-
mation access [62]. To understand and analyze the benefits of BIS it is
necessary to understand IQ as a broad concept which embraces all of
the abovementioned aspects. We expect that addressing the content
of information and its accessibility separately can provide better in-
sights into the relationships between IQ and other dimensions of the
BIS success model.

Nevertheless, the information that is thereby provided can only be
viewed as potentially valuable. If organizations want such information
to contribute to their success it must be used within business processes
to improve decision-making, process execution or ultimately to fulfill
consumer needs [62]. While the need for process orientation is widely
recognized in approaches to operational IS development [44], BIS are
still mostly understood as data-oriented systems as managerial tasks
are less frequently organized by means of well-defined processes [5].
Many approaches do not allow us to associate data with processes [5],
yet not relying on business process orientation can lead to BIS deficien-
cies as the operational process provides the context for data analysis
and the interpretation of the analyses' results [5]. For example, in an en-
terprise where end-to-end operational business processes are not fully
understood and managed, data integration is muchmore difficult if not
impossible, and understanding of information needs for BIS is impeded.
Understanding of business processes is required in order to find out the
relevant indicators [36]. All of this has an impact on all dimensions of
BIS success. A lower understanding of business processes, supporting
IS, legacy systems, and even hardware infrastructure will be reflected
in lower BIS maturity, IQ and, consequently, information use.

Although the improved IQ impacts the level of information use, limits
may be expected on the quantity of information an organization can
absorb [14] and the related dominant impact of organizational culture
on decision-making [57], specifically the attitude to the use of informa-
tion in decision-making processes. Therefore,we expect that particularly
the analytical decision-making culture will affect how much organiza-
tions use quality information provided by BIS in their business processes
(Fig. 1).

The analyzed BIS success model reflects some specifics of BIS com-
pared to operational information systems. In contrast to operational
systems, which focus on the fast and efficient processing of transactions,
BIS provides quick access to information for analysis and reporting.
They primarily support analytical decision-making [43] and are thus
used in knowledge-intensive activities. Due to a more difficult process
of identifying information needs as a result of less structured processes
in knowledge-intensive activities, the BIS environment faces most chal-
lenges in assuring information content quality. It is thus useful to separate
the two previously identified aspects of IQ when researching BIS success.
Moreover, the use of BIS is in most cases optional. Researchers have pre-
viously identified the importance of voluntariness (vs. mandatory use)
when studying IS usage behavior [78].We can therefore expect a stronger
impact of IQ and analytical culture on BIS's acceptance, use and conse-
quently its success. Due to the use of BIS especially on strategic and
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tactical level of decision-makingwe can expect a greater role of data inte-
gration on IQ – especially information content quality – and consequently
onuse of information. Research into BIS success can partially rely on stud-
ies of enterprise IS or decision support systems, although older decision
support systems and executive IS were application-oriented, whereas
BIS are data-oriented, centered around data warehousing they provide
the analytical tools required to integrate and analyze organizational
data [33]. Table 1 summarizes the typical differences between operational
IS and BIS. These specifics of BIS have an impact on all dimensions of BIS
success, e.g. data integration on system quality, information relevance
problems on information quality and system use.
3. Conceptualization of the research model

3.1. The maturity of business intelligence systems

Organizations' expectations of BIS can be defined according tomaturi-
ty stages. In its simplest idea, maturity refers to the state of being fully
developed, and a maturity stage refers to a succession of changes that
affect an entity (e.g., an organization, an industry, or a society) [47].
Since quality has been characterized as compliance with expectations
[45], the assessment of BIS maturity can be considered as a measure of
BIS quality.

The successful application of BIS in an organization should use correct,
valid, integrated and in-time data, as well as themeans which will trans-
form the data into decision information [86]. Data integration is generally
recognized as one of the key factors contributing to long-term benefits of
enterprise IS [69]. Thus, organizations must tackle two important issues
when constructing their BIS architecture: 1) the integration of large
amounts of data from disparate heterogeneous sources within BIS [27];
and 2) the provision of analytical capabilities (e.g. querying, online ana-
lytical processing, reporting, data mining) for the analysis of business
data [75]. On this basis, we pose our first hypothesis:

H1. BIS maturity is determined by data integration and analytical
capabilities.
3.2. Business intelligence system maturity and information quality

Although there is no single established definition of IQ [67], there is a
common requirement that information is of high value to their users and
that it meet users' requirements and expectations [58]. In this paper IQ
refers to information characteristics and dimensions to meet or exceed the
expectations, requirements or needs of the knowledge worker [67].
Table 1
Typical differences between operational IS and BIS.

Operational IS BIS

Structuredness of
processes in
which IS are used

Higher Lower

Context for identifying
information needs

Processes Processes, performance
management

Methods for identifying
information needs

Well established Less established

Data sources employed Mostly from within
the process

Additional data
sources required

Level of voluntariness
of use

Lower Higher

Focus of IS Application- and
process-oriented

Data- and process-oriented

Main problems of
information quality

Sound data and
data access quality

Relevance

IS integration level Process Enterprise
Level of required
reliability of IS

Higher Lower
Thefield of IQ evaluation has been extensively researched and several
criteria for assessing IQ have been presented (see [29,64]). IQ is some-
times referred to as richness [1], although this concept is narrower and
chiefly relates to the information access quality: bandwidth, customiza-
tion capabilities, and interactivity. For the purpose of this study we
adopted Eppler's IQ framework [29] since it provides one of the broadest
and most complete analyses of IQ criteria. His review of 20 selected IQ
frameworks suggests that most frameworks are often domain-specific
and rarely analyze interdependencies between the IQ criteria. Next,
these frameworks do not take specifics of information in knowledge-
intensive processes into account. BIS, by definition, support analytical
decision-making and thus knowledge-intensive decision processes.

The outcome of Eppler's research is a framework of 16 criteria provid-
ing four views on IQ (relevant information, sound information, optimized
process, and reliable infrastructure). The first two views, relevance and
soundness, relate to actual information itself and hence the term content
quality. The remaining views, process and infrastructure, relate towheth-
er the delivery process and infrastructure are of adequate quality and
hence the termmedia quality, which stresses the channel bywhich infor-
mation is accessed [29]. In thisworkweuse the terms information content
quality and information access quality. A similar broader understanding of
IQ can be found in [69] where both IQ views are discussed (timely, accu-
rate, relevant information), although they are labeled using a narrower
term of ‘access to information’.

The IS literature has long emphasized the positive impact of an IS in-
vestment on the resulting IQ [83]. In terms of BIS investments, Hannula
and Pirttimäki [37] argue that the key benefit provided by a BIS is better
IQ for decision-making; more specifically, an increase in system quality
will cause IQ to increase. Organizations that made commitments to
effectively evolve their BIS to higher levels of maturity tended to do so
by implementing advanced analytics and assuring data integration
across the organization [18], which in turn leads to improved informa-
tion content quality, and by implementing technology for information
access and information sharing [12],which in turn leads to improved in-
formation access quality. However, there are different mechanisms for
increasing information content and information access quality through
higher levels of BIS maturity [29], which therefore call to be researched
separately.

A review of themanagement, IQ, and IT/IS literature on the effects of
BIS on information access reveals the greater efficiency of knowledge
workers [53], enhanced analytical capabilities [27], and improved time-
liness of the input to the decision-making process [85] as information
access quality features were valued the most by knowledge workers
when using BIS.

Despite wide recognition that technology mainly influences informa-
tion access quality [29], with limited possibilities of influencing informa-
tion content quality, it is believed that through improved interactivity
(access quality) knowledge workers do not have information merely de-
livered but are able to explore it and acquire more relevant information
(content quality) [62]. Exploring the usefulness of the business informa-
tion produced by a BIS, Cartwright et al. [6] found that information con-
tent quality was the attribute respondents valued the most. Moreover, a
BIS can influence information content quality through a loopback:
through a better insight into data it allows a perception of errors during
data collection, and consecutively improves data quality control during
data collection.

Separating information content quality from information access
quality is also important as studies [19,29,73] have long recognized that
the most significant problems of providing quality information for
knowledge-intensive activities relate to information content. Therefore,
it is fair to expect that the separate addressing of the two IQ dimensions
and a comprehensive view of IQ will contribute to understanding the
relationship between IQ and the use of information. We therefore posit:

H2a. The greater the BIS maturity, the more positive the impact on in-
formation content quality.
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H2b. The greater the BIS maturity, the more positive the impact on in-
formation access quality.

H2c. BIS maturity has different positive impacts on information content
quality and information access quality.
3.3. The use of information provided by BIS in business processes

It is widely recognized that information plays a crucial role in the
success or failure of organizations [12]. However, the information ac-
quired by decision-makers will bear little impact on an organization's
ultimate performance if it is not actually put to use in the making of
decisions.

Use of information has been defined as “the application of acquired
and transmitted information to organizational decision-making” [49]. It
is not surprising that use of information provided by IS has also been
recognized as one of the most important measures for IS success with
many studies researching its various aspects, such as the motivation
to use [24], frequency of use [39], intensity of use [77] and the number
of features of the decision support systemused as surrogatemeasures of
the success of a decision support system [25].

However, it has been recognized that reach, i.e. the number of the
system's users [30], is by itself insufficient; researchers must also
consider the nature, extent, quality and appropriateness of use
[22,23]. Use of the available quality information can assist organiza-
tions when managing business processes [2], managing entire sup-
ply chains [75], and making decisions [12,79]. It has been found
that the effective use of quality information is positively related to
process management [87] and, similarly, process optimization has
been identified as one of the key benefits of enterprise systems
[69]. The intended goal of embedding analytical information and/or
analysis capabilities in the context of business processes is to support
and improve process execution [4].

While previous studies mainly suggest a positive relationship be-
tween IQ and information use [12,60] we are interested in particular
into the relationship of proposed segments of IQ and the use of infor-
mation. System's output quality, defined as the degree to which the
task that the system is capable to match peoples' job goals, indirectly
influences intention to use the system via perceived usefulness [78].
In the context of BIS, the output quality refers to information rele-
vance, i.e. information content quality. Jeong et al. [42] emphasize
perceived usefulness and perceived accessibility – two attributes of
IQ – as antecedent variables of information use. While perceived use-
fulness mostly reflects information content quality measures, Larcker
and Lessig [46] indicate that information will be used if it was per-
ceived as being sufficiently important (relevant, informative, mean-
ingful, helpful or significant) and usable (of unambiguous, clear, or
readable format) for users' decision-making process. On the other
hand, the challenge is also to implement systems that not only meet
users' needs for information [42], but also provide accessible informa-
tion. Culnan [16], for example, suggests that perceived accessibility of
information (reflected through ease of access to information source,
its availability, and convenience of information provision) influences
the extent of users' use of information. Integrating these arguments,
we put forward hypotheses H3a and H3b:

H3a. Information content quality has a positive impact on the use of
information.

H3b. Information access quality has a positive impact on the use of in-
formation.

Even though researchers asserted the importance of information
accessibility for information use [20], Jeong et al. [42] argue that in-
formation content attributes are becoming determinants to the use
of information. We therefore expect that the two segments of IQ
affect the use of information differently and included this expectation
in the form of hypothesis H3c:

H3c. Information content quality and information access quality have
different positive impacts on the use of information, with the quality
of information content impact being stronger.

3.4. Analytical decision-making culture and its impact on the use of
information

Although organizations implement decision support systems in
order to improve the delivery of information to decision-makers
and to support their decision-making activities, the anticipated bene-
fits are not always realized [71], especially if organizations neglect
factors affecting how the information these systems provide is used.
For effective information use organizations must excel not only in
deploying IT, information management practices, information shar-
ing, and information integrity practices, which together will result
in a high level of IQ [52]. They must also combine those capabilities
by establishing proactive use of an information environment in
which decision-making is based on rationality, i.e. on the comprehen-
sive analysis of information. Knowledge workers with analytical deci-
sion styles will adopt and use the enterprise's IS and their information
to a greater extent than knowledge workers with conceptual decision
styles. Hence, an analytical decision-making culture can help with
overcoming the well-known trade-off between reach and richness;
a larger number of knowledge workers will use more complex BISs
and more comprehensive information. Thus, when studying the rela-
tionship between IQ and use of information as two dimensions of BIS
success, the attitude to the use of information in decision-making
processes must be taken into account.

Decision-making models are characterized by the use of resources,
mainly information, and specific criteria [56]. The rational or classical
decision-making model is based on quantitative disciplines with one of
the main characteristics being the comprehensiveness of the analysis,
while on the other side of the spectrum the non-rational model assumes
thatmost information is not actually used in decision-making [41]. Clear-
ly, there are several levels between the two extremes, sometimes called
the boundedly rational model [41] or the organizational model [56].

The results of several studies reveal several factors that impact the
extent of rationality and consequently the use of information in
decision-making processes, e.g. junior managers with limited years of
service are less likely to use a rational process [56], the strategic
decision-making process in large and medium organizations seems to
be more rational than in smaller sized organizations [56], established
practices of monitoring an organization's performance will make the
task of analysis easier [41].

Knowledgeworkers' choice of using information is therefore likely to
be affected by the decision-making style and the decision-making cul-
ture in the organization: of whether a decision-making process exists
and is understood [21,32], of whether organizations consider the avail-
able information regardless of the type of decision to be taken [21]
and tend to use such information for each decision process [58,69].

While we expect that BISmaturity positively affects IQ and the latter
positively impacts information use as previously hypothesized, this
study further aims to provide a better understanding of how an analyt-
ical decision-making culture boosts the absorptive capacity of the qual-
ity information provided by BIS. More precisely, we investigate the
interaction effect of an analytical decision-making culture on the rela-
tionship between IQ and the use of information in business processes.
We expect analytical decision-making culture to positively influence
the use of the quality information provided by BIS in business processes
and we thus pose the following two hypotheses:

H4a. The higher the level of analytical decision-making culture in an
organization, the stronger the relationship between information content
quality and the use of information in business processes.
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H4b. The higher the level of analytical decision-making culture in an or-
ganization, the stronger the relationship between information access
quality and the use of information in business processes.

4. Research design and methodology

4.1. Research instrument

To ensure content validity we developed our questionnaire by build-
ing on the previous theoretical basis. To assure face validity pre-testing
[15] was conducted using a focus group involving academics from the
field and semi-structured interviews with selected participants who
were not included in the subsequent research. We used a structured
questionnaire with a combination of a seven-point Likert scale and
seven-point semantic differentials [13]. The participantswere given intro-
duction letters which explained the aims and procedures of the study.

4.2. Measures

Measurement items were developed based on the literature review
and supported by expert opinions. All constructs in the proposedmodel
are based on reflective multi-item scales.

Based on the reviewed BI and BISmaturity models [38] wemodeled
BIS maturity, a measure of BIS quality, as a second-order construct
formed by two first-order factors: Data integration and Analytical capa-
bilities. With theData integration construct wemeasure the level of data
integration for analytical decisions within organizations through two
indicators [48]: i) how the available data are integrated; and ii)whether
the data from different data sources aremutually consistent.Within the
Analytical capabilities construct we look at a different analysis enabled
by a BIS. Although the BIS literature refers to many kinds of analytical
capabilities, we selected those indicators most used previously: paper
reports, ad-hoc reports, OLAP, data mining, to dashboards, KPIs, and
alerts [18,82].

To measure IQ we adopted previously researched and validated indi-
cators provided by the most comprehensive IQ framework found in the
literature, i.e. Eppler's framework, which explicitly separates the two as-
pects Information content quality and Information access quality. Out of the
16 IQ criteria from Eppler's framework we included 11 of them into two
constructs of our research instrument. While we are interested in the
quality of available information for decision-making itself we left out
those information access quality criteria measuring the infrastructure
(e.g. its accessibility, security, maintainability, speed of performance) on
which the content management process runs and through which infor-
mation is provided since these criteria relate to technological characteris-
tics of BIS that we are researching through the BIS maturity construct.

Through indicators measuring the Use of information in business pro-
cessesweassessed: a) how the available information is used formanaging
business processes [2]; b) how the information is used for decision-
making in organizations' business processes [11]; and c) which benefits
organizations achieve by managing their information [17].

Tomeasure Analytical decision-making culturewe relied on organiza-
tional decision-making characteristics of whether a decision-making
process exists and is understood [21,32], of whether organizations con-
sider the available information regardless of the type of decision to be
taken [21] and tend to use such information for each decision process
[58]. Table 2 provides a detailed list of the indicators used in the mea-
surement model.

4.3. Data collection

The data were collected through a survey of 1329 medium- and
large-size business organizations conducted in an EU country, namely
Slovenia. Organizations were selected from the official database pub-
lished by the Agency for Public Legal Records and Related Services
(AJPES). AJPES is the primary source of official public and other informa-
tion on business entities and their subsidiaries which perform profitable
or non-profitable activities. Questionnaires were addressed to CIOs and
senior managers estimated as having adequate knowledge of BIS and
the quality of available information for decision-making. A total of 149
managers responded while, at the same time, 27 questionnaires were
returned to the researchers with ‘return to sender’ messages, indicating
that the addresses were no longer valid or the companies had ceased to
exist. Subsequently, follow up surveys were sent out, resulting in an
additional 32 responses. We followed the approach of Prajogo and
McDermott [63] and discounted the number of ‘return to sender’ mails
so the final response rate was 13.6%. The structure of respondents by in-
dustry type is presented in Table 3. The distribution of the respondents is
an adequate representation of the population of Slovenian medium- and
large-sized organizations.

4.4. Development of the measurement model

Our proposed measurement model involved 31 manifest variables
loading on to 7 latent constructs: (1)Data integration; (2) Analytical capa-
bilities; (3) BIS maturity; (4) Information content quality; (5) Information
access quality; (6) Use of information in business processes; and
(7) Analytical decision-making culture. Then, the fit of the pre-specified
model was assessed to determine its construct validity. The latent con-
struct of BIS maturitywas conceptualized as a second-order construct de-
rived from Data integration and Analytical capabilities. The specification
of this as a second-order factor followed Chin's [9] suggestion by loading
the manifest variables for Data integration and Analytical capabilities
on to the BIS maturity factor. The interactions between Analytical
decision-making culture and both IQ constructs (Information content
quality and Information access quality) were modeled to create new con-
structs, having as indicators the product of the standardized indicators
relative to the constructs involved in the interaction [10].

4.5. Data analysis

Thedata analysiswas carried out using Structural EquationModeling
(SEM). Models were estimated with Partial Least Squares (PLS) that has
been widely selected as a tool in the IS/IT field [10].

PLS was chosen for two reasons for our study. First, we have a rela-
tively small sample size for our research. Second, PLS is more appropri-
ate when a research model is in an early stage of development and has
not been tested extensively [74]. Further, our data are categorical with
an unknown nonnormal frequency distribution which also favors the
use of PLS. A review of the literature suggests that empirical tests of
BIS, BIS maturity, information asymmetry, and use of information in
business processes are still rare. Hence, PLS is the appropriate technique
for our research purpose. The estimation and data manipulation were
performed using SmartPLS [66] and SPSS.

5. Results

5.1. Measurement of reliability and validity

We first examine the reliability and validity measures for the model
constructs (see Table 4). In the initial model not all the reliability and
convergent validity measures were satisfactory. The loadings of items
were tested against the value 0.7 [40] on the construct being measured.
Themanifest variables AC1, AC2, CQ6, AQ4, andUI1 hadweak (AC1 even
a negative), although significant (at the 0.1% significance level), loadings
on their respective latent constructs and were removed. Manifest vari-
ables AC3, CQ2, CQ5, AQ3, UI8, and UI9 had marginal loadings to 0.7
(0.67, 0.63, 0.64, 0.64, 0.69 and 0.66, respectively) and were retained.

Once the manifest variables that did not load satisfactorily had been
removed, themodel was rerun. In support of BIS maturity hypothesized
as a second-order construct we additionally ran the model without a



Table 2
Indicators of the measurement model.

Construct Lbl Indicator

(1 = Statement A best represents the current situa-
tion, 7 = Statement B best represents the current
situation)

Data integration DI1 Data are scattered everywhere — on the mainframe,
in databases, in spreadsheets, in flat files, in
Enterprise Resource Planning (ERP) applications. —
Statement AData are completely integrated, enabling
real-time reporting and analysis. — Statement B

DI2 Data in the sources are mutually inconsistent. —
Statement AData in the sources are mutually
consistent. — Statement B
(1 = Not existent … 7 = Very much present)

Analytical
capabilities

AC1 Paper reports
AC2 Interactive reports (Ad-hoc)
AC3 On-line analytical processing (OLAP)
AC4 Analytical applications, including Trend analysis,

“What-if” scenarios
AC5 Data mining
AC6 Dashboards, including metrics, key performance

indicators (KPI), alerts
(1 = Strongly disagree … 7 = Strongly agree)

Information content
quality

CQ1 The scope of information is adequate (neither too
much nor too little).

CQ2 The information is not precise enough and not close
enough to reality.

CQ3 The information is easily understandable by the
target group.

CQ4 The information is to the point, void of unnecessary
elements.

CQ5 The information is contradictory.
CQ6 The information is free of distortion, bias, or error.
CQ7 The information is up-to-date and not obsolete.

Information
access quality

AQ1 The provision of information corresponds to users'
needs and habits.

AQ2 The information is processed and delivered rapidly
without delay.

AQ3 The background of the information is not visible
(author, date etc.).

AQ4 Information consumers cannot interactively access
the information.
(1 = Strongly disagree … 7 = Strongly agree)

Use of information
in business
processes

The available information within our organization's
business processes …

UI1 … exposes the problematic aspects of current
business processes and makes stakeholders aware of
them.

UI2 … provides a valuable input for assessing business
processes against standards, for continuous process
improvement programs, and for business process
change projects.

UI3 … stimulates innovation in internal business
processes and external service delivery.

UI4 The information reduces uncertainty in the
decision-making process, enhances confidence and
improves operational effectiveness.

UI5 The information enables us to rapidly react to
business events and perform proactive business
planning.

UI6 We are using the information provided to make
changes to corporate strategies and plans, modify
existing KPIs and analyze newer KPIs.
Through managing the organization's information,
we are …

UI7 … adding value to the services delivered to
customers.

UI8 … reducing risks in the business.
UI9 … reducing the costs of business processes and

service delivery.
(1 = Strongly disagree … 7 = Strongly agree)

Analytical
decision-making
culture

AD1 The decision-making process is well established and
known to its stakeholders.

AD2 It is our organization's policy to incorporate available
information within any decision-making process.

AD3 We consider the information provided regardless of
the type of decision to be taken.

Table 3
Structure of respondents by industry type compared to the whole population structure.

Industry Share of
respondents (in %)

Population
share (in %)

Agriculture, hunting and
forestry

1.1 1.5

Manufacturing 46.2 50.7
Electricity, gas and water
supply

5.5 3.8

Construction 12.2 11
Wholesale and retail trade 12.3 14
Hotels and restaurants 4.4 4.1
Transport, storage and
communication

9.1 5.7

Financial intermediation 4.9 5.1
Real estate, renting and
business activities

2.4 3.1

Not given 1.9
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second-order construct. Compared to the results for this model our
second-order construct model had R2 values only marginally smaller
than those in the first-order construct model, and the indicator loadings
were very similar in both models. Further, other measures used for reli-
ability and convergent validity also tended to support our second-order
construct hypothesis.

In the final model all Cronbach's Alphas exceed the 0.7 threshold
[77]. Without exception, the latent variable composite reliabilities [81]
are higher than 0.8, and in general near 0.9, showing the high internal
consistency of indicatorsmeasuring each construct and thus confirming
construct reliability. The average variance extracted (AVE) [31] is
around or higher than 0.6, except for the BISmaturity construct, indicat-
ing that the variance captured by each latent variable is significantly
larger than the variance due to measurement error, and thus demon-
strating the convergent validity of the constructs. It was expected that
BIS maturitywould have a smaller AVE since this is a second-order con-
struct and its AVE is lower than the AVE of the two contributing con-
structs. Nevertheless, it should be noted that BIS maturity AVE is also
above the 0.5 threshold, thus supporting the existence of BIS maturity
as a second-order construct. The reliability and convergent validity of
the measurement model were also confirmed by computing standard-
ized loadings for the indicators and Bootstrap t-statistics for their signif-
icance (see Table 4). All standardized loadings exceed (or were very
marginal to) the 0.7 threshold and they were found, without exception,
to be significant at the 0.1% significance level, thus confirming the high
convergent validity of the measurement model.

To assess discriminant validity we have determined whether each
latent variable sharesmore variancewith its ownmeasurement variables
or with other constructs [9,31]. We compared the square root of the AVE
for each construct with the correlations with all other constructs in the
model (Table 5). A correlation between constructs exceeding the square
roots of their AVE indicates that they may not be sufficiently discrimina-
ble. We can observe that the square roots of AVE (shown in bold in the
main diagonal) are higher than the correlations between the constructs,
except in the situation where the square root of AVE for BIS maturity is
smaller than the correlations involving this construct and the two con-
structs contributing to it. This was expected since BIS maturity is a
second-order construct. Nevertheless, there is sufficient evidence that
Data integration and Analytical capabilities are different constructs (the
correlation between them is significantly smaller than the respective
AVEs). Additionally, we have compared individual item cross loadings
with construct correlations [34]. All construct loadings are larger than
the corresponding cross-loadings, thus reinforcing discriminant validity.
We conclude that all the constructs show evidence of acceptable validity.

We conducted two different tests in order to examine the exis-
tence of common method bias. One is Harmon's single-factor analysis
[61]. The analysis produced 4 factors with eigenvalues higher than 1.
Taken together, these factors explained 59.3% of the variance of the



Table 4
Reliability and validity measures of the research model.

Constructs Indicators Final model Estimates

Mean Mode Std. Dev. Loadings t-Values Cronbach's
Alpha

Composite
reliability

Average variance
extracted

Analytical capabilities AC3 4.27 5 1.729 0.6611 10.3521 0.7614 0.8492 0.5864
AC4 3.04 3 1.523 0.8380 33.2443
AC5 2.69 2 1.850 0.7791 20.2111
AC6 2.67 1 1.722 0.7741 19.6246

BIS maturity DI1 0.7483 19.7937 0.7913 0.8515 0.5096
DI2 0.6794 10.6746
AC3 0.6641 10.0212
AC4 0.7696 21.2654
AC5 0.6496 11.8984
AC6 0.6790 14.8742

Data integration DI1 5.04 6 1.441 0.9076 55.6216 0.7581 0.8919 0.8049
DI2 5.19 6 1.396 0.8866 29.8855

Information content quality CQ1 4.67 5 1.252 0.7859 30.6543 0.8330 0.8751 0.5413
CQ2 4.95 6 1.666 0.6314 10.0259
CQ3 5.07 5 1.239 0.7207 16.1724
CQ4 4.79 5 1.323 0.8362 30.8903
CQ5 5.73 6 1.334 0.6447 10.7001
CQ7 5.48 6 1.305 0.7730 22.4736

Information access quality AQ1 4.62 5 1.503 0.9120 42.5162 0.7747 0.8669 0.6896
AQ2 4.79 6 1.413 0.9085 50.9490
AQ3 5.53 7 1.541 0.6417 8.5053

Use of information in business processes UI2 5.12 6 1.401 0.7324 19.9828 0.8717 0.8983 0.5254
UI3 4.36 5 1.456 0.7569 26.1751
UI4 5.71 6 1.142 0.6950 8.7854
UI5 5.35 6 1.262 0.7857 21.2314
UI6 4.97 5 1.368 0.7472 20.3849
UI7 5.00 6 1.491 0.7209 19.3724
UI8 5.42 6 1.340 0.6936 10.0572
UI9 5.27 6 1.445 0.6593 14.4200

Analytical decision-making culture AD1 4.81 6 1.428 0.7474 14.0462 0.7794 0.8203 0.6049
AD2 4.76 4 1.411 0.8606 44.7272
AD3 4.68 5 1.363 0.7180 9.5499

Note: All t-values significant at the 0.1% significance level (N=181, t critical value=3.291).
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data, with the first extracted factor accounting for 35% of that variance.
Given thatmore thanone factorwas extracted from the analysis and the
first factor accounted for much less than 50% of the variance, common
method bias is unlikely to be a significant issue with the collected
data. For the second test we used Lindell and Whitney's method [50]
which employs a theoretically unrelated construct (marker variable)
to adjust the correlations among the principal constructs. Job satisfaction
was used as the marker variable. Since the average correlation among
Job satisfaction and the principal constructs was r=0.16 (average
t-value=2.03), this test showed no evidence of common method
bias. In summary, these tests suggest that common method bias is not
involved in the study's results.

5.2. Results of the model estimation

After validating the measurement model, the hypothesized rela-
tionships between the constructs were tested. A bootstrapping with
1000 samples was conducted. The structural model was then assessed
Table 5
Correlations between the latent variables and square roots of the average variance extracte

Analytical
capabilities

BIS
maturity

Data
integration

Informa
quality

Analytical capabilities 0.7658
BIS maturity 0.9058 0.6997
Data integration 0.4664 0.7972 0.8972
Information content quality 0.3491 0.4523 0.4465 0.7357
Information access quality 0.4103 0.5471 0.5550 0.6716
Use of information in business processes 0.4531 0.4683 0.3325 0.5658
Analytical decision-making culture 0.4349 0.4554 0.3304 0.4335

Note: Numbers shown in bold indicate the square root of AVE.
by examining the determination coefficients, the path coefficients
and their significance levels.

As shown in Fig. 2 the influence of BISmaturity explains about 30% of
the variance in Information access quality and about 20% of the variance
in Information content quality. Moreover, the influence of Information
content quality and Analytical decision-making culture explains more
than 50% of the variance in the Use of information in business processes
(as Information access quality was found to play no significant role). It
is again worth noting that BIS maturity is a second-order construct, so
its R2 is obviously 1.

The standardized path coefficients range from 0.071 (the non-
significant impact of Information access quality on Use of information
in business processes) to 0.682 (the impact of Analytical capabilities
on BIS maturity). Globally, hypotheses H1 through H2 (H2a, H2b and
H2c) are fully supported. All the path coefficients associated to H1,
H2a, and H2b are significant at the 0.1% significance level. As
indicated by the path loadings, BIS maturity has significant direct
and different positive influences on Information content quality (H2a;
d.

tion content Information access
quality

Use of information in
business processes

Analytical
decision-making culture

0.8304
0.4870 0.7248
0.4533 0.6104 0.7777
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β̂=0.452) and Information access quality (H2b;β̂=0.547). To confirm
H2c we tested whether β̂(BIS maturity impact on information content quality)=
β̂(BIS maturity impact on information access quality). The t-statistic for the differ-
ence of the two impacts is 2.3 with pb0.05, hence confirming that the
two hypothesized impacts are indeed different. To derive additional rel-
evant information, the sub-dimensions of the second-order construct
(BIS maturity) were also examined. As evident from the path loadings
of Data integration and Analytical capabilities, the effects of each of
these two dimensions of BIS maturity are significant (pb0.001) and of
a moderate to high magnitude (β̂=0.479 and β̂=0.682, respectively),
supporting H1 as a conceptualization of the dependent construct as a
second-order structure [16,9]. The support for H1 is also reinforced by
results showing the validity of the constructs Data integration,
Analytical capabilities, and BIS maturity.

The path loadings for the remainder of the model indicate Infor-
mation content quality (β̂=0.313, pb0.001) have a direct and posi-
tive impact on the Use of information in business processes, (H3a).
However, the impact of Information access quality ( β̂=0.071) on
the Use of information in business processes (H3b) was found to be
non significant.

Note that the effect of BISmaturity on IQwas found to be larger on the
access component (H2b) than on the content component (H2a). Neverthe-
less, Information content quality had a greater effect on Use of information
in business processes than Information access quality (which was found to
be non-significant) does (H3c). The consequences of this gap will be
discussed in the next section.

Finally, the interaction effect of Analytical decision-making culture on
the relationship between Information content quality and the
Use of informationv in business processes (H4a) is significant, but negative
( β̂=−0.139, pb0.05). Further, the instrumental impact of Analytical
decision-making culture on the Use of information in business processes
was found to be significant and positive ( β̂=0.421, pb0.001). Note
that hypothesis H4a is thus not supported because, although significant,
the effect has the opposite sign of what was expected. This means that
the relationship between information content quality and the use of in-
formation in business processes is weaker the higher the level of the an-
alytical decision-making culture. Althoughwith the opposite sign of what
DI1 R2 = 0
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R2 = 1
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AC6
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Fig. 2. The final mea
was hypothesized, the impact of information content quality on the use of
information in business processes is found contingent on the analytical
decision-making culture. IQ seems to be less important for the use of in-
formation in the business processes of organizations with a stronger ana-
lytical decision-making culture. In fact, this effect is about 0.31 when the
level ofAnalytical decision-making culture is average, but can vary between
a non-existing effect of about zero (when Analytical decision-making cul-
ture is about 2 standard-deviations above average) to a high magnitude
effect of 0.68 (when Analytical decision-making culture is about 2
standard-deviations below average).

To confirm the validity of our resultswe re-estimated themodel con-
trolling some additional variables.We included in themodel both indus-
try (10 classes) and sales volume (3 classes) as explanatory (control)
variables. The results show that both variables are non-significant
when explaining the dependent variable (Industry: F value=0.52, p=
0.8952; Sales: F value=2.45, p=0.0894), therefore confirming that
the previously found relationships are not induced by profile variables.
6. Discussion and conclusion

6.1. Discussion

Our findings provide some interesting insights into the interrela-
tionships between BIS success dimensions and the effects of BISmaturi-
ty and analytical decision-making culture on use of information (see
Fig. 2). Survey data linked Data integration and Analytical capabilities
as two dimensions of BIS maturity. Specifically, it appears that both di-
mensions are significant yet analytical capabilities are considerably
more important for achievinghigher BISmaturity. Decision support sys-
tems literature provides supporting evidence. Studies suggest that data
integration is a starting point for implementing BIS [69] and for organi-
zations striving to reach higher levels of BIS maturity it is imperative
that they first solve data integration issues (e.g. data quality and securi-
ty issues, metadatamanagement issues, lack of IT data integration skills,
and data transformation and aggregation issues) that are frequently
preventing them to get results to users in a timely manner [86].
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However, it is the introduction of advanced analytical technologies,
such as OLAP, data mining, and dashboards that enable reaching higher
levels of maturity which significantly contribute in advancing BIS from
low-value operations to strategic tool.

BIS maturity encourages better IQ. Hannula et al. [37] argue that
an increase in BIS quality will cause IQ to increase. Our results reveal
that BIS maturity has a significant positive impact on both segments
of IQ, namely Information content quality and Information access quality,
as they were conceptualized in our model. Even if both IQ segments are
obviously addressed through the implementation of BIS, IQ literature pro-
poses that implementation projects should focus more on issues related
to the main IQ concerns in knowledge-intensive activities, i.e. content
quality issues ([19,29,73]), which means that the implementation of BIS
should affect information content quality more than information access
quality. In our case, the results demonstrate that the implementation of
BIS indeed has different impacts on the two dimensions of IQ. It appears
as if organizations implementing BIS give less emphasis to information
content quality and instead call attention to information access quality.
Relatively high costs in seeking information content quality that is not
readily available [29], prevalence of mostly technologically-oriented BIS
implementation projects [85], the shift in focus of BIS projects from
knowledgeworkers' actual needs to addressing technical issues of provid-
ing the rapid processing anddelivery of information, and lack of appropri-
ate managerial methods (e.g. business performance management) to
enable knowledge workers to more clearly define their information
needs and consequently to address information content quality issues
are a few possible reasons for this.

In addition, these dimensions of IQ appear to endorse information
use. Informationof higher perceivedqualitywill be usedmore frequently
than information of lower perceived quality, and information sources
that are more accessible will be used more frequently than those that
are less accessible [64]. The results of this study offer additional impor-
tant insights into the impact of the two IQ dimensions on theUse of infor-
mation in business processes, as they were conceptualized in our model.
Specifically, we found that only Information content quality is relevant;
the impact of Information access quality is non-significant.While this con-
forms to IQ literature it further emphasizes the gap between the infor-
mation access quality provided by BIS and the IQ needs of knowledge
workers when using information. Although the decision support litera-
ture proposes that the implementation of BIS contributes above all to
faster access to information, easier querying and analysis, along with a
higher level of interactivity [62], it is essential to draw attention to the
problems of IQ in knowledge-intensive activities that knowledge
workers most often encounter. The unsuitability of content quality
affects future uses of information and can easily lead to a less suitable
business decision (e.g. analyzing poor quality data does not provide the
right understanding of business issues which, in turn, affect decisions
and actions). Hence, such approaches and focuses of BI projects result
in dissatisfactionwith BIS and ultimately in the non-use of these systems,
bringing a lower success rate for BIS projects. Even though information
access quality, as perceived by the user, is important, lower access quality
is less likely to be used for excluding criterion when information is
needed.

Lastly, analytical decision-making culture appears to diminish the
decision-makers' perception about the relevance of content quality for
the use of information in business processes. The decision-making liter-
ature proposes that decision-makers' choice of using information is
likely to be affected by decision-making culture in the organization
[26,72]. Although not considered in our hypotheses we a posteriori
found that Analytical decision-making culture directly and positively af-
fects the Use of information in business processes. Yet, the impact of Ana-
lytical decision-making culture on the relationship between Information
content quality and the Use of information in business processes is nega-
tive; it suppresses the direct impact of information content quality on
the use of information. Once organizations reach higher levels of analyt-
ical decision-making culture decision-makers tend to use the available
information in organizations' business processes regardless of its con-
tent quality. This implies that improving information content quality
will have a stronger effect on information use in organizations with
low levels of an analytical decision-making culture. The shift towards
higher analytical decision-making culture enables organizations to use
information even though the information is not of the best quality. On
the other hand, IQ contributes to information use in spite of analytical
decision-making culture reaching relatively low levels.

It is apparent that few previous studies in the field have explored BIS
success dimensions and investigated the links among them. Cavalcanti
[7] researched how different BI practices (e.g. environmental, market,
and consumer intelligence) relate to perceived business success but pro-
vide no insights into what are the success dimensions of these BI prac-
tices. To this body of knowledge Ranjan [65] added guidelines for
successfully implementing BIS in organizations in terms of users, tech-
nology and desired firm goals; however, the research is still lacking the
interconnections between these dimensions. Acknowledging the role
of organizational obstacles (e.g. the prevailing socio-cultural milieu),
Seah et al. [68] researched the effects of leadership style on the success
of BIS implementation. Our work expands those efforts by including an-
alytical decision-making culture as a relevant dimension of BIS success
research. Wixom and Watson [84] proposed data quality (analyzed
through commonmeasures of data quality for IS), system quality (stud-
ied through flexibility and integration), and perceived net benefits (as
perceived by an organization's data suppliers) as the three dimensions
of data warehousing success, although the authors suggested that
“morework is needed, however, to examine exactly how thedimensions
of success interrelate.” In our work we expanded the focus from data
warehousing to broad BIS, employed IQ (rather than data quality) mea-
sures, expanded the study of BIS quality by adding the analytical capabil-
ities of the system, suggested the use of information in organizations'
processes as a dependent variable, and established links among these
success dimensions. In their critical success factor framework for the im-
plementation of BIS, Yeoh et al. [85] identified system quality, IQ, and
systemuse as BIS implementation successmeasures but provided no ad-
ditional information about the relationships among these measures.
Upgrading their work, we proposed BIS maturity as a system quality
measure, analyzed the resulting IQ through two different dimensions,
we further established and tested interrelationships among the success
measures, included information use as a relevant success measure, and
added analytical decision-making culture as an organizational measure
importantly affecting the relationships between IQ and use. Focusing
on the success of adopting data warehousing, Nelson et al. [55] studied
the determinants of system quality and IQ. While their work adds im-
portant insights into indicators that are important for data warehousing,
we expanded this by providing a more comprehensive view of IQ di-
mensions and system quality (measured through BIS maturity) in the
context of BIS. Lastly, based on seminal works on IS success models
[23] and technology acceptance [83] where a conceptual gap between
system/information satisfaction and use has been identified, we tried
to bridge this gap in the BIS context by proposing and testing the inter-
relationships among previously identified success dimensions and the
newly added analytical decision-making culture effect.

Leveraging the quantitative research and blending the decision-
making and IS literature enabled the development of a model allowing
a comprehensive understanding of the interrelationships among BIS
success dimensions and research hypotheses that explicate these rela-
tionships. Themodel of these interrelationshipswas designed and empir-
ically validated. By studying the interactions, as well as the components
themselves, it identifies specifics and provides a more comprehensive
view of BIS success than previous studies. Although several studies
exist about various impacts of IQ on business decision-making
(e.g. [3,23,29]), to our knowledge this is the first study to directly estab-
lish the effects of BISmaturity on the use of information in business pro-
cesses through the inclusion of different segments of IQ and the
interacting effect of an analytical decision-making culture. Studying
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the two IQ segments separately and considering an analytical
decision-making culture as the interacting variable enables a better un-
derstanding of the impact of IQ on the use of information than previous
studies which provided discordant results [59]. This facilitates under-
standing of an organization's ability to recognize the value of the available
information (i.e. the absorbability of information) provided by BIS for ap-
plying it to emerging business process requirements.

We encourage practitioners involved in BIS implementation projects
to focus more on knowledge workers' actual needs (i.e. providing con-
tent quality), and not merely on providing the rapid processing and de-
livery of information (i.e. access quality), since a clearer definition of
their needs would ensure the comprehensiveness and conciseness of
the information. This emphasizes the need for the simultaneous imple-
mentation of contemporary managerial concepts that better define in-
formation needs in managerial processes by connecting business
strategies with business process management. The latter includes set-
ting organizational goals, measuring them, monitoring and taking cor-
rective actions, and goes further to cascading organizational goals and
monitoring performance down to levels of individual business activi-
ties. Moreover, this study provides insights for managers regarding
the factors that affect the use of information in business processes, an
awareness of the actual business value of BIS, and it also sets the
grounds for organizations to assess their readiness for future BIS initia-
tives. An analytical decision-making culture appears to be a critical fac-
tor in ensuring BIS success. Given our goal of studying the relationships
among the BIS success dimensions that might spur more comprehen-
sive empirical research, we now intend to examine opportunities for
testing and extending our research.

6.2. Conclusion

Our research sought to learn from organizations that have im-
plemented a BISwherewe examined the interrelationships of BIS success
dimensions through cross-sectional data. However,whether andhowour
hypotheses apply to longitudinal designs raise important questions.
Future studies may extend our work to settings with different informa-
tion behavior [52] and also to study these phenomena in organizations
with different organizational cultures [48]. The analysis presented and
resultingmodel offer insights into BIS success dimensions and their inter-
relationships. We believe that our outline success model captures the in-
terrelationship dimensions for BIS success andwill be of value to both the
academic and practitioner communities.
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