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Abstract

The analytics function is growing in importance as the digitisation of business opera-
tions and markets leads to the generation of ever-increasing amounts of data. Analysing
this data in a manner aligned with company priorities and structures can generate value
through supporting effective decision-making, rapid product innovation, supply chain vis-
ibility and other aspects of intra- and inter-company operations. To guide the growth we
derive a novel maturity framework focused on driving the Analytics-Business alignment,
covering a number of diverse organisational facets such as data, leadership support, pro-
cesses, data management, governance, technology and people. It differentiates itself by
using a firm theoretical foundation and providing guidance for analytics capability devel-
opment instead of simply diagnosing the existing maturity level. To guide development, it
distinguishes between two aspects of maturity — a “state” aspect, which is used to assess
the present situation in an organisation, and a “management” aspect, which evaluates man-
agement attitude in order to establish the next stage of analytics growth. The framework
has been implemented in a web-based tool and its utility has been demonstrated by obtain-
ing feedback from 64 managers from a variety of sectors, who have praised its ability to
integrate diagnosis of the current situation with guidance on the next steps necessary to
develop analytics maturity.
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1 Introduction

The ongoing digitisation of all aspects of business operations and trade leads to the genera-
tion of ever-increasing amounts of data, and this has led to growing focus on analytics as a
core tool for extracting value from this data. The concept of analytics is broadly understood
as using data to build computer models that can be applied to analyse products, services and
processes for the purpose of achieving a required outcome (Grossman, 2018).

The areas where analytics is expected to add value in the field of operations research
range from providing better visibility and lowering the cost of operations in supply chain
context (Raman et al., 2018) to supporting industrial decision-making and business growth
(Zhang et al., 2021). Often the value of analytics is seen as stimulating growth and devel-
opment, for example a firm’s data-driven culture is seen to impact its product and process
innovation, which in turn improves its performance and may bring competitive advantage
(Chatterjee et al., 2021; Chaudhuri et al., 2021). This also holds true across the supply chain,
where big data analytics capability is seen to positively impact the relationship between sup-
plier development and firms’ performance (Gu et al., 2021; Gunasekaran et al., 2017), and
in creating a customer-involving environment for new product development (Zhan et al.,
2018). Other expected performance effects of analytics include reduced financial risks and
improved financial performance, better understanding of customer preferences leading to
increased sales and new business opportunities, operational efficiency and decision making
(Ferraris et al., 2019; Holmlund et al., 2020; Siegel, 2016; Wamba et al., 2017).

Overall, data analytics is viewed as impacting many facets of operations research, and
this diversity of impact possibilities calls for alignment between analytics and business
strategy. The development of a strategic plan is thus deemed an important pre-requisite for
successful transition towards a business analytics enabled firm (Hazen et al., 2018). This
supports the concept of business analytics maturity (Vidgen et al., 2017), which is defined as
the stages of development of a firm in its pursuit “fo integrate, manage, and leverage all rel-
evant internal and external data sources into key decision points” (Halper & Stodder, 2014).

The concept of maturity remains widely researched in many disciplines, including in
operations research, sales and planning (Danese et al., 2018; Machado et al., 2017; Mishra
et al., 2015; Tavares Thome et al., 2012). Numerous maturity models have been developed
to address various aspects of information systems and other application fields (Becker et al.,
2009; Mettler & Rohner, 2009; Wendler, 2012). Some were developed to evaluate matu-
rity of information technology (Cates et al., 2005; Watson et al., 2001), data warehousing
(Sen et al., 2012), business intelligence (Chuah, 2010; Howson & Duncan, 2015, Russel
et al., 2010), big data and analytics (Burciaga, 2013; Grossman, 2018; Halper & Stodder,
2014; Nott, 2014; Vesset et al., 2015), and other domains. Our review of existing analytics
maturity models in Sect. 2 demonstrates their ad-hoc nature with a nearly universal lack
of underlying theories except being based on the Capability Maturity Model (Paulk et al.,
1993). The existing research explores the contribution of analytics to the firm’s growth, per-
formance (Rialti et al., 2019; Corte-Real et al., 2017; Erevelles et al., 2016; Ferraris et al.,
2019; Merendino et al., 2017; Shamim et al., 2019; Wixom et al., 2013), logistics and sup-
ply chain management (Wang et al., 2016), and innovation (Chaudhuri et al., 2021; Mikalef
et al., 2019a). As we have not come across analytics maturity models with theory-derived
maturity dimensions, i.e. specific areas of interest that are measured by practices, objects or
activities at each maturity level (Lahrmann et al., 2011), we suggest that the resource-based
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view (Barney, 1991) and dynamic capabilities (Teece et al., 1997) theories can be applied in
the context of analytics maturity to provide an underlying theoretical basis for a new Analyt-
ics Maturity Framework (AMF). Although some studies have applied dynamic capabilities
to the concept of maturity (Magnusson & Nilsson, 2020), so far, the resource-based view
(RBV) has not been used to provide a foundation for a holistic model of analytics capabil-
ity maturity, despite its obvious suitability. Therefore, we pose our first research question
as follows:

RQ1. What resources of a firm compose a holistic, theory-supported maturity model to
guide analytics capability development in organisations?

Our review demonstrates that the available analytics maturity models do not specifi-
cally offer a mechanism for transitioning between stages of maturity. Those maturity models
originating in consulting often recommend setting goals and creating a plan for change
(see Table 1). A similar approach has been suggested by academic research proposing that
firms need to design an evolutionary path to gradually build their digital capability (Issa et
al., 2018), and evolutionary changes of maturity states occur within an evolutionary cycle
(Russel et al., 2010). However, most often, the analytics maturity models do not describe
how the transition should occur (see Table 1); this implies that the firm’s analytics capability
should match the characteristics of the model in the next stage of maturity. Although analyt-
ics is becoming a key function for evidence-driven decision-making in support of bring-
ing down costs and increasing profitability, businesses still have difficulties understanding
their analytics capability and progressing in analytics adoption and digital transformation
(Viaene & Van den Bunder, 2011); they are under pressure to improve the existing capabili-
ties and to find unique and relevant insights (Kiron et al., 2014). Research has identified
thirty-one challenges companies face when trying to create value from business analytics,
of which data quality, using analytics for improved decision-making and creating a big data
and analytics strategy remain top three (Vidgen et al., 2017). We aim to address the gap in
the literature and pose our second research question:

RQ2. How can transition to the desired level of maturity be achieved?

This paper focuses on developing the AMF - a theory-derived framework for assessing
the analytics maturity of firms and facilitating transition to the desired level of maturity.
The development and validation of the AMF is the core contribution of this paper, and the
ways in which it is derived from the two underlying theories is described in Sect. 3. Our
framework is differentiated from existing analytics maturity models by using a solid theo-
retical foundation and providing guidance for future growth instead of simply diagnosing
an existing maturity level. This guidance is based on the AMF distinguishing between two
dynamic aspects of maturity — a “state” aspect, which is used to assess the present situation,
and a “management” aspect, which evaluates the management attitude in order to establish
the next stage of growth for the company’s analytics.

We describe the use of the Action Design Research method in our research methodology
in Sect. 4, and focus on the systematic derivation of the framework elements from empirical
material while building upon the existing knowledge base in Sect. 5.

The AMF’s utility has been tested by implementing it as a web-based assessment and
advisory tool, and by inviting management practitioners from a variety of sectors to com-
ment on its value and drawbacks. The findings described in Sect. 6 indicate that the ability
of the framework to integrate diagnosis of the current situation with guidance on the next
steps is necessary to improve analytics maturity.
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The theoretical and management implications described in Sect. 7 demonstrate the
potential of this work to strengthen the impact of the RBV and dynamic capability research
by instantiating their constructs in the area of analytics maturity models, and to change
management practice by providing direct and customised guidance to companies at differ-
ent stages of analytics capability development through aligning such capabilities with the
business needs.

2 Literature review

The concept of modelling maturity originates from the works of Crosby (1979) and Nolan
(1979). It received widespread use from the software process maturity framework known
as Capability Maturity Model (CMM) developed in 1987 (Paulk et al., 1993). The CMM
offered a set of recommendations for improving software development and maintenance
capability of the IT function. Maturity models are known as a tool for assessing the state
of completeness of certain capabilities (Wendler, 2012) or a set of characteristics. Such
characteristics found in the existing analytics maturity models appear to be arbitrarily
defined. Although they cover different aspects, such as data quality, leadership support, data
management, governance, technology, people and skills, these models focus on pinpoint-
ing problems rather than on guiding the development of analytics capabilities. Although a
small number of models consider alignment of analytics with business strategy (Comuzzi
& Patel, 2016; Davenport, 2018), the majority of the models overlook the importance of
Analytics-Business alignment for achieving holistic analytics capabilities at a maturity level
required by an organisation for operational or strategic decision-making. This paper reviews
only maturity models available in the Business Intelligence (BI), big data and analytics
space. Earlier models developed by academia focused on Data Warehousing (Watson et al.,
2001; Sen et al., 2012) and BI maturity (Cates et al., 2005; Eckerson, 2007; Chuah, 2010).
Only a handful of such management tools were provided by consulting practice before
2010. The first assessment tool for measuring analytics was the DELTA model developed
in 2010 by Davenport (2018). Other BI and analytics maturity models from business and
IT consultancy firms emerged in subsequent years, e.g. Gartner (2010), Capgemini (2012),
INFORMS (2013), IBM (2014), TDWI (2014) and IDC (2015). An overview of the identi-
fied analytics maturity models is shown in Table 1. The details of a few selected models
were analysed during the design of dimensions for our framework.

The existing models provide recommendations for setting maturity development goals
on either continuous or staged progress. However, they lack a theoretical foundation for
how the analytics capability development and transition between stages should be achieved.
Several publications pointed out that the available maturity models had no theoretical fram-
ing, except for being broadly based on the CMM (Becker et al., 2009; Magnusson & Nils-
son, 2020; Muller & Hart, 2016; Russel et al., 2010; Wendler, 2012). Another identified
issue with the existing models concerns the maturity limit-setting nature of the CMM-based
models and their questionable relevance to business intelligence, analytics and digital tech-
nologies because they cannot have a final state of maturity, rather they evolve (Magnusson
& Nilsson, 2020; Russel et al., 2010). To address the issue, alternatives to the conventional
matrix structure have been proposed (Magnusson & Nilsson, 2020; Russel et al., 2010).
Also, our review shows that the available models appear to use a mixed maturity concept
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Table 1 Analytics Maturity Models Overview

No Name Reference  Dimensions Origin Theoretical =~ Transition
Foundation
1 INFORMS Burciaga,  Organisational practices Industry /  not recommends
2013 and culture; analytics capa- Consulting specified to set goals
bility, data & infrastructure
2 IDC Vesset et Vision, technology, data, Industry/ CMM vague narra-
al., 2015 people, process. Consulting tive that each
dimension
contributes to
the progress
from one
stage to the
next
3 TDWI Halper and  Technologies, data Industry /  not not described,
Stodder, management, analytics, Consulting specified helps to inter-
2014 governance, and organisa- pret maturity
tional aspects scores
4  PAFMA Capgemini, People, processes, deploy- Industry/ not not described
(Predictive 2012 ment, prioritisation and Consulting specified
Analytics governance for analytics
Maturity purposes
Framework
Assessment)
5 Gartner Howson & Level of development of BI Industry/ not not described,
Duncan, and analytics initiatives Consulting specified recommends
2015 creating
a plan for
change, offers
support with
the develop-
ment of a
future-state
vision
6  DELTA/ Davenport, Analytics strategy, non-da- Industry/ not not described
DELTA Plus 2018 ta driven corporate culture, Consulting specified
/MTA AMA poor processes, organisa-
(Analytics tional resistance, quality
Maturity and availability of data.
Assessment) The updated model DELTA
Plus (2017) includes

two new components:
technology and analytics
techniques

@ Springer



Annals of Operations Research

Table 1 (continued)

No Name Reference  Dimensions Origin Theoretical ~ Transition
Foundation
7  APMM (Ana- Grossman, six key process areas: (i) Academia CMM not de-
lytics Process 2018 building analytics model, scribed; goals
Maturity (ii) deploying analytics identified
Model) models, (iii) managing based on
and operating analytics common
infrastructure, iv) protect- practice

ing analytics assets through
appropriate policies, v)
operating an analytics
governance structure, vi)
identifying analytics oppor-
tunities, making decisions
and allocating resources
based on an analytics

strategy
8 EBIMM Chuah, Data warehousing, Academia CMM not described
(Enterprise 2010 information quality, and
Business knowledge process
Intelligence
Maturity
Model)
9 DWPM (Data Senetal., Data warehousing Academia CMM not described
Warehous- 2012 process supporting qual-
ing Process ity and timely delivery of
Maturity) information.
10 LOBI (Ladder Catesetal., Enterprise IT planning Academia not not described
of Business 2005 architecture specified
Intelligence)
11 IBM Big Data Nott, 2014  Business strategy, informa- Industry/ not not described
& Analyt- tion, analytics, culture, Consulting specified
ics Maturity architecture, governance
Model
12 Data Ware- Watson et Data, Architecture, Stabil- Academia Matura- moving
housing al., 2001 ity of Production environ- tion of data  through the
Stages of ment, Warehouse staff, processing  stages is not
Growth model users, Impact on users’ (Nolan, described
skills and jobs, Use of the 1979)
warehouse, Organisational
impact, Costs and Benefits
13 (BDMM) Big Comuzzi & Strategic Alignment, Academia Matu- no developed
Data Maturity Patel, 2016  Organisation, Gover- rity levels ~ mechanism,
Model nance, Data, Information (Beckeret  “To-be’
Technology al., 2009);  suggestions
Organisa-
tion strategy
literature
14 Organic evo-  Russel et A conceptual model Academia CMM only suggests
lutionary ma-  al., 2010 proposing that maturity that the
turity model happens within each evolu- object that is
of Business tionary phase evolving may
Intelligence bridge an
evolutionary
chasm
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Table 1 (continued)

No Name Reference  Dimensions Origin Theoretical ~ Transition
Foundation
15 HISMM Carvalho et Data analysis, Strategy, Academia not determine the
(Hospital al., 2019 People, Electronic medi- specified next achiev-
Information cal record, Information able stage
System Matu- security, Systems and and identify
rity Model) Infrastructure attributes that
must be met
to achieve a
new stage.

focusing on the three elements described by Lahrmann (2011) - people, process and technol-
ogy; some also incorporate organisational aspects such as vision, strategy and culture. On
top of the organisation’s ability to build and use analytics models with available data, ana-
Iytics maturity involves several organisational capabilities, resources and processes (Gross-
man, 2018). Along with resources such as available data, IT infrastructure and technical
skills, which alone do not guarantee successful data-informed decision-making, creating a
data science and analytics culture needs to be supported by management (Provost & Faw-
cett, 2013). Typically, building and nurturing the analytics culture can take years (Halper
& Stodder, 2014). In addition, the effective use of data can be influenced by several factors
including data quality, data privacy and governance, perceived organisational benefits, pro-
cess management, people, systems, tools and technologies, as well as various organisational
aspects (Surbakti et al., 2020). Quality of data has been emphasised as an important prereq-
uisite of analytics maturity (Kiron et al., 2014; Ji-fan Ren et al., 2017); however, it remains
a major challenge for businesses at all maturity levels (Lismont et al., 2017). This means
that the availability and convenience of relevant mechanisms for ensuring data health, reli-
ability and governance remain key factors in analytics maturity assessments. For developing
analytics capabilities, not only do organisations need to have a thorough understanding of
how analytics are deployed in the organisational context (Mikalef et al., 2019b), they also
need a structured approach to the understanding of their existing analytics capabilities and
resources.

Having reviewed available analytics maturity models and after consulting the litera-
ture, we established that although there is a small number of models that have the under-
lying theoretical foundations or consider maturity-influencing factors and alignment with
business strategy, there is still a lack of well-rounded analytics maturity frameworks with
theory-supported maturity dimensions. In addition, although the literature discusses analyt-
ics processes, data, governance and other relevant characteristics that contribute to better
organisational performance, we have not come across academic frameworks that suggested
a theory-based transition method to enable the development of analytics capability and
change. In the following section, we argue the suitability of the RBV and dynamic capabili-
ties concepts to underpin a new framework to address this gap.
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3 Theoretical approach

As companies diversify to compete in the market by offering unique products (Penrose, 1959,
pp.21-22), they create unique capabilities and resources (Mintzberg et al., 2009, p.292). The
RBV (Barney, 1991; Wernerfelt, 1984) and dynamic capabilities concept (Eisenhardt &
Martin, 2000; Shamim et al., 2019; Teece et al., 1997), concern the development of internal
capabilities in firms. The former emphasises the rooting of capabilities in the evolution of a
firm itself and its organisational culture, whilst the latter stresses their development through
a process of strategic learning (Mintzberg et al., 2009, p.293).

To underpin a new Analytics Maturity Framework with theoretical foundations we link
the RBV and dynamic capabilities to the concept of analytics maturity. In this paper, we
explore the ways the RBV and its VRIN/VRIO framework can guide the development and
organisation of internal resources and capabilities. We argue that analytics maturity can be
conceptualised as the state of the organisation of internal resources gradually evolving to
align with business needs and situations requiring insight for relevant decision-making.
The proposed analytics maturity framework (1) provides firms with a method to assess and
understand the state across their analytics resources and management attitudes towards the
development of those resources; and (2) offers guiding principles on how firms can achieve
analytics maturity growth.

Research that attempted to explain the structure of maturity models is the work by Lah-
rmann et al. (2011). It gives theoretical definitions of five characteristics of maturity models:
maturity concepts (“people maturity”, “process maturity” and “object or technology matu-
rity”); dimensions (specific areas of interest measured at each level); levels (representative
states of maturity of each dimension); maturity principle (continuous or staged) and matu-
rity assessment (qualitative or quantitative). We were guided by the outlined principles and
characteristics while developing our framework; however, Lahrmann’s theoretical model
does not define a transition mechanism between the levels, i.e. representative states of matu-
rity. This mechanism was deemed important by our end users and its presence in our frame-
work is one of the main innovations in our framework.

3.1 Theresource-based view

The RBV takes a firm-specific perspective on why organisations succeed or fail in the mar-
ketplace (Hunt & Morgan, 2005). This view suggests that having resources that are valu-
able, rare, inimitable, non-substitutional and organised (VRIN/O) in order to capture value
makes it possible for firms to develop a competitive advantage and achieve superior perfor-
mance (Barney, 1991; Grant, 1991; Wernerfelt, 1984). According to Daft (1983), the firm’s
resources include assets, capabilities, organisational processes, information, and knowledge.
Controlled by the firm, these resources enable strategy creation that improves its operational
efficiency and effectiveness. Furthermore, the firm’s resources are divided into three types:
(i) physical capital resources consisting of resources such as equipment and technology; (ii)
human capital resources comprising experience, training, intelligence, and knowledge; and
(iii) organisational capital resources concerning formal structures, controlling systems and
reporting and planning systems (Barney, 1991). We argue that the firm’s analytics capability
is a bundle of resources comprising organisational and managerial culture, skills, gover-
nance, analytics processes, [T/Analytics infrastructure, and data technology and techniques
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that can be re-organised. A transition mechanism enabling maturity growth in our proposed
Analytics Maturity Framework is based on dynamic re-organisation of the internal analytics
resources and capabilities.

The RBV perspective is used in the proposed framework holistically. Viewed as a
resource in itself, knowledge resulting from using the maturity assessment aids managers in
understanding and re-organising the firm’s internal analytics resources. The AMF can help
assess the organisation of resources as advocated by the VRIN/O framework, however, the
realisation of its utility is reliant on the management attitude and action since the unused
knowledge in the form of the results of the assessment cannot, by itself, initiate improve-
ments that will advance analytics maturity and contribute to growth, company performance,
and competitive advantage through analytics.

According to Gupta et al. (2018), the ubiquity and rapid increase in the use of ground-
breaking IT technologies led by technological evolvement may erode the sustainability of
the firm’s existing analytics resources. Technological resources represent physical capital.
However, with fast-paced changes in technology, once efficient and appropriate technology
may lose its relevancy a few years later. Regarded as relatively static, the RBV creates some
limitations. It neither takes into account the rapidly changing nature of business environ-
ments (Teece et al., 1997) and institutional pressures (Dubey et al., 2019), nor accommo-
dates the changes in the evolution of technological and digital resources to support efficient
analytics and demanding business goals. Therefore, invoking the concept of dynamic capa-
bilities may help to overcome this fundamental limitation (Barreto, 2010).

3.2 Dynamic capabilities

As indicated in the literature review, some research has attempted to apply the dynamic
capabilities concept to maturity models before. Dynamic capabilities emphasise organisa-
tional routines and managerial skills as drivers of the firm’s ability to integrate, build and
reconfigure internal competencies to address or create changes in the business environment
(Teece et al., 1997). Recent research confirms that big data processes and capabilities need
to change dynamically to adjust to external and internal influences (Braganza et al., 2017).
The AMF provides an assessment of maturity levels given a combination of resources in a
specific time period, thus the guidance to develop further will be based on the firm’s organ-
ised resources. Any resources within the firm can change over time either due to internal
factors or external forces, resulting in a need to be adjusted to business pressures. Firms can
produce knowledge by reviewing their analytics resources to ensure enduring operational,
financial and market performance. Therefore, the dynamic capabilities principles emphasise
resource development and renewal through reassessment and re-organisation.

Firms perceive the role of analytics as critical in closing the maturity and capability gap
between digital natives and traditional companies (Alles & Burshek, 2016). However, the
successful adoption of analytics remains a challenge for many (Viaene & Van den Bunder,
2011). Indeed, just the possession of analytics capabilities or the application of analytical
methods without a clear business need to address brings no real value to the companies
unless data is meaningfully transformed into actionable insights (Holsapple et al., 2014;
Gandomi & Haider, 2015; Larson & Chang, 2016; Seddon et al., 2017) for decision-making.
This requires such insights to be accessible and integrated into business processes to enable
evidence-based decisions and insight-informed actions (Bose, 2009; Lavalle et al., 2011;
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Seddon et al., 2017). If previously hidden knowledge provides value after transforming
data into actionable insights by using analytics, then, from the resource-based and dynamic
capability perspectives, establishing and organising processes that enable better utilisation
of the appropriate internal resources is supported by the VRIN/O framework. The dynamic
capabilities concept suggests that companies build up knowledge that allows improving the
process of bundling and re-bundling of resources (Eisenhardt & Martin, 2000); and that
companies should have an ability to renew and reinvent their strategic, analytics, digital and
IT capabilities to meet the requirements of changing environments (Mikalef & Pateli, 2017;
Pavlou & El Sawy, 2006; Shamim et al., 2019; Wang et al., 2012). We explain the composi-
tion of the framework and the transition mechanism in Sect. 5.

4 Methodology

Our research uses multiple case studies, though initially we focused on a single company. It
started with a request from a digital technology company that was preparing to commence
a major transformation of their customer relationship management (CRM) system, and the
management team were looking at ways to build a business-wide automated sales forecast-
ing process. The challenge was to streamline all sales forecasting processes and ensure
data quality and necessary resources for building analytics and forecasting capabilities.
Reflecting on this study’s research question that originated from a real business problem, we
decided to combine several research methods in our approach, i.e. a review of the existing
knowledge base, an analysis of existing maturity models, and action design research (ADR).

Our exploratory literature review aimed to identify existing maturity models and aca-
demic literature relevant to the concept of analytics maturity. We needed to understand from
the current literature what dimensions are used in existing maturity models, and to identify
organisational areas that influence the development of analytics capabilities. In addition to
exploring maturity dimensions, our literature review has concluded that (1) the existing con-
sulting models did not have a theoretical basis (Menukhin et al., 2019); and (2) only a small
number of theory-supported maturity models originated from academia, but none provided
a theory base for transition from one analytics maturity stage to the next.

In order to develop an analytics maturity framework we followed the sequence of activi-
ties for developing a theory-informed artefact as recommended by the ADR guidelines (Sein
et al., 2011), using a qualitative approach (Creswell, 2009) for problem exploration and
definition, and a framework validation survey. We were guided by theoretical definitions of
maturity model elements (Lahrman et al., 2011), definitions of maturity level in the Stra-
tegic Alignment Maturity model (Luftman, 2000), the RBV (Barney, 1991) and dynamic
capabilities (Teece et al., 1997) theories. As the review of the previous relevant studies was
an integral part of the iterative artefact-development process, the literature was consulted
throughout different ADR stages.

4.1 Action design research
We used the ADR method because it supports the simultaneous development of a theory-

informed artefact and deployment of this artefact to help address existing organisational
challenges in the first case study organisation as explained below. The adopted method is

@ Springer



Annals of Operations Research

shown in Fig. 1, and this section provides further details for the implementation of each
of the four ADR stages (Problem definition; Building, Intervention and Evaluation (BIE);
Reflection and Learning; and Formalisation of Learning).

The initial focus on the first case study allowed an in-depth analysis of needs and context
that were sufficiently specific yet typical for a business setting. This was triangulated with
the existing knowledge about the role of analytics as an organisational asset as outlined
in the literature review to form an integrated and generalised understanding of both the
organisational context and user needs with regards to analytics maturity. Each version of
the maturity assessment model was evaluated by drawing on both practical feedback and
theory. Four ADR stages are described below.

4.1.1 Problem definition

The business problem outlined by practitioners from the first case study company to the
research team resulted from the company’s internal complexities and disparities between
departmental and regional approaches to sales forecasting by different business units. These
were further investigated during interviews. This research proposed to assess the company’s
analytics maturity of the business unit in question. Since it was a multinational company,
UK-based and overseas departments provided a sufficient scale for the research.

Key information for this theory-driven and practice-inspired research was gathered on:
(a) the existing process of forecasting sales and financial performance, and (b) understand-
ing the current practices and challenges related to the use of analytics and forecasting tech-

Stage 1. Problem Formulation

iPrinciple 1: i tPrinciple 2:

! Practice- ‘Theory- :

éinspired : éingrained - "| Stage 3. Reflect &
iresearch | iartefact design Learn

..........................................

Stage 2. Building, Intervention & Evaluation

éF’rinciple 3 : éPrincipIe 4: iPrinciple 5: Principle 6: Guided
iReciprocal ‘Mutually : §Authentic & : Emergence
éShaping : Einﬂuencial roles§ ‘concuring »

: ,. : : ievaluation :

!

Stage 4. Formalisation & Learning

iPrinciple 7: Generalisation of the outcomes

Fig. 1 ADR method stages, adapted from Sein et al. (2011)
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niques. During this phase, more precise business requirements were defined by the company
management; these were incorporated in the design of an interview guide that was used to
gather input during the next stage.

4.1.2 Building, intervention and evaluation (BIE)

The second stage included the following activities: (1) reviewing available maturity models;
(2) carrying out interviews with practitioners and users to gather information relevant to the
existing process and the associated practices and challenges; (3) assessing the company’s
maturity level; (4) integrating maturity dimensions into a target artefact - a theory-supported
analytics maturity framework (cf. Sect. 5.1); and (5) evaluating the framework and imple-
menting iterative modifications based on practitioners’ feedback.

An initial version of the analytics maturity framework was presented and tested with
stakeholders in the first case study company. Subsequent interventions throughout this stage
focused on developing an online version of the analytics maturity framework to allow other
practitioners to independently assess their companies. The revised version incorporated a
validation survey and testing the framework with three additional companies. This work is
discussed further in Sections <link rid="Sect. 16”>5</link> and 6 below.

4.1.3 Reflection and learning

This stage represents a conceptual move from constructing the framework to applying it to
different organisations thus testing its generalisability. The research team focused on reflect-
ing on the problem framing, identified research gaps, the theories chosen and the emerging
output. Validating the framework with several companies confirmed that the problem fram-
ing was generalisable and relevant for any business setting.

4.1.4 Formalisation of learning

The final stage of the process focused on the generalisation of the outcome. It included shar-
ing the emerging versions of the framework with users and practitioners within the original
case study company first. It followed by making the final version available for free access
and use by any company as a web-tool. This allowed us to extend the research, validate and
generalise the results. Thus, the refinement and reassessment of the research aim and objec-
tives as part of and throughout the research process reflected the iterative nature of the ADR
process and principles.

4.2 Data collection approaches

Data was collected from a range of sources as part of Stage 2 of the ADR process.

4.2.1 Interviews

To better understand the business context within our first case study company and explore

specific areas of interest to be assessed, the research team conducted unstructured inter-
views. The interviews provided first-hand insights from knowledge holders at two levels
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of seniority within the company, which gave the researchers different perspectives on the
current business process. Participants for phone interviews were selected from relevant
functional units in three identified geographic locations of this multi-national company. The
main principle in selecting respondents was their experience, knowledge of and involve-
ment in the business process in question. The selected groups included (1) regional decision
makers (regional sales managers and business partners from Sales Operations who typi-
cally read forecast report, Tableau-dashboards users) and (2) global decision makers (global
programme managers and directors who did not use information systems and digital tools,
but used the forecasting results for making organisation-wide decisions; they had a strate-
gic view of the business. Additionally, experts from Finance, Marketing and IT were also
included in order to determine the level of their involvement with Sales Operations.

In order to gather in-depth information on the business process, responsibilities and ways
how analytics could improve the business process results, interview questions were divided
into three research sections: process, maturity and improvements. The main reason for
selecting unstructured interviews as the primary research approach was their flexibility in
allowing adjustments to be made within the list of the defined areas of investigation during
the interviews (Saunders et al., 2015, p.391).

In addition to achieving the understanding of the process and gathering related informa-
tion, the interviews incorporated questions on the quality of the existing data, its adequacy
to deliver anticipated results and what improvements can be made to make efficient data-
informed decisions. Our questions were designed to examine the analytics maturity of the
Sales Operations with a particular focus on forecasting sales and predicting performance.
We also sought to understand data sources, frequency, process, output and target audience.

Our literature review showed that the concept of maturity has been applied to multiple
areas in Information Systems, and the existing maturity models tend to focus on the fol-
lowing aspects: (a) analytics technology issues; (b) business/organisational perspective;
(c) analytics capabilities; and (d) the impact of analytics on the decision enablement and
business performance (Chen & Nath, 2018). To explore the company’s maturity, our ques-
tions were organised to cover four dimensions: process, people, technology (including data,
IT systems) and management support. Table 2 provides a sample of interview questions.
During the interview process it became apparent that one additional important dimension,
governance, was overlooked when designing the questionnaire. It was investigated during
subsequent discussions.

To achieve a sufficient cross-section of sales managers, business partners and other sup-
port staff who provided their opinions and experiences, between 10 and 15 people in total
from the key target functional units were interviewed in EMEA, Americas, Asia Pacific and
Australia. Commentary and analysis of the interview findings were used in developing the
framework.

4.2.2 lterative meetings

To gather initial feedback, we presented our framework design and maturity assessment to
three senior managers within the first case study company. The initial prototype of the AMF
was also tested with three managers within two external start-up companies. In contrast to
the first case study company, these start-ups had small-scale global footprint. The frame-
work was presented to the managers over a series of conference calls and face-to-face dis-
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Table 2 Interview guide Focus Questions

1 Process Does a defined process for analytics exist
in your business unit?

2 Process Do you think IT understand the sales
forecasting process?

3 Process Are predictive analytics techniques inte-
grated with decision making processes?

4 Process Is customer data analysed using analytics
techniques?

5 Process Are you aware of how predictive analyt-

ics techniques can be leveraged for this
business process?

6 Technology Are experts aware of IT potential to help
with analytics needs?

7 Technology Are there any standardised tools/tech-
niques used for data analytics?

8 Technology Is the technology environment able to in-
tegrate predictive models into operational
processes?

9 People At what level within the company, analyt-
ics initiatives are governed or sponsored?

10 People Do you have people with data analytics
skills in your team?

11 Management Is there a budget allocated for analytics
initiatives?

12 Management Are predictive analytics initiatives en-

couraged in your business unit?

Table 3 Initial validation survey Questions
questions Do you find the framework useful?
2. Do you find the framework clear?
3. Can you identify where your organisation fits in

relation to the analytics maturity level?

4. Does it help to select the right analytics technique
suitable for the present maturity level?

S. Does it provide guidance regarding how to prog-
ress to the next maturity level?

6. Do you think it could be used in your organisation?

cussions. Our presentations focused on explaining the AMF, reasons behind its creation, and
how its use could support management challenges. The research purpose of these interactive
meetings was to understand the practical value of the AMF to the participating businesses.
Feedback obtained from a survey questionnaire, which is shown in Table 3, was incorpo-
rated into further improvements of the AMF and led to the creation of a web-based tool that
consisted of two parts, a self-diagnostic assessment and a feedback gathering validation
survey.
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4.2.3 Framework as a web-based tool and a validation survey

After identifying maturity levels and dimensions for the framework, we constructed ques-
tions for assessing each dimension. The questions related to the maturity dimensions were
reviewed through several iterations by the research team before the first version of a web-
based tool was designed in Qualtrics. The online assessment provided a brief description of
the framework and its potential benefits. Users were invited to provide consent for data to
be collected when they use the tool. The assessment was organised in 6 sections, each dedi-
cated to an AMF dimension, with questions exploring the ‘Present State’ of analytics and the
‘Management’ aspects for each of the maturity dimensions (‘Organisation’ — 6 questions,
‘IT and Analytics Infrastructure’ — 7, ‘Analytics Processes’ — 6, Skills — 6, ‘Governance’ -7,
‘Data and Analytics Technology’ —6). The analytics maturity assessment included a combi-
nation of multiple-choice and matrix table questions. Participants were asked to reflect their
understanding of data analytics within their organisation or individual business units when
answering the questions. The web-based tool we built to operationalise and test the AMF is
available at bit.ly/Analytics_Growth.

To determine the profiles of participants, they were asked to choose options that would
indicate their involvement with analytics in their roles. Upon completion of the analytics
maturity assessment, participants were invited to answer a validation survey consisting of
eight questions, shown in Table 4, with five focusing on the validation of the AMF useful-
ness and three asking about company industry, company size and the participant’s role in
their organisation.

Table 4 AMF web-based valida-

; Questions
tion survey

1 Has completing this survey helped you reflect on the
state of Analytics Maturity in your organisation?

2 By answering the survey questions, have you been able
to relate the state of analytics use in your organisation
with any particular level of the framework?

3 Has answering the assessment questions helped you
identify the areas for improvement to drive the analytics
maturity growth in your organisations?

4 Can using the Analytics Maturity Growth framework be
of benefit/value in your organisation?

5 If you answered Yes in the previous question, what
benefit/value can using the framework make in your
organisation? Please explain briefly your thoughts:

6 Please select your organisation’s industry. This will help
us gauge the level of analytics maturity within indus-
tries (drop down menu with a list of industry sectors).

7 Please select the size of your organisation, by number
of employees
8 What is your current role in the organisation? We only

ask this to help us understand your perspective on

the framework and the feedback you are giving. Our
assumption is that Business Managers and Data Profes-
sionals’ views of the analytics maturity will differ.
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5 The analytics maturity framework
5.1 Design

A summary of the activities performed during designing and creating the AMF is shown in
Table 5.

The Analytics Maturity Framework uses a common maturity structure. We adapted the
definitions of five maturity levels from the Strategic Alignment Maturity (SAM) model
(Luftman & Kempaiah, 2008). These are ‘Initial’, ‘Committed’, ‘Focused’, ‘Managed’ and
‘Optimised’. Based on the analysis of the existing models that is shown in Table 6, and
while also keeping in mind the IT-Business alignment criteria from the SAM model, we
constructed new maturity dimensions by grouping commonly occurred themes.

Based on our interview findings and the above analysis, we selected six dimensions that
could provide support for the Analytics-Business alignment based on the identified firm’s
resources. Since the motivation for our study was to ground an analytics maturity frame-
work in the established theoretical base, we explored management literature on the RBV
and big data analytics to support our proposed framework’s dimensions. The AMF dimen-
sions were developed using the environment and knowledge base perspectives (Hevner
et al., 2004), as shown in Fig. 2. The environment perspective represents our empirical
research findings accumulated through interviews within the case study companies, analysis
of available maturity models and practitioners feedback. The knowledge base perspective
represents literature and academic resources that we accessed in order to develop our matu-
rity dimensions.

Each of the AMF’s dimensions - organisation, skills, governance, analytics processes,
IT/Analytics infrastructure, and data technology, tools and techniques - are viewed through

Table 5 Activities performed in the development of the AMF

Stages Ist iteration 2nd iteration 3rd iteration
Building 1) Review of existing maturity 1) Define maturity Web-based assess-
models (Table 1) dimensions based on the ment (AMF version
2) Interviews in CS1 (focusingon ~ SAM model of IT/Busi-  2)
maturity of process, technology, ness alignment
people and management) 2) Literature on maturity
3) Analysis of CS1 with three dimensions
selected maturity models 3) Web-based assessment

4) Initial prototype based on the (AMEF version 1)
SAM model (Luftman) for maturity

levels
Intervention Presentation to CS1 (multinational ~ Presentations to CS2/ Online assessment
technology company) CS3 (two technology by CS4, Presentation
start-ups) to CS4 (large public
sector company)
Evaluation Survey questions (Table 3) Survey questions Web-based valida-
(Table 3) tion survey (Table 4)
Learning Able to assess maturity, but need Maturity assessment is Adjusting the frame-
clarity on guidance on how to get clear, but need further work for different
next levels clarity on transition to roles (Business vs.
next levels Technology)
Reflection Problem framing, research gaps, Maturity dimensions Overall usability
theory, maturity dimensions and utility of the
framework
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Table 6 Comparison of selected Dimensions INFORM IDC TDWI
analytics maturity models

Organisation  Attitude towards . ° °
analytics

Leadership support . . °
Measures . i

Processes- use of
analytics in business
process

Vision Strategy .
Budget

Justification for .
investment

IT- Business °
alignment

Analytics Governance . .

Roles, skills, teams
Analytics Ser- . . .
vices (spectrum,
techniques)
Analytics processes . .
Location (separate or .
within IT)
Collaboration
Training

Data Data Quality (data .
health)
Access for users .

Data completeness, .
source

Traceability, . . °
reliability, lineage,

auditability

Timeliness (availabil- ° °
ity, collection)

Data strategy .

Data management (] °
process

Technology Enterprise IT . . .
architecture

Deployment
Adoption
Performance

Functionality

the lens of the RBV. They differ by their nature: organisational, physical or human capital.
Three out of the six dimensions, i.e. analytics processes, organisation and governance, are
characteristic of the organisation element of the RBV’s VRIN/O framework, meaning that
the physical and human resources represented by IT/analytics infrastructure, data/analytics
technology and skills respectively are supported by the firm’s analytics governance struc-
ture, processes and culture, all of which are intangible resources and therefore difficult to
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Environment Knowledge Base
—
Practitioners’ feedback on management ) Analytics culture, organisational structure, and management support as
attitude and analytics awareness, lack of Organi- an important intangible resource (Barton & Court 2012; Davenport et al.,
support for evidence-based decls'\o’n-makm sation 2001; Erevelles et al., 2016; Gupta and George; 2016; Kiron et al., 2014;
PP e Lavalle et al., 2011; Mikalef et al., 2018; Olszak, 2016; Ross et al., 2013)
N—
Practitioners’ feedback on a need T/ A key component of analytics capabilities (Wamba et al., 2017), a tangible
for integration between various Analytics resource; firms need to have and IT infrastructure capable of storing, sharing
analytics applications and their Infra- and analysing large volumes of data (Mikalef et al., 2018). Supporting
alignment with business needs structure growing volumes of diverse & fast data is critical (Gupta & George, 2016)
)
Practitioners’ feedback on Management of analytics is a key component of data & analytics
Interviews, existing issues or the lack of Analytics capabilities (Wamba et al., 2017). Data quality defined in terms of
analysis of existing established processes and Processes accuracy, completeness, format, timeliness, reliability, perceived
analytics maturity procedures value (Ji-fan Ren et al., 2017; Kiron et al., 2014)
models, —
: SR
observations, practitioners’ feedback A key component of BDA capabilities (Wamba et al., 2017), technical
d'“““"’f‘s' racti \obr!ﬁr‘s eed ‘ac Ionf i and managerial (Gupta & George, 2016), the capacity to utilise data
and meetings various a 'I't;_es arll'll evels of Skills technologies & tools, and make strategic decisions is highly dependent
analytics skifls on the human resources, skills and knowledge (Mikalef et al., 2018)
—
Practitioners Observed issues An intangible resource needed to define, prioritise & track analytics
feedback on the lack with data Governance initiatives, manage different types of data needed for analytics (Espinosa &
of alignment with governance (lacking Armour, 2016), the value of establishing governance rules (Tallon et al.,
business needs or fragmented) 2013; Vidgen et al., 2017, and other as cited in Mikalef et al., 2018)

Practitioners’ feedback on issues of the
use of analytics in silo, lack of integration
across the company & no strategic
development of data technologies

Key component of BDA analytics (Wixom et al.,
2011) and a tangible resource (Gupta &
George, 2016; Erevelles et al., 2016; Olszak,
2016, and other as cited in Mikalef et al., 2018)

Data &
Analytics
Technology

-

Fig. 2 Integrating maturity dimensions using the Environment and Knowledge perspectives, adapted
from Hevner et al. (2004)

imitate. The AMF can be used as a tool to support the internal organisation of the analytics
capabilities. A brief description of each dimension is provided below.

5.1.1 Organisation (organisational/intangible)

Defines to what extent the organisational strategy, culture, leadership back business analyt-
ics (Barton & Court, 2012; Chaudhuri et al., 2021; Davenport et al., 2001; Erevelles et al.,
2016; Gupta & George, 2016; Kiron et al., 2014; Lavalle et al., 2011; Mikalef et al., 2018;
Olszak, 2016; Ross et al., 2013). Support for analytics can be fragmented, business unit-level
or widespread and the level of such support demonstrates the management attitude towards
encouraging analytics-informed decisions and business environment. Shows the importance
of integrating and driving the right behaviours for analytics-supported and insight-driven
decision-making. Lack of culture that supports the use of analytics is suggested to be one
of the reasons many firms have failed to realise the potential of data (Lavalle et al., 2011).
Given the effective use of analytics for decision-making and analytics capability devel-
opment both depend on the organisational culture, assessing the firm’s attitude towards
creating and cultivating culture and practice that supports alignment of analytics with deci-
sion-making at management levels needs to be part of the analytics maturity assessment.

5.1.2 IT & analytics infrastructure (physical/tangible)
Defines the level of suitability of IT systems and platform development in facilitating
analytics adoption and use; demonstrates the ability of the infrastructure to support and

accommodate growing volumes of data, attitude to development and impact on the business
(Gupta & George, 2016; Wamba et al., 2017).
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5.1.3 Analytics processes (organisational/intangible)

Assesses the quality of data (Brinkhues et al., 2014; Ji-fan Ren et al., 2017; Kiron et al.,
2014) used in analytics; defines the existence of analytics processes in the organisation and
how well these are managed and integrated with business needs. Creating efficient analyt-
ics processes to support transformation of data and knowledge is leading to better resource
utilisation.

5.1.4 Skills (human)

Demonstrates the existence, organisation and level of data analytics skills needed to work
with current and future technologies (Mikalef et al., 2018); assesses necessary managerial
practices (Gupta & George, 2016) and attitude to skills development, such as acquisition,
retention, and training. Achieving value from actionable insights relies on the know-how of
using analytical technologies and interpreting data by people.

5.1.5 Governance (organisational/intangible)

Defines the firm’s approach to data governance and the ownership of data (Espinosa &
Armour, 2016; Mikalef et al., 2018; Tallon et al., 2013; Vidgen et al., 2017); demonstrates
how coherent and supportive the company’s data governance strategy is. The data gover-
nance status can influence the organisational strategy in ensuring the appropriate culture is
maintained.

5.1.6 Data & analytics Technologies (physical/tangible)

Demonstrates how advanced the technologies, tools and techniques available in the organ-
isation are (Erevelles et al., 2016; Gupta & George, 2016; Wixom et al., 2011); what and
how analytics technologies and tools are used for efficient data transformation into action-
able insights; and what the organisation’s attitude towards their strategic development is.

5.2 Transition

To further support the AMF with the VRIN/O framework and dynamic capabilities, this
research proposes a mechanism for transitioning to advanced maturity levels. It proposes
that transformation of analytics maturity starts with the existing makeup of the internal
analytics resources and then continues with a course of action ensuring the relevance of
these resources to the current and future business needs and environment. Each dimension
is evaluated by two aspects. The first is ‘Management’. This aspect defines the existing
processes, internal organisation and considerations the business makes about the use of ana-
Iytics within the context of each maturity level, and management attitudes to establishing
the next stage of the organisation’s analytics growth. The second aspect is ‘Present State’,
which is a qualitative assessment of what the business currently uses and what capabilities
it owns, e.g. infrastructure, technology, skills, processes, etc. These two aspects are critical
for transitioning to the next maturity level. The presence of these two aspects makes our pro-
posed framework unique among the available options and allows us to use it for both analys-
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ing the existing situation and for guiding the transition towards the higher levels of maturity.
The two aspects of the proposed framework are detailed for each AMF dimension in Fig. 4.

5.2.1 Moving through stages of analytics maturity using the framework

The AMF is based on the continuous maturity principle and the transition model can be
applied to all dimensions at any maturity level to guide the organisation’s progress from any
current level of maturity to a more advanced one. As seen in Fig. 5, the transition begins
with an assessment of the existing capabilities that are defined by the “Present State” aspect
(B,) of a specific maturity dimension. If a higher maturity state B,, ; is desired, the organisa-
tion should reconsider its current “Management” attitude (4,) that characterises this dimen-
sion, and change it to the one associated with the desired higher level of maturity (4,, ).
This transition is illustrated by the arched arrow inside the diagram in Fig. 5. The underlying
assumption for the change of management attitude is: a present analytics maturity level is
a result of the practices and attitudes measured by the “Management” aspect. The influ-
ence of the management attitude on the analytics maturity level is illustrated by the vertical
downward arrow in Fig. 5. A desired change, for example, could involve formulating a data
strategy, establishing governance policies or developing a framework for introducing new
technologies, etc. As the infrastructure, technology or any other dimension being measured
becomes more sophisticated, and the analytics implementation supports decision-making
and business requirements, the desired situation characterised by the “Management” (4,, ;)
and “Future State” (B, ;) aspects becomes a reality. This is now considered an existing
maturity level and such status is illustrated by the backward arrow on the outside of the dia-
gram. The previously defined aspirations are achieved and so to progress towards creating a
new future state of analytics maturity, the current capabilities should be reassessed and the
“Management” attitude should change again. This is a continuous spiral-like cycle.

Dimensions & Maturity Aspects . . ..
A: Management Initial Committed Focused Managed Optimised

B: Present State

Organisation

A: Analytics Strategy - what is the management § § D izl
attitude towards it? No Analytics Benefits of Analytics Identifying problems to bjﬂ:ﬂ”;z‘;’,’v"lﬁcf ?::J - n‘;ﬁ‘i:::;(y
awareness are considered solve with Analytics i i g
B: Business question — what are business needs? e S EENETE Analytics strategy
IT& ‘Analyms Infrastructure Enterprise IT does not Consider IT support Attempts to unify IT Unified infrastructure (Gl il
A: Attitude to the development of D&A infrastructure support Analytics, w/Analytics for architecture, IT budget to underpin Analytics, operational Analytics
B: Data volume that can be handled by the existing ;":‘r“‘é"";:'s“e“ f:::;efu'::;':;f;" :”°“‘:; foEsrecting data integration is key infrastructure
3 nalytics

infrastructure
Analytics Processes Processes are siloed, No formal processes; Attempts to monitor Analytics processes. Standard Analytics
A: Process Management not focused on Data no pro-active data progress and record are integrated with processes integrated
B: Data characteristcs (variety, velocity, quality, etc.) & Analytics collection processes/outcomes business processes with all key business

processes & decisions
Skills No dedicated skills Some technology & Skills acquisition and 2:;"(’";; ‘c”a":m Advanced skills, data
A: Processes and attitudes to future analytics skills analytics enthusiasts, Analytics skills, but no training on BU level, active acauisition of roles, established DS
B: Current skilllevels (beginner, intermediate, advanced) ~ Deginner level atzlprofessionals s e S ST teams, CoE
Governance No data management Governance is BU-focused data Ad hoc basis, data Fully established data
A: Data Governance processes (what is being done B fragmented, project- strategy/management strategy developed, strategy and use of
about the data governance processes/strategy?) M'gnce e based, data quality & issues w/data quality, CDO may influence governance to create

8 L ownership is an issue cpo transformation value

B: Data Granularity & Source
Data & Analytics Technologies Static data exports, Self-service (SS) data Eh";’;iﬁg_‘;::r::“jwm DW, 55 Bl for decision Range of tech and
A: Relevance and strategic development of analytics decision making exports, dashboards; e makers, predictive platforms; focused
technologies made by gut; need to technology acquired DD oot m)ﬁ- modeling; top priority new tech adoption

f i ! for tech for best performance
B: Current availability and use of D&A technologyand  XPIOTe new tech GRS is needed I D GRS

techniques

Fig. 3 Analytics Maturity Framework (available at bit.ly/Analytics Growth.)
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Fig. 4 Transition model

5.3 Validating the AMF and its advisory component

The evaluation and validation of the AMF was carried out in two phases, a questionnaire to
the managers from the three case study companies, and a web-based survey that participants
were asked to complete after using the online AMF assessment.

During the first evaluation phase with three case study companies (a large multinational
technology company and two technology start-ups), when asked whether the framework
was useful, five interviewees across three companies agreed it was beneficial for several
reasons. Firstly, it helped them to understand the current state of their business. More impor-
tantly, they were able to understand what the desired state should be; they could use this
understanding to start building roadmaps, designing initiatives and thinking of the type of
skills needed. The respondents found AMF clear as they were able to identify what analyt-
ics maturity level their business was at. However, it was indicated that there was a need to
incorporate other elements, such as the nature of the business and the existing data. Also,
when asked whether the framework provided guidance on how to move to a certain maturity
level, some respondents said it only provided them with identifiable maturity characteristics
at each level, but not with ‘this is what you need to do’ advice to move to the next level.
Overall, all respondents found it practical and would use the AMF in their business. The
obtained feedback on the framework’s usefulness and relevancy was incorporated into fur-
ther improvements of the AMF and led to the creation of the web-based self-diagnostic and
feedback gathering tool.
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This updated AMF version and the web-based tool were tested in the second evaluation
and validation phase. Firstly, it was tested with a large public listed company from the utili-
ties sector. Five managers and a decision support analyst assessed the analytics maturity
of their organisation using the online tool and completed the validation survey. Follow-
ing this independently-performed exercise, the research team presented the AMF to the
company and conducted a group discussion with seven participants. The gathered feedback
suggested several further modifications in the design of the AMF dimensions. These were
mainly related to clarifications of analytics terminology used, so that the analytics maturity
assessment could be completed by managers with different functional roles and business
perspectives. All managers participating in validating the AMF during consecutive interven-
tions had senior management responsibilities in Operations, Process, IT, Decision Support,
Strategy and other; these participants had either sufficient or good understanding of the role
of analytics in their organisations.

Having implemented the modifications, the web-based self-assessment tool was updated
to reflect the new AMF version, and the link to the tool was distributed amongst MBA
cohorts within two UK Universities. Both MBA cohorts comprised professionals and man-
agers from industry and the public sector with a minimum number of years of professional
experience. Participants from a variety of industry sectors were invited through the profes-
sional social media platform LinkedIn to use the tool and complete the analytics maturity
assessment of their organisations online. After using the tool, participants were invited but
not obliged to answer a set of questions evaluating the AMF in terms of usefulness, bench-
marking their organisation against the framework, and value to their organisation. 61 people
in total completed this evaluation part.

Participants came from different industries, but the Information Technology (21%),
Healthcare (16%), Banking & Financial Services (14%) and Ultilities (10%) sectors were
the largest; the rest included Manufacturing (8%), Public Administration (8%), Education,
Retail and Other.

6 Results

The results of the AMF validation survey provide answers to our first research question
focusing on what dimensions should compose a holistic, theory-supported maturity model
that will guide analytics capability development in organisations. This question and our
motivation for the research were also complemented by the need for a holistic maturity
assessment that became apparent from our interview findings.

The results of the validation show that the AMF is practical and provides value by struc-
turing maturity assessment along the following six dimensions: organisation; skills; gov-
ernance; analytics processes; [T/Analytics infrastructure; and data technology, tools and
techniques. 86% of our respondents found the AMF helpful when reflecting on the state of
analytics maturity in their organisations, and 76% of them said they were able to relate the
state of analytics use in their organisations with particular AMF levels. Furthermore, 75%
of the participants were able to identify the areas for improvement to drive the analytics
maturity growth in their organisations. In addition, 67% of the participants saw the value
offered by the AMF if used in their organisations.
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Participants were asked to expand on perceived benefits and value of using the AMF
for their organisations. Two particular benefits dominated the responses. Firstly, the AMF
provided a structure for the understanding of the company’s analytics capabilities and
resources. Secondly, it was a tool for the management to understand the company’s current
state of analytics capabilities One participant stated: “Defining different levels of analytics
maturity with clear descriptions will help our manager to think more in a framework and
perceive the current status of the company in this regard and next possible steps” (IT).
This was echoed by others “...have found the framework useful in better understanding of
analytics in my organisation” (Healthcare), and “More structured framework to show the
management how data processes should be organised” (IT).

In addition some participants commented on improved decision making as a benefit if
the framework was introduced in their organisations: “Using data to make strategic deci-
sions” (Healthcare), “The organisation to use data in making decisions” (Healthcare), and
“Strategic decision making and predictive analysis” (IT).

The demographics of our validation survey steered towards larger businesses with
250+employees (75%) that already have established organisational structures, though
micro- (4%), small- (16%) and medium- (4%) size businesses also participated. One par-
ticipant from the manufacturing company said that their small and medium-sized enterprise
(SME) lagged behind in the adoption of analytics, but they “recently started to look into
digitisation and Industry 4.0 solutions and have little clue ‘how to’be future ready. Convert-
ing paper-based processes along manual manufacturing for an SME is a big challenge.”
Our results show that regardless of the company size, the challenges of developing analytics
capability are common to all businesses. The SMEs have the same needs as large busi-
nesses; they require a structured approach to organising data and analytics and understand-
ing of how to progress with developing their digital and analytics capabilities.

Our second research question focused on how companies can achieve the desired level of
maturity, and to address this our paper proposes a transition mechanism. Although the vali-
dation survey focused mainly on the utility of the AMF, the participants provided positive
feedback on this additional contribution of our framework, which can be considered as the
third perceived benefit from using the AMF in organisations. It was recognised by 40% of
the participants who agreed to explain their opinions on the AMF benefits that the proposed
framework offered guidance for analytics capability development. These participants said
that having a comprehensive view on the company’s analytics capabilities was beneficial for
building “...a global picture of where the company is” (Financial Services) and developing
analytics maturity capability because it “provides us a framework to work against, provides
us a starting point and a goal to aim for” (IT); it helped to “understand how to move up the
maturity curve” (IT), and “it will support our current proposals to introduce a robust data
strategy to support the organisations growth” (Other sector), Similarly, “...this framework
will help the organisation pay particular focus to certain areas of development required”
(Public Administration), “It would be able to organise and show to the board where we are,
and where we have to be to go further” (Financial Services), “To highlight the dimensions
of analytics maturity and to inform transition planning” (Public Administration), and “7o
show the areas for development” (Public Administration).
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7 Discussion and conclusions

We have developed an analytics maturity framework that is unique amongst the existing
frameworks by its grounding in the RBV theory and the principles of dynamic capabilities
theory. Following RBY, the framework uses different types of resources in the organisation
to shape its six dimensions of analytics maturity. The dynamic capability perspective then
informs the transition of an organisation along the states of maturity, indicating the firm’s
ability to reconfigure the state of embeddedness, use and deployment of analytics in support
of organisational decision-making. This is dependent on the state of management attitude
to the adoption and strategic development of such capabilities, and this stipulation is one of
the significant novel elements of our framework.

The motivation for creating an analytics maturity model is to ensure the focus of analyt-
ics activities on addressing business challenges, supporting decision-making, and keeping
analytics aligned with business goals through the development of analytics capabilities.
This paper aims to achieve this by applying the RBV and dynamic capabilities concepts to
systematically derive a framework for organising and developing analytics capabilities in
a business context. We argue that doing this will help companies not only understand the
current state of their analytics but also to create a roadmap for developing those capabilities.

The result of our research is the proposed Analytics Maturity Framework (AMF) and
its implementation in a web-based diagnostic tool. We have shown that through its six
dimensions, the AMF provides a structural, multi-perspective approach to understanding
and building analytics capabilities. Viewed as a resource, each dimension can be described
from the RBV perspective, while an in-depth understanding of the business needs and the
analytics capabilities that can support them represents the knowledge that can be gradually
cultivated.

The key novelty embedded in the structure of the AMF is the ability to distinguish
between creating an inventory of analytics capabilities and guiding the analytics maturity
growth. The sequel of this section describes the theoretical and managerial implications
arising from the results of this research.

7.1 Theoretical implications

In the theoretical domain, this research addresses the absence in the literature of comprehen-
sive theory-driven analytics maturity models. The paper integrates concepts from the SAM
model, the RBV and dynamic capabilities theories to derive the AMF framework that can
guide the identification and development of analytics capabilities and their maturity. The
AMF maturity levels are based on the SAM model (Luftman, 2000, 2008), the analytics
maturity dimensions are supported by the RBV and its VRIN/VRIO framework (Barney,
1991), and the transition through the stages of maturity relies on the dynamic capabilities
theory (Teece et al., 1997).

Whilst the RBV and dynamic capabilities have been linked with Big Data Analytics
capabilities in the previous research, these theories have been mostly analysed through the
lens of their impact on different output variables such as organisational performance (Rialti
etal.,2019; Corte-Real et al., 2017; Ferraris et al., 2019; Shamim et al., 2019); or, to a lesser
extent, innovation (Mikalef et al., 2019a). Instead, here we are using these theories to derive
a benchmark-oriented and holistic framework for analytics capabilities growth and maturity.
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The need for systematic derivation of the analytics maturity model has been recognised
by the academic community, indeed, Korsten et al. (2022) have conducted a Delphi study
with 9 experts attempting exactly that. However, their work lacks both the transition guid-
ance element of AMF and the comprehensive evaluation in different areas of business
offered here.

In addition, our observations of analytics needs, practices and processes during the course
of developing the framework using the ADR method have revealed a number of interesting
findings which can be used to underpin further developments in the area:

e Companies of different sizes and in different sectors experience similar challenges in the
realm of data and analytics, often united by the stifling effect of legacy IT systems and
corresponding poor data quality.

e Companies can find their different divisions on different levels of analytics maturity.
Indeed, the middle management attitude towards the present state of the analytics capa-
bility directly affects the potential for developing the analytics maturity of that specific
unit.

e The lack of well-established analytics strategy and governance processes is frequently
observed across industries and business functions, and it acts as a barrier to a company-
wide use of analytics.

These findings indicate the need for a holistic analytics maturity framework, in alignment
with the recommendations of Hazen et al. (2018) who call for alignment between analytics
and business strategy through the development of a strategic plan towards a business analyt-
ics enabled firm. We deliver the framework which can guide the development of such a plan
aligned with RBV, and underpin further research in the area.

7.2 Managerial implications

In the managerial domain, the proposed analytic maturity framework is a resource that firms
can deploy internally to better understand analytics and the way it helps them derive value
from data in all aspects of their operations as envisioned in the academic literature (Zhang
et al., 2021; Chatterjee et al., 2021, Holmlund et al., 2020, Gu et al., 2021). Companies
can also use AMF to plan their analytics maturity growth using the two core aspects: the
analytics resources found at a specific point of time, and the managerial attitudes acting
as vehicles for further development of those resources. Consequently, the use of AMF is
expected to lead to significant improvement in the way analytics adds value to operations
and identifying business opportunities as well as in organisation’s performance.

As a managerial assessment tool, the framework provides a starting point for re-organ-
isation and improvement of analytics capabilities and allows business leaders to think of the
next development steps in a structured way, set goals and plan actions. This can reduce the
uncertainty inherent in highly complex business transformations. For example, short-term
goals could focus on forming an understanding of the current environment and maturity
level for building the right analytics processes, planning governance and selecting suitable
data technologies. Long-term goals could include plans for creating an organisational cul-
ture that embraces analytics support for decision-making, or data unification, etc.
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We believe this framework provides a comprehensive approach to assessing the analytics
maturity level, indeed AMEF’s six dimensions represent bundles of resources aligned with
business operations. Using the ADR method to develop AMF has ensured its relevance to
ongoing business needs in diverse business contexts, because ADR created the space for us
to explore the aspects and dimensions of analytics maturity in several real contexts in con-
secutive iterations of the framework, validated and stimulated by practitioners’ feedback.

Overall, our framework provides a way of positioning the business on a maturity level
and assessing the Analytics-Business alignment. It further proposes the actions needed for
the transition to the next desired analytics maturity level. The framework was implemented
as a web-based tool, and has been validated through a series of interactions with four case
study companies, discussions of its usefulness, challenging areas, and the practicality of
correct positioning of a business within the analytics maturity levels.

7.3 Limitations and further work

Formulating our research problem with the first case company at the initial stages was
instrumental in allowing us to achieve the depth necessary for conceptual clarity of the
framework. However, the nature of the focal company (UK branch of a blue-chip IT multi-
national) may have influenced the overall direction of the work. Fortunately, our consequent
findings from other business contexts indicate this has not been the case. Although we col-
lected a variety of respondents to ensure for example that our results apply to small and
medium-sized companies, the majority of responses were obtained from large organisations
with 250+employees.

We also recognise that exploring the transition method and maturity growth over a period
of time may deliver new insights, for example in terms of the fit of IT infrastructure and
architecture evolution to the current maturity levels. Many companies run on legacy IT
infrastructure and systems that might not be suitable for the modern business environment.
In this respect, the proposed transition mechanism should be validated in the real context,
ideally, over a period of time.

In our future research, we are planning to address these limitations, including an in-depth
investigation of currently under-explored challenges such as standardisation. Other research
opportunities could focus on investigating the influence of the firm size and the available
resources on the maturity level descriptions. For example, certain companies can maximise
value creation or achieve sustainable performance at lower levels of the analytics maturity
scale when compared to high-tech multinationals.
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