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ORIGINAL RESEARCH

Business analytics capability, organisational value and competitive advantage
Michael O’Neill and Anthony Brabazon

School of Business, University College Dublin, Dublin, Ireland

ABSTRACT
Business Analytics makes the assumption that given a sufficient set of analytics capabilities
exist within an organisation, the existence of these capabilities will result in the generation of
organisational value and/or competitive advantage. Taken further, do enhanced capability
levels lead to enhanced impact for organisations? Capability in this study is grounded in the
four pillars of Governance, Culture, Technology and People from the Cosic, Shanks and
Maynard capability framework. We set out to undertake the first empirical investigation to
measure if there is a positive relationship between Business Analytics capability levels as
defined by Cosic, Shanks and Maynard, and the generation of value and competitive advan-
tage for organisations, and do enhanced capability levels lead to enhanced impact. Data
gathered from a survey of 64 senior analytics professionals from 17 sectors provides evidence
to support that a strong and statistically significant correlation exists between higher cap-
ability levels and the ability to generate enhanced organisational value and competitive
advantage. Additionally, a revised definition of Business Analytics is proposed, given that
Business Analytics should give rise to organisational value and/or competitive advantage and
that for this to occur the necessary capabilities must be in place.
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1. Introduction

An important question for Business Analytics is Can
organisations yield organisational value and competitive
advantage from investments in Business Analytics?
Thankfully, there are many examples of case studies
where specific organisations demonstrate that they can
leverage data for impact (e.g., (T. Davenport, 2014b;
T. H. Davenport & Harris, 2007; T. H. Davenport,
Harris, & Morison, 2010; Sharma, Mithas, &
Kankanhalli, 2014; Wixom, Yen, & Relich, 2013)).

Reasonable questions that follow include What cap-
abilities need to exist to generate impact? And Where
should investments in Business Analytics be made in an
organisation to enhance impact? The Information
Systems (IS) literature provides evidence to support
a strong relationship between IS capability and achiev-
ing organisational value and competitive advantage
(e.g., (Bhatt & Grover, 2005; Johnston & Carrico,
1988; Saraf, Langdon, & Gosain, 2007)). As Business
Analytics can be considered a component of an IS
capability it follows that if a sufficient set of Business
Analytics (BA) capabilities can be clearly identified, and
further, if enhanced capability levels are demonstrated
to lead to enhanced organisational value and competi-
tive advantage it makes it easier for organisations to
make the informed and targeted investments in BA
capabilities with the reasonable expectation that their
investments will yield impact. Taken further again, and
in the spirit of BA, we should set out to conduct experi-
ments to gather data to answer these questions to

provide the evidence to support organisations in mak-
ing these investment decisions.

Recently a theoretically grounded capability frame-
work has been proposed for Business Analytics (Cosic,
Shanks, & Maynard, 2015), which provides us with
a foundation upon which to investigate if these capabil-
ities can translate into organisational value and compe-
titive advantage. Figure 1 outlines the Cosic et al. (2015)
capability framework for Business Analytics. However,
this framework has not been tested in an empirical
study to measure levels of capability, and further to
test whether increasing levels of capability translate
into increased levels of organisational value and com-
petitive advantage. As such a gap in the literature exists
in the form of empirical investigations which set out to
measure these capabilities and the resulting levels of
value and competitive advantage.

In this study, we adopt the survey research method
for explanation purposes pinsonneault:1993 to test, for
the first time, if we canmeasure correlation between the
Cosic, Maynard and Shanks BA capability levels, and
levels of organisational value and competitive advan-
tage. Adopting this approach we wish to test for empiri-
cal evidence to support the assumption that investment
in Business Analytics capabilities translates into impact.
The following sections outline the background litera-
ture, the theoretical model under investigation, the
experimental design, results and discussion before
drawing conclusions and suggesting further avenues
for research.
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2. Background literature

Generating organisational value and/or competitive
advantage is the raison d’être of Business Analytics.
In the first issue of this journal, Delen and Ram
(2018) set out some of the challenges of Business
Analytics, with justifying the return on investment
in analytics being recognised as a significant chal-
lenge for organisations, and a recent survey showed
organisations are using analytics as a competitive dif-
ferentiator (EY, 2017). In other words for Business
Analytics to exist, organisations must move beyond
insights to support decision-making with impact,
thus justifying the return on investment.

Once we recognise that generating organisational
value and/or competitive advantage is the reason for
the existence of Business Analytics, What capabilities
need to exist to generate this impact? And Where
should investments in Business Analytics be made in
an organisation to enhance impact? Putting this latter
question in another way, Do enhanced levels of cap-
abilities result in enhanced impact?

In order to address this question we first need to
identify the salient capabilities and what is meant by
value and competitive advantage before we can
attempt to measure their levels within organisations.
Within the Business Analytics literature capabilities
and their impacts on value and competitive advantage
are often interwoven in discussions around analytics
maturity. T. H. Davenport et al. (2010) introduced
DELTA and variants (see (T. Davenport, 2014a,
2014b)) with a corresponding five-point scale of
maturity representing levels of impact ranging from
the bottom level of Analytically Impaired to the top
being Analytical Competitors. Implicitly improving

capabilities are linked to moving towards competi-
tiveness of an organisation relative to others.
Important from a modern perspective on Business
Analytics, the additional T for Technology in the
DELTTA variant takes into consideration the advent
of Big Data (T. Davenport, 2014b) such that this
model captures salient capabilities under the themes
of Data, Enterprise, Leadership, Targets, Technology
and Analysts. More recently Davenport has proposed
the addition of, for example, a P for Product to
capture the development of new products arising
from analytics insights (T. Davenport, 2014a).
Similarly, Schmarzo writes about higher levels of
maturity resulting in the ability to Monetise insights
and to leverage insights for Metamorphosis or busi-
ness model transformation (Schmarzo, 2015).
Schmarzo’s level range from Monitoring, Insights,
and Optimisation to Monetisation and
Metamorphosis. In terms of value for an organisa-
tion, Davenport and Schmarzo, both capture the idea
of monetisation of analytics, which can have an
impact on an organisations development of new pro-
ducts, services and even lead to business model trans-
formation. McAfee and Brynjolfsson. (2012) ask if
”using Big data intelligently will improve business per-
formance?” and undertook a study to address this
using a set of questions captured in (Brynjolfsson &
Andy, 2013). In their assessment, they considered
Leadership, Talent Management, Technology,
Decision Making and Culture. INFORMS (2014)
have also proposed and adopted an Analytics
Maturity Model across a ten-level scale, although
this translates into three maturity levels of
Beginning, Developing and Advanced (Howard,
2014).

Figure 1. Cosic et al. (2015) capability framework, which has been adopted in this study.
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Cosic et al. (2015) provided the first theoretically
grounded synthesis of capability and maturity models
existing in the Business Analytics literature to
develop a capability framework comprised the four
pillars of Governance, Technology, People and
Culture (see Figure 1). Up until that study, and as
noted by Cosic et al. (2015) there was an “ absence of
an explicit definition for the term BA capability within
the extant literature”. Moreover, Cosic et al. (2015)
state at the outset of their study that BA capabilities
“can potentially provide value and lead to organisa-
tional performance”, however they did not go so far as
to test if they can measure if in fact that potential is
realised in practice.

Given that Cosic et al. (2015) provide the only
definition of Business Analytics capability in the
extant literature, and we adopt this definition in the
current study it is worth exposing this definition here.
As illustrated in Figure 1 there are four pillars to the
definition of Business Analytics capability, namely,
Governance, Culture, Technology and People with
four main strands to each pillar.

The Governance capability pillar captures the
importance of the need for assignment of decision
rights and responsibilities, such that there are identi-
fiable individuals within an organisation who are
accountable for outcomes and actions arising from
Business Analytics activity (Weill & Ross, 2004). That
there is an alignment of an organisations business
strategy and its Business Analytics activities and
a commitment to this from leadership and manage-
ment within the organisation (Williams & Williams,
2006). That changes to the business environment can
be handled through leveraging and potentially recon-
figuring an organisations Business Analytics
resources (Sharma & Shanks, 2011), and that an
organisation can successfully effect change manage-
ment which may be required as a result of the
insights arising from Business Analytics activities
(Negash, 2004).

The capability of Culture is comprised of evidence-
based management where decisions and actions are
grounded in facts arising from data with less empha-
sis on intuition (Pfeffer & Sutton, 2006), the degree of
embeddedness of Business Analytics within an orga-
nisation (Shanks, Bekmamedova, Adam, & Daly,
2012), executive leadership and support in advocating
the use of Business Analytics and evidence-based
management (Laursen & Thorlund, 2010), and the
requirement for a culture of open communication
between analytics teams and business users
(T. H. Davenport & Harris, 2007).

Technology is defined in terms of data manage-
ment, systems integration, reporting and visualisa-
tion, and discovery technology. Data management
encompasses all aspects of being able to source rele-
vant data, ensure the quality of an organisations data

including master and metadata management, and the
ability to integrate new with existing data (Watson &
Wixom, 2007). Systems integration captures the
requirement for the seamless integration of opera-
tional systems with Business Analytics systems
(Sharma & Shanks, 2011). Reporting and visualisa-
tion include the idea of self-service, and the ability to
develop and use relevant technology to facilitate the
manipulation and exploration of an organisations
data (Watson & Wixom, 2007). Discovery technology
covers an organisations ability to tackle less struc-
tured problems in order to discover new insights
(Negash, 2004).

Finally, People capability includes the requirement
for the existence of individuals with skills around
Business Analytics technologies, individuals with
business domain expertise, and that individuals in
management level roles have the necessary skills to
prioritise and manage Business Analytics projects,
effect change managements as required, to effectively
communicate the value of Business Analytics activ-
ities (T. H. Davenport & Harris, 2007), and having
individuals who are open to and capable of innova-
tion within the organisation (Sharma & Shanks,
2011).

In the following section, we outline the theoretical
model tested in this study.

3. Theoretical model & hypothesis

As the capability framework identified by Cosic
et al. (2015) is the first and only theoretically
grounded synthesis of capability and maturity mod-
els existing in the Business Analytics literature it
provides us with a foundation upon which to mea-
sure if these capabilities can translate into organi-
sational value and competitive advantage, and
further, if enhanced capability levels result in
enhanced value and/or competitive advantage. As
such we adopt the Cosic et al. (2015) capability
framework in this study. Stating the model more
formally

VCA ¼ CS (1)

where

CS ¼ μðwgGþ wcC þ wtT þ wpPÞ (2)

where VCA corresponds to a Value and Competitive
Advantage score, corresponds to the Capability Score
which is comprised of the mean (μ) of an organisa-
tions Governance capability score (G), its Culture
capability score (C), Technology capability score
(T), and People capability score (P). For simplicity
adopting the principle of Occam’s razor, and follow-
ing the recommendation of T. Davenport (2014b), we
assume there is a linear correspondence with equal
weighting between the four capabilities and any

JOURNAL OF BUSINESS ANALYTICS 3



resulting value and competitive advantage (i.e.,
wg ¼ wc ¼ wt ¼ wp ¼ 1:0). That is, the capability fra-
mework as developed by Cosic et al. (2015) implies
that there is a correspondence between capability and
value and competitive advantage scores realised by an
organisation. Such that, increased levels of capability
should give rise to increasing levels of value and
competitive advantage.

We operate under the null hypothesis that there is
no correlation between capability score (CS) and the
organisational value and/or competitive advantage
score (VCA). More formally,

H0: There is no correlation between CS and VCA
scores, such that the effect size (r) measured by
Pearson’s Product-Moment Correlation is r < 0:5 at
significance level ¼ 0:05.

In this study, for the first time, we set out to test
this model using the survey research method. As
such we take the existing theoretical model from
the literature as stated above in equations (1) and
(2), and develop a new survey instrument in an
attempt to measure the level of each capability
and the corresponding level of organisational
value and competitive advantage. For each of the
five components of the model (G, C, T, P, and
VCA) we identify a set of questions from the lit-
erature. The following section exposes the design of
the survey instrument.

4. Survey instrument design

The key contribution of this study is to start to
address the question Do enhanced levels of Business
Analytics capability result in enhanced organisational
value and competitive advantage for organisations? To
this end, we set out to test the null hypothesis that
there is no correlation between capability and orga-
nisational value and/or competitive advantage scores
as measured in this study using the survey research
method. In developing the survey instrument we have
adopted best practice for survey research (straub,
1989; pinsonneault, 1993; groves et al, 2009), and
we detail the key survey design issues below.

In testing instrument validity we are attempting to
provide confidence that we are effectively measuring
each of the five components of the theoretical model
outlined in Section 3. For each component of the
model (Governance, Culture, Technology, People
and Value and Competitive Advantage) we associate
a series of survey questions, which have been sourced
from the literature. The subsequent statistical analysis
underpinning instrument validity seeks to explore the
relationship between each question and the model
component it is supposed to partly capture, and if
the set of questions sufficiently captures each compo-
nent. The greater the confidence we have that the
questions capture each component of the model, the
greater the confidence we can then have in the sub-
sequent analysis of the relationship between the
model components corresponding to capability and

Figure 2. A high-level overview of the relationship between the survey instrument and the theoretical model under
investigation.
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organisational value and competitive advantage.
Figure 2 presents a high-level overview of the rela-
tionship between the theoretical model and the sur-
vey instrument.

4.1. Content and face validity

The survey questions are designed to test the theoretical
model outlined in Section 3 with a series of questions
for each of the four capabilities (G, C, T and P) from
which individual capability scores can be calculated.
The individual capability scores are then combined to
generate a mean Capability Score (CS). A further series
of questions is used to measure Value and Competitive
Advantage (VCA). Responses to questions on each
feature of the model are measured on a five-point
Likert scale. For the majority of questions this involves
using the level labels of Disagree Strongly(1), Disagree
Somewhat(2), Neither Agree or Disagree(3), Agree
Somewhat(4), Agree Strongly(5).

To ensure content validity we ground the survey
questions in the literature by drawing heavily upon
Davenport’s DELTTA maturity model (T. Davenport,
2014a, 2014b; T. H. Davenport et al., 2010) adopting
existing questions from the Appendix of (T. Davenport,
2014b), which in turn stands on the shoulders of
Brynjolfsson and Andy (2013) and correspond with
the features of each capability as detailed by (Cosic
et al., 2015). We also take inspiration for the VCA
questions employed taking into consideration the
more recent perspectives of Schmarzo (2015)’s maturity
index by capturing, for example, monetisation of
insights and business model transformation, and EY’s
2017 survey of Data & Advanced Analytics (EY, 2017).
More explicitly, for VCA we introduce questions which
attempt to capture; an organisations ability to leverage
data and analytics, the relative competitiveness of an
organisation, and its ability to monetise insights from
analytics activities.

To ensure face validity and reliability the survey
was tested by a small group of four senior analytics
professionals drawn from the banking sector, one of
the big four professional services organisations, an
analytics industry professional support body, and
a telecommunications organisation. The resulting
survey questions are provided in Appendix A with
each question labelled to aid easy identification with
the constructs under investigation (i.e., G for gov-
ernance capability, C for culture, T for technology,
P for people and VCA for value and competitive
advantage).

4.2. Construct validity

There are two aspects to construct validity in this study.
The first relates to the correspondence between the sur-
vey questions adopted and their relationship to the

features of the theoretical model, and secondly the valid-
ity of the theoretical model itself. There is a catch-22, or
chicken and egg predicament here. Survey questions for
each feature of the model are drawn from existing ques-
tions from the literature corresponding to each model
feature, which inspired the generation of the model itself.
As such, to the survey respondents, we present the com-
plete set of questions corresponding to the complete set
of features identified by Cosic et al. (2015) and use the
survey instrument to undertake a post-hoc analysis of
construct validity. This analysis can be used to guide
further refinement of the model and provide guidance
for instrument design in follow up studies.

4.3. Sampling

The analysis undertaken in this study is based upon
a survey of 64 senior Business Analytics professionals,
drawn from 17 sectors (see Figure 3). These profes-
sionals were sampled from the Top 100 organisations
in Ireland with many of these representing the EMEA
region headquarters of globally leading multi-
national technology and service corporations, and
also includes Government departments and Semi-
state agencies with advanced analytics capabilities.
We can get a sense of the size of the organisations
the respondents come from in a chart of the revenue
in the surveyed organisations in the most recent
fiscal year (Figure 4). Potential respondents were
contacted by email and asked to complete an anon-
ymous online survey using the Qualtrics platform.
The 64 respondents have 50 unique job titles, which
are provided in Table 1 where we can see the pre-
dominantly senior management levels held by these
individuals. It should be highlighted that a potential
limitation of any survey is the target population and
its potential to introduce bias into survey outcome
and in judging the generality of the findings beyond
the sample population to the true population. In this
study we deliberately targeted senior individuals who
had an organisational perspective on any impact that
might arise from investments and activities in and
around Business Analytics, as the key research ques-
tion is to test the correlation between arising levels of
organisational value and/or competitive advantage
and the levels of Business Analytics capability that
exist in that organisation.

5. Survey results

We now present the results of the survey to examine
the central research question of this study which is to
ascertain if there is a positive relationship between
Business Analytics capability levels (CS) and the gen-
eration of value and/or competitive advantage (VCA),
and if enhanced capability levels lead to enhanced
impact. More formally, using the model outlined in
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Section 3 we test the null hypothesis that there is no
correlation between CS and VCA scores.

For each practitioner response, for each capability
pillar, we calculate the mean capability score across
all the questions associated with that capability. An
overall BA capability score is then calculated for
each response by calculating the mean of the four
pillar capability scores. Similarly, we calculate the
mean score across the Value & Competitive
Advantage questions. As each question is scored on
a 5-point Likert scale, the mean will range from 0 to
5 in each case. From these scores, we generate
a scatter plot (Figure 5) of the mean Capability
Score versus Value & Competitive Advantage Score
where each respondent/organisation is represented
as a point on the plot.

In Figure 5 we observe that as total capability score
increases, the value & competitive advantage score
also increases. This implies that there is a positive
relationship between increasing capability and
increasing the resulting value and competitive advan-
tage scores.

Table 2 details the Pearson Correlation scores
between Value & Competitive Advantage compared
to the Capability Score in addition to the individual
components of the score (namely Governance,
Culture, Technology and People). A correlation
score of 0.81 suggests a strong relationship between
the Capability score level and a corresponding level of
Value & Competitive advantage. Interestingly, exam-
ining the component scores, technology capability
has the weakest (but still strong) correlation (0.65),

Figure 4. A chart of the revenue (€) of organisations surveyed during the most recent fiscal year.

Figure 3. Sixty-four senior Business Analytics professionals drawn from 17 sectors were surveyed.
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with people capability having the strongest individual
component correlation (0.76) to value and competi-
tive advantage.

Given a sample size of 64, and a significance level
of 0.05 (i.e., the Type I error rate of rejecting a true
null hypothesis), and assuming a correlation value of
0.5 (i.e., the effect size of 0.5 for correlation is con-
sidered strong for social sciences according to Cohen
s(1988)) and above which all of the correlation

coefficients occur in our observations, the power of
our test (i.e., the Type II error rate of failing to reject
a false null hypothesis) is 0.99 (Cohen, 1988).1

As further validation, a randomised response con-
trol, which selects a random response for each question
was run the same number of times as the number of
respondents (i.e., 64 times). The Pearson Correlation
scores for the equivalent random response survey were
approximately 0.0 in each case, indicating that no cor-
relation exists between capability score and value &
competitive advantage score in the hypothetical control
scenario where respondents replied randomly to the
survey questions.

Calculating the significance of the correlation
between the Capability score and the Value &
Competitive Advantage score using Pearson’s pro-
duct-moment correlation results in a p-value of
9.918e-16. Coupled with the power analysis, the
observation of correlation is statistically significant.
With an effect size of 0.81 (which is greater than 0.5)
and a p-value of 9.918e-16, we therefore reject the
null hypothesis that there is no correlation between
capability levels and levels of organisational value
and/or competitive advantage at a significance level
of 0.05.

Table 1. Job titles of respondents with the top six most
common appearing first in the left column, with the remain-
ing titles presented in alphabetical order.
CEO/President (x5) Head of Big Data

Chief Analytics Officer (x4) Head of Business Applications &
Data

Chief Data Officer (x3) Head of Customer Data &
Predictive Modelling

Chief Digital Officer (x2) Head of Customer Operations
Director of Analytics (x2) Head of Data & Insights
Analytics Manager (x2) Head of Data Analytics
BI Software Dev Mgr Head of Data Science
Business Development Director Head of HR Analytics
Business Information Manager Head of Insights
Business Integration Manager Head of Private Sector
CFO/Treasurer/Comptroller/
Controller

Head of Ticketing Systems

Chief Actuary Insight and Analytics
Chief Marketing Officer Lead Data Architect
Chief Technology Officer Manager Analytics
Consultant Director Manager, Analytics/Data Science
Data Analyst MD Data
Digital Research & Analytics Performance Reporting
Digital Team Lead Quantitative Analytics Manager
Director Data Analytics Sales Manager
Director of Innovation Senior Business Analyst Team Lead
Director Transformation Senior Data Analyst
Director, Data & Analytics Senior Director Data Science
General Manager Senior Manager Data Analytics
Group Data Infrastructure Lead Solutions Architect
Head of Analytics VP Data & Analytics

Figure 5. Scatter plot of the mean capability score versus the value & competitive advantage score, which shows a positive
relationship between increasing values of total capability score and an organisations value & competitive advantage score. In
other words, higher levels of business analytics capability correspond with higher levels of realised value and competitive
advantage.

Table 2. Correlation analysis of value & competitive advan-
tage with the total capability score and individually with the
four component capability pillars.

Pearson correlation

Capability Governance Culture Technology People

Value &
competitive
advantage

0.81 0.73 0.70 0.65 0.76

JOURNAL OF BUSINESS ANALYTICS 7



6. Model analysis & construct validity

As we reject the null hypothesis that there is no
correlation between capability score and value and/
or competitive advantage score, we explore the alter-
native hypothesis that the model outlined in Section 3
is valid, and that the instrument has some utility to
allow organisations to measure their capability level,
and inform organisations on their potential to realise
value and competitive advantage. Moreover, if the
model could also be used to suggest where invest-
ments in Business Analytics capabilities could be
targeted.

First, we explore the inter-item correlation for
each component of the instrument, to give an indica-
tion of the uni-dimensionality of each question and
therefore its potential to provide a unique contribu-
tion to the component score. Correlation scores
which are too high suggest the question does not
provide a unique contribution, so moderate to high

values are typically desired (e.g., around .5 to .7).
However, we should consider the theoretical founda-
tion for each question before we consider recom-
mending its exclusion. Figure 6 details the
correlation analysis of each question for each model
component. It can be observed that the questions
relating to People (P) exhibit the strongest inter-
item correlation. For the majority of questions across
the instrument components values are .6 or below.

Following inter-item correlation analysis, we now
determine if we can proceed with Factor Analysis to
further test construct validity by calculating Kaiser-
Meyer-Olkin correlation (KMO) and Bartlett’s test of
sphericity (BS). This test if we can reject the null
hypothesis that the questions are independent, and
so can expect to see dependencies between them.
Questions associated with each component of the
model (i.e., G, C, T, P and VCA) should have func-
tional dependencies between themselves and the

Figure 6. Inter-item correlation of survey questions associated with each component (governance, culture, technology, people,
and value & competitive advantage) of the model.
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feature. As observed in Table 3 KMO scores of
0.6–0.7 and above, coupled with a BS p-value of less
than 0.05 suggests it is possible to adopt Factor
Analysis on each component of the model.

Eigenvalues for each model component and their
corresponding scree plots are provided in Table 4 and
Figure 7. We use these to determine the number of
factors from which we can examine factor loadings
and establish the relationship of each question to the

model component. The number of factors employed
is determined from the elbow of the scree plot and
the number of factors with eigenvalues above 1.0.

Factor loadings are provided in Table 5–9. In the
majority of cases the factor loadings of > ¼ 0:5 pro-
vide evidence to suggest a relationship between each
Question and the model component of interest, and,
therefore, support retaining each survey question.
That is, we observe that each question is included in
at least one latent factor at or above the threshold
loading. A small number of exceptions occur, namely
questions G5 (Our process for prioritising and deploy-
ing our data assets (data, people, software, hardware)
is directed and reviewed by senior management) and
C1 (Non-executive level managers in our organisation
utilise data and analytics to guide their decisions) fall

Table 3. Kaiser-Meyer-Olkin correlation (KMO) and Bartlett’s
test of sphericity (BS) question independence tests for each
model component.

VCA Governance Culture Technology People

KMO 0.84 0.82 0.88 0.80 0.87
BS 7.8e-24 7.9e-60 7.6e-44 3.4e-31 5.2e-60

Table 4. Eigenvalues for component factors, with the number of factors with values above 1.0 being adopted for factor loading
analysis.

F0 F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12

VCA 3.14 0.67 0.50 0.41 0.29
Governance 6.45 1.26 0.90 0.84 0.78 0.61 0.51 0.47 0.41 0.29 0.24 0.16 0.10
Culture 5.51 1.12 0.96 0.81 0.60 0.46 0.43 0.35 0.29 0.27 0.21
Technology 4.61 1.54 1.26 1.10 0.73 0.57 0.53 0.46 0.39 0.30 0.28 0.23
People 5.54 1.22 0.90 0.76 0.38 0.32 0.27 0.25 0.19 0.15

Figure 7. Eigen value scree plots of factors for (governance, culture, technology, people, and value & competitive advantage) of
the model.
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just below our chosen factor loading threshold. The
loading threshold is somewhat subjective, and the
theoretical underpinning for the question should
also be taken into consideration before its exclusion.
If an organisation is truly exploiting Business
Analytics it is not unreasonable to expect that all
decision-makers, including non-executive managers
will use analytics, or that senior management would
have an interest in data asset strategy. Coupled to the
earlier inter-item correlation analysis for these two
questions, they both have good uni-dimensionality,
and as such we consider the evidence to support their
exclusion to be weak.

In summary, the statistical analysis of the model
components and related questions in the instrument
provides evidence to support construct validity when
coupled with the fact that the questions have been
sourced from the literature underpinning each theo-
retical construct.

7. Discussion

From the results observed in this study, we see a very
strong signal to suggest that there is a strong positive

correlation between enhanced Business Analytics
Capability and increasing Organisational Value and/or
Competitive Advantage. This provides additional evi-
dence to support the many examples of case studies
where individual organisations have demonstrated the
successful leveraging of investments in Business
Analytics for impact (e.g., (T. Davenport, 2014b;
T. H. Davenport & Harris, 2007; T. H. Davenport
et al., 2010; Sharma et al., 2014; Wixom et al., 2013)).

In this study, we define Business Analytics
Capability in terms of the capability framework of
Cosic et al. (2015) along the four dimensions of
Governance, Technology, People and Culture. Based
on survey responses we observe that the People
dimension plays the largest contribution to the over-
all impact of Business Analytics followed closely by
Governance and Culture, with Technology at the
bottom of the list (but still demonstrating a strong
correlation with organisational value and/or compe-
titive advantage). Given rapid advances in technology
and the need to stay on top of technology trends we
can sometimes overlook the significant role
Governance, Culture and People play in realising
value from Business Analytics, and the results
observed in this study remind us of this.

As with any experimental design, there are limita-
tions and assumptions, and in this study, the most
important areas include the choice of capability frame-
work and the survey design. Reliability was investigated
early on during Face validity using a small population,
further testing of the reliability of the instrument in

Table 5. Value & competitive advantage questions factor
loading analysis with all questions showing association with
the VCA model component.

VCA0 VCA1 VCA2 VCA3 VCA4

F0 0.60 0.62 0.71 0.60 0.28
F1 0.30 0.47 0.33 0.67 0.64

Table 6. Governance questions factor loading analysis showing question G5 has weakest association with the governance model
component.

G0 G1 G2 G3 G4 G5 G6 G7 G8 G9 G10 G11 G12

F0 0.23 0.20 0.36 0.51 0.58 0.38 0.71 0.71 0.69 0.70 0.56 0.45 0.51
F1 0.85 0.92 0.54 0.47 0.45 0.43 0.37 0.22 0.15 0.21 0.40 0.43 0.41

Table 7. Culture questions factor loading analysis showing question C1 has weakest association with the culture model
component.

C0 C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

F0 0.14 0.27 0.46 0.62 0.70 0.75 0.57 0.69 0.65 0.66 0.64
F1 0.99 0.41 0.37 0.16 0.29 0.22 0.49 0.44 0.21 0.36 0.16

Table 9. People questions factor loading analysis with all questions showing association with the people model component.
P0 P1 P2 P3 P4 P5 P6 P7 P8 P9

F0 0.64 0.82 0.70 0.56 0.58 0.58 0.52 0.44 −0.01 0.28
F1 0.28 0.31 0.44 0.03 0.46 0.62 0.65 0.67 0.98 0.46

Table 8. Technology questions factor loading analysis with all questions showing association with the technology model
component.

T0 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11

F0 −0.01 0.17 0.32 0.08 0.10 0.31 0.32 0.58 0.76 0.68 0.67 0.82
F1 0.56 0.64 0.48 0.02 0.06 0.59 0.72 0.36 0.11 0.24 0.38 0.00
F2 −0.10 0.16 0.24 0.99 0.07 0.03 −0.09 −0.12 0.05 0.05 0.14 0.06
F3 0.01 −0.01 −0.11 0.08 0.73 0.30 0.38 0.33 0.15 −0.05 −0.03 0.21
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a larger population is desirable. In terms of construct
validity, we assume the Cosic et al. (2015) framework
sufficiently captures the necessary set of Business
Analytics capabilities for successful generation of orga-
nisational value and competitive advantage. This frame-
work has been adopted here as it is the first and only
Business Analytics capability framework which exists
arising from a theoretically grounded synthesis of the
literature and perspectives of practitioners, and as such
provides us with the strongest foundation at present to
undertake this study. On the survey design, additional
key factors that can translate into limitations include the
respondent sampling strategy, the sample size, question
and response design, etc. A standard and well-studied
Likert-scale is adopted for responses using a set of
questions relating to capabilities, which are predomi-
nantly drawn from the Business Analytics literature.
Future work will no doubt look to refine both the
Cosic et al. (2015) framework and the related question
set which can be adopted. On sampling strategy, we
wish to target the most informed respondents possible,
drawn from as wide a set of different kinds of organisa-
tions as possible, and in particular from respondents
who have insights into the existing capability levels
within an organisation and the subsequent organisa-
tional value and/or competitive advantage that can
arise. To this end, we focused on senior professionals
within the organisations surveyed. On sample size and
observed effects, we undertook a rigorous statistical
analysis including power and a randomised response
control, which gives us confidence to reject the null
hypothesis that no correlation exists between capability
levels and levels of organisational value and/or compe-
titive advantage given the sample size adopted in this
case. We welcome further studies which seek to test and
refine the instrument and further test the relationship
between capability levels and levels of impact in a larger
population.

With our current focus on Business Analytics
Capability levels and the importance of these in realis-
ing the organisational value and/or competitive advan-
tage, it is interesting to consider how we define Business
Analytics. In the first issue of this journal, Business
Analytics has recently been defined by Power, Heavin,
McDermott, and Daly (2018) as follows:

Business Analytics is a systematic thinking process
that applies qualitative, quantitative, and statistical
computational tools and methods to analyse data,
gain insights, inform, and support decision-making.

Both the theoretical framework of Cosic et al. (2015)
and the results observed from the data gathered in this
study suggest that we should reconsider this definition
to take on board that to be successful in Business
Analytics we need to embrace all of the dimensions of
capability (People, Governance, Culture in addition to
Technology), and how in organisations Business

Analytics should result in organisational value and/or
competitive advantage in order to justify investment in
this area. In other words for Business Analytics to exist,
organisations must move beyond insights to support
decision-making with impact, thus justifying the return
on investment. From the results of the survey under-
taken in this study, there is a clear correlation observed
between organisational value and/or competitive
advantage and enhanced levels of Business Analytics
capabilities, which leads to confidence that targeted
investments across the four pillars of Business
Analytics capabilities should lead to improved impact
for the organisation.

While there is nothing incorrect about the earlier
definition of Business Analytics, in terms of Business
Analytics in practice, we feel it is necessary to demon-
strate the impact that investments in Business
Analytics can have on an organisation, whether that
is through organisational value and/or competitive
advantage. We also feel it is important to reflect the
four capability dimensions. To this end we propose
modifying the earlier definition towards an alterna-
tive definition of Business Analytics to explicitly
recognise the need for Business Analytics to result
in organisational value and/or competitive advantage,
therefore demonstrating return on investment, and
the four capability pillars which drive the impact of
Business Analytics as follows:

Business Analytics leverages governance, culture,
people and technology capabilities and a systematic
thinking process that applies qualitative, quantitative,
and statistical computational tools and methods to
analyse data, gain insights, inform, and support
impactful decision-making giving rise to organisa-
tional value and/or competitive advantage.

We propose that this could be simplified further to:

Business Analytics leverages governance, culture,
people and technology capabilities to support
impactful decision-making giving rise to organisa-
tional value and/or competitive advantage.

8. Conclusions & future work

A model of Business Analytics Capability and its
relationship to Organisational Value and/or
Competitive Advantage is proposed, which is
grounded in the existing framework of Cosic et al.
(2015). We set out to test the null hypothesis that
there is no correlation between a Capability score and
an Organisational Value and/or Competitive
Advantage score using the survey research method.
Analysing responses from 64 senior Business
Analytics professionals drawn from 17 sectors, this
study provides empirical evidence to support a strong
and statistically significant correlation between
Business Analytics Capability and a corresponding
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return in organisational value and competitive advan-
tage. In turn, these findings support the adoption of
the Cosic, Shanks and Maynard capability frame-
work, which is comprised of four pillars of
Governance, Technology, People and Culture, and
as such provides a list of ingredients that organisa-
tions should focus on in order to effectively leverage
Business Analytics into organisational value and
competitive advantage. Of particular note is the
importance attributed to the People, Governance
and Culture capability pillars over and above
Technology, which speaks to the interdisciplinary
nature of Business Analytics and the need to blend
quantitative (computational, mathematical and statis-
tical) and more qualitative social and decision
sciences. From a practical perspective, these observa-
tions suggest investment be directed primarily
towards People, Governance and Culture over and
above Technology assets as these may have a larger
impact for an organisation. Or, at the very least these
pillars of Business Analytics capability should not be
neglected in favour of technology investments. Given
the fact that investments in Business Analytics
require the demonstration of organisational value
and/or competitive advantage and that in this study
we provide strong evidence to support that increasing
capability levels correlate with increased levels of such
impact, we propose a new definition of Business
Analytics to capture the salient capabilities and the
need for impact generation.

Future work will involve gathering additional data
over time to monitor whether we continue to observe
the correlation between increasing levels of capability,
value and competitive advantage, and to widen the
sectoral coverage to potentially allow segmentation of
the analysis to uncover any differences that may exist
between sectors. There is also scope to refine the ques-
tion set employed to more precisely define andmeasure
individual capabilities, organisational value and compe-
titive advantage.

We hope this study will inspire other researchers
in our community to further test and refine the Cosic
et al. (2015) framework, it is sufficiency and relevance
to Business Analytics in practice, and to further test
the relationship between capability levels and levels of
organisational value and competitive advantage.

Note

1. Calculated in R using pwr.r.test (n = 64, r = 0.5, sig.
level = 0.05).

Disclosure statement
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Appendix A. Survey Questions

Survey question responses are on a five-point scale. The major-
ity of survey questions use the level labels of Strongly Disagree
(1), Disagree(2), Neither Agree or Disagree(3), Agree(4),
Strongly Agree(5), exceptions to this are explicitly listed below.

A.1. Governance

G0 There are clearly identified individuals in our orga-
nisation who are responsible for making decisions in
relation to the planning, implementation and appli-
cation of Business Analytics.

G1 There are clearly defined individuals who will pro-
vide input into decisions in relation to the planning,
implementation and application of Business
Analytics.

G2 Individuals responsible for making decisions in relation
to the planning, implementation and application of
Business Analytics are held accountable for the result-
ing actions and outcomes of these decisions.

G3 What best describes the role of data and analytics in
the business strategy in your organisation?
1 No analytics vision or strategy exists at this time.
2 Some analytics strategy exists for functions or
lines of business.

3 Analytics strategy is established for the enterprise,
but not fully aligned across the business.

4 Analytics strategy is established and starting to be
viewed as a key strategic priority.

5 Analytics strategy is well established and central to
the overall business strategy.

G4 We prioritise our analytics efforts to high-value
opportunities to differentiate us from our
competitors.

G5 Our process for prioritising and deploying our data
assets (data, people, software, hardware) is directed
and reviewed by senior management.

G6 Our senior executives regularly consider the oppor-
tunities that data and analytics might bring to our
business.

G7 We consider new products and services based on
data as an aspect of our innovation process.

G8 We regularly conduct data-driven experiments to gather
data on what works and what does not in our business.

G9 We evaluate our existing decisions supported by
analytics and data to assess whether new, unstruc-
tured data sources could provide better models.

G10 We identify internal opportunities for data and
analytics by evaluating our processes, strategies
and marketplace.

G11 We have the ability to reconfigure and leverage the
organisations Business Analytics resources and cap-
abilities in order to respond to changes in the busi-
ness environment in a timely and efficient manner.

G12 We have the ability to manage human, technologi-
cal and process impacts across the organisation
arising from Business Analytics initiatives.

A.2. Culture

C0 Senior executives in our organisation utilise data and
analytics to guide both strategic and tactical
decisions.

C1 Non-executive level managers in our organisation
utilise data and analytics to guide their decisions.

C2 Users, decision-makers, and product developers trust
the quality of our data.

C3Which best describes your organisation’s current status
regarding the organisation and governance of data
analytics?
1 No organisation exists for data analytics.
2 Some informal data analytics groups exist in
departments or lines of business.

3 Data and analytics groups are well established in
departments or lines of business.

4 Enterprise-level data and analytics groups are
emerging.

5 Enterprise, department and lines-of-business data
and analytics groups exist and are well-aligned

C4 Your organisation is effective at implementing test
and learn processes that then impact analytics mod-
els and suggested actions?

C5 We use consistent methods/approaches for data and
analytics initiative design (projects targeting a specific
use case)?

C6 Our senior executives challenge business unit and
functional leaders to incorporate data and analy-
tics into their decision-making and business
processes.

C7 Our organisation's management ensures that busi-
ness units and functions collaborate to determine
data and analytics priorities for the organisation.

C8 We structure our data scientists and analytical pro-
fessionals to enable learning and capabilities sharing
across the organisation.
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C9 Our data and analytics initiatives and infrastructure
receive adequate funding and other resources to
build the capabilities we need.

C10 We collaborate with channel partners, customers
and other members of our business ecosystem to
share data content and applications.

A.3. Technology

T0 We have access to very large, unstructured, or fast-
moving data for analysis.

T1 We integrate data from multiple internal sources
into a data (or warehouse) lake for easy access.

T2 We integrate external data with internal to facilitate
high-value analysis of our business environment.

T3 How does our organisation factor data privacy into
a new initiative’s design?
1 Data privacy generally does not apply to us.
2 We consider all legal, regulatory, and compliance
considerations.

3 We rely on corporate policies that often go above
what is required.

4 In addition to the above, we consider what we
have brand permission from our customers to do
with their data.

5 In addition to the above, we create incentive
mechanisms that allow us to share value (pricing,
service levels, etc.) with our customers for use of
their data.

T4 We maintain consistent definitions and standards
across the data we use for analysis.

T5 We have explored or adopted parallel/distributed
computing, and/or cloud-based services approaches
to data management and processing.

T6 We employ a combination of big data and tradi-
tional analytics approaches to achieve our organisa-
tions' goals.

T7 We have seamless integration of Business Analytics
systems with operational/transactional systems to
exploit the capabilities of both.

T8 We are adept at using data visualisation to illuminate
a business issue or decision.

T9 We have explored or adopted open-source software
for analytics.

T10 We have explored or adopted tools to process
unstructured data such as text, video or images.

T11 We have the ability to develop and utilise self-service
analysis applications (e.g., reports, dashboards, scor-
ecards, and data visualisation technology)

A.4. People

P0 We have a sufficient number of capable data scien-
tists and analytics professionals to achieve our ana-
lytical objectives.

P1 Our data scientists and analytics professionals act as
trusted consultants to our senior executives on key
decisions and data-driven innovation.

P2 Our data scientists, quantitative analysts, and data
management professionals operate effectively in
teams to address data and analytics projects.

P3 Our data scientists and analytics professionals
understand the business disciplines and processes
to which data and analytics are being applied.

P4 We have programs (either internal or in partnership
with external organisations) to develop data science
analytical skills in our employees.

P5 Our Managers have the skills and knowledge to
redesign business processes as a result of implement-
ing Business Analytics projects.

P6 Our Managers have the skills and knowledge to
prioritise and manage Business Analytics projects.

P7 Our Managers have the skills and knowledge to
translate, communicate and sell the potential values
and benefits of Business Analytics to Senior
Executives.

P8 Our Managers have the skills and knowledge to
manage new innovation as a separate activity to
continuous improvement.

P9 Our organisation has an entrepreneurial mindset
and vision, with the ability to rationally assess risk
and benefits, and have a degree of freedom to pursue
value-creating actions.

A.5. Value & Competitive Advantage

VCA0 Our organisation has the ability to apply and
interpret data in a manner which meaningfully
influences our business.

VCA1 How would you describe your current state of
competitive ability in data and analytics?

1 We are well behind our competitors.
2 We are behind in some areas.
3 We are generally at parity with competitors.
4 We are ahead in most areas.
5 We are market leading.

VCA2 Our organisation has monetised data as a result
of our investment and activities in Business
Analytics.

VCA3 We have transformed our organisations business
model as a result of our investment and activities
in Business Analytics.

VCA4 Which best describes how value is measured
when demonstrating the impact of data analytics
on your organisation?

1 No visibility into the value created from analytics
initiatives.

2 Definition of business outcomes is typically estab-
lished upfront, but measurement is often difficult.

3 Performance of analytics is measured and mana-
ged, but inconsistent across functions and lines of
business.

4 Performance of analytics is managed consistently
globally using a well-defined set of financial and
non-financial measures.

5 Analytics initiatives are managed as a portfolio
with risk-weighted value assessments impacting
resource allocation decisions.
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