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Abstract

Background: Advanced data analytics (ADA) is increasingly used in organizations to enhance
decision-making, improve operational efficiency, and gain a competitive advantage. Yet, there is
limited guidance available on the capabilities an organization should develop and improve on to
effectively leverage ADA. To address this gap this study develops a capability maturity model
answering the research question: “What are the key components of a capability maturity model that
can effectively guide organizations in assessing and enhancing their advanced data analytics
capabilities?”

Method: A capability maturity model for advanced data analytics (ADA-CMM) was developed
through a Delphi study using the design science research paradigm. To evaluate ADA-CMM for its
utility interviews with practitioners were conducted on the use of ADA-CMM for assessing the
maturity of a large company. To evaluate ADA-CMM effectiveness a nomological model was
developed and tested using PLS-SEM based on a multi-company survey.

Results: A comprehensive ADA capability maturity model prescribing necessary capabilities was
presented. The model is deemed useful and effective and offers a method to assess ADA
capabilities. The findings provide evidence supporting that ADA-CMM encompasses essential
capabilities for creating value from ADA initiatives and can effectively measure an organization’s
ADA capability maturity.

Conclusion: This paper emphasizes the growing importance of ADA in enhancing business
operations and competitiveness. Despite technological advancements, many organizations
struggle to translate analytics efforts into tangible benefits. To address this, the paper proposes a
Capability Maturity Model, ADA-CMM, to guide organizations in developing and improving ADA
capabilities. This study contributes to literature by providing a well-structured and thoroughly
evaluated capability maturity model for ADA, and to practice for navigating the challenges of ADA
adoption and use.
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Introduction

With the advances in digitalization, organizations are increasingly employing advanced data analytics to
improve their processes, products, and services (Ghasemaghaei et al., 2017) and gain a competitive advantage
in their markets (Seddon et al., 2017). While traditional data analytics focuses on descriptive and diagnostic
analytics for developing insights, reports, and dashboards, advanced data analytics (ADA) extends this with the
use of more sophisticated and computationally intensive techniques, such as machine learning, to discover
deeper insights, make predictions, or generate recommendations (Debortoli et al., 2014; Gartner, 2022a).
Research indicates that businesses can have higher performance with respect to their competitors by 4% to
10% in productivity and profitability when these analytical techniques are successfully applied (Dilda et al.,
2017). Researchers have also claimed the potential of ADA to revolutionize and transform how we work, live,
and think (Gupta & George, 2016).

Despite the opportunities brought by implementing ADA, many organizations struggle to generate business
value from their analytics initiatives (Gunther et al., 2017; Ransbotham et al., 2015). They face social,
organizational, and technological challenges in adopting ADA and creating value from it (Radhakrishnan et al.,
2022). Some key challenges include translating data into knowledge, making data available in the right form at
the right location, and adapting the business to changing data usage patterns (Matthias et al., 2017; Seddon et
al., 2017). Only 20% of analytic insights are estimated to deliver business outcomes (Herschel et al., 2018).
Managers must be aware of the barriers to success and work to minimize them rather than eliminate them
altogether (Yu et al., 2022).

However, current research suggests that most attention has been paid to the technical aspects of ADA, with
limited focus on organizational change and the strategic implications (Mikalef et al., 2020). This has resulted in
limitations concerning the implementation and exploitation of ADA (Brinch et al., 2021). To address this
challenge, one approach for organizations is to understand and focus on the capabilities facilitating ADA value
creation, enabling them to analyze and develop their composition of ADA capabilities (Gir et al., 2021). Thus,
organizations need guidance on developing capabilities to implement ADA for business value creation and
harvest the benefits of increased organizational performance.

An organizational capability represents how people and resources are brought together to accomplish work
(Ulrich & Smallwood, 2004). Capability maturity models have emerged as an effective management tool to guide
organizations in developing and improving organizational capabilities (Poeppelbuss et al., 2011). They are
conceptual models that indicate the maturity levels of the capabilities required for a specific process or class of
processes in one or more business domains (Réglinger et al., 2012; Tarhan et al., 2020). They represent an
anticipated, desired, or typical evolutionary path for these processes (Becker et al., 2009). These models
support assessing existing capabilities and the development of a path for their improvement (Tarhan et al.,
2016). They also help enrich the academic discourse by offering a well-defined scope and common basis for a
specific field (Kerpedzhiev et al., 2021).

It is essential that a maturity model should approach ADA from a holistic perspective, covering capabilities
related to a broad range of aspects, including people, processes, and strategy regarding analytics (Comuzzi &
Patel, 2016). Many of the existing maturity models adopt a narrow perspective and exhibit limited coverage of
necessary capabilities by focusing primarily on specific industries or types of ADA techniques (Lahrmann et al.,
2010). Furthermore, when developing an ADA maturity model, it is essential to empirically validate the model
to ensure its effectiveness in practice (Roglinger et al., 2012). The maturity models developed in the existing
literature are often not or weakly validated (e.g., Cosic et al., 2012), hindering their application in real-world
business settings (Tarhan et al., 2016). Furthermore, previous literature has primarily investigated the
relationship between the maturity level of organizational ADA capabilities, ADA value, and firm performance
independently (e.g., Brinch et al., 2018; Elia et al., 2020; Gupta & George, 2016) and has not yet provided a
maturity model that has been quantitatively evaluated for its effectiveness. In the current literature, there is a
lack of comprehensive guidance for assessing and improving relevant capabilities (Menukhin et al., 2019).

This research seeks to address this research gap by developing a novel capability maturity model
encompassing a wide array of ADA capability areas, providing a means to assess the maturity level of an
organization with respect to ADA capabilities, and is evaluated for its utility and effectiveness. Hence, we
address the following research question: What are the key components of a capability maturity model that can
effectively guide organizations in assessing and enhancing their advanced data analytics capabilities? We
developed a holistic, firm-level capability maturity model for organizations to assess their current state of ADA
capabilities and help build a roadmap to improve them. It provides a descriptive tool for assessing the as-is ADA
capabilities, which can also be used for prescriptive purposes to guide reaching higher maturity levels (Roglinger
etal., 2012).



In developing the Advanced Data Analytics Capability Maturity Model (ADA-CMM), we followed the design
science research paradigm (Gregor & Hevner, 2013), adopting the research process proposed by Peffers et al.
(2007). Accordingly, we first reviewed the literature to identify the existing maturity models on ADA. Next, we
designed an initial version of ADA-CMM based on the findings from the literature review. The model was refined
and finalized through a Delphi study of three rounds with nine field experts, which strengthened the model’s
relevance. Next, ADA-CMM was used to assess the maturity of a large company and semi-structured interviews
with model users were conducted to evaluate the model’s utility as perceived by target users. The results
indicate that organizations can use ADA-CMM as a tool to assess their ADA capabilities and create a roadmap
for improving their relevant capabilities.

Furthermore, to evaluate ADA-CMM, we surveyed 48 companies to assess their ADA maturity, the business
value they attain from ADA, and their firm performance. Our analysis demonstrates a significant relationship
between the maturity of ADA capabilities (as measured using ADA-CMM) and firm performance, mediated by
the business value of ADA. This provides evidence that ADA-CMM incorporates critical capabilities that are
pivotal in generating business value from ADA initiatives, consequently leading to enhanced firm performance.
It confirms that ADA-CMM can be an effective tool in assessing the maturity level of an organization's ADA
capabilities.

This research article extends the initial conference paper of Korsten et al. (2022) with strengthened theoretical
underpinnings, additional evaluation, and details regarding its research design, process, and evaluation. The
remainder of this paper is structured as follows. Section 2 presents the theoretical background on ADA,
discusses the impact of ADA on firm performance, and provides a brief review of the existing ADA maturity
models. Section 3 describes the research process we followed in developing the model using a Delphi study.
Section 4 presents the final version of the ADA-CMM. This is followed by the application of ADA-CMM and an
evaluation using interviews in Section 5. Section 6 presents the survey we conducted, which is followed by a
discussion and implications in Section 7. Finally, Section 8 concludes with its limitations and future research
directions.

Background and Related Work

In this section, we first introduce the concept of ADA. We then follow with a discussion of the existing maturity
models on ADA and related concepts.

Theoretical Background on ADA

The abundance of data has emerged as a pivotal factor driving the growth of ADA. Firms often have multiple
databases with terabytes of data available in structured and unstructured forms, usually indicated as big data
referring to its volume, variety, velocity, veracity, and value (Akerkar, 2013). As digitalization continues to
advance and more data becomes available, an increasing number of organizations are leveraging ADA to gain
a competitive edge in their respective markets (Seddon et al., 2017). Data analytics techniques can be used to
analyze the enormous amounts of data. These analytics techniques can be structured into four general
categories: descriptive analytics, diagnostic analytics, predictive analytics, and prescriptive analytics (Davenport,
2013; El Morr & Ali-Hassan, 2019; Gartner, 2022b).

Traditional data analytics focuses on descriptive and diagnostic analytics for developing insights, reports, and
dashboards. In this work, we consider advanced data analytics (ADA) as an overarching notion that builds upon
the foundations of traditional data analytics, extending it with advanced techniques to support predictive and
prescriptive analytics (Debortoli et al., 2014; Gartner, 2022b). ADA can be used for discovering deeper insights,
making predictions, or generating recommendations. It covers a broader set of techniques, often including those
of traditional data analytics (Brook & Arnold, 2019).

Within the notion of ADA, there are several research areas that focus on a specific topic of ADA. For example,
Big data analytics which is primarily about managing large amounts of data and extracting insights from it, often
including ADA components (Gandomi & Haider, 2015). Business analytics, on the other hand, includes various
analytical techniques used to drive business success (Chen et al., 2012). In brief, ADA represents an evolution
of data analytics that embraces traditional data analytics while incorporating advanced techniques and
techniques (Chen et al., 2012). In this paper and the proposed model, we adopt a holistic view of ADA, including
traditional data analytics.



Maturity Models for ADA

Simpson and Weiner (1989) define maturity as the state of being complete, perfect, or ready. Maturity models
often define an ordered set of maturity levels for processes or organizational capabilities in a specific domain
(Becker et al., 2009). Maturity can result from shaping the needed organizational capabilities and investing in
the performance of particular tasks. Maturity models can be used to assess the current situation, develop and
prioritize improvements, and control the progress of the implementation (Tarhan et al., 2016). In this sense,
they can serve a descriptive purpose to understand the 'as-is' situation and a prescriptive purpose to guide
improving the current maturity level (de Bruin et al., 2005).

While many organizations have recognized the potential benefits that ADA can offer, establishing business
capabilities to fully leverage the value of ADA remains a significant challenge (Baijens et al., 2020).
Organizations need guidance to execute ADA projects and implement such solutions (Saltz & Shamshurin,
2016). A maturity model could provide a roadmap for organizations to improve their maturity level for their
analytics capabilities (Tarhan et al., 2016).

To obtain a comprehensive understanding of the current state-of-the-art regarding relevant maturity models, we
conducted a thorough literature review encompassing models from academic research and industry practice in
ADA and related areas (e.g., big data analytics, business intelligence). In our literature review, we adopted a
wide perspective when considering ADA, and presumed that it encompasses traditional data analytics but often
extends this with the use of more advanced techniques. This broad perspective allowed us to explore all maturity
models used for ADA, including those rooted in traditional data analysis.

We took two systematic literature reviews as the departure point for our review. The first provides a
comprehensive overview of the models specifically for big data and ADA (Al-Sai et al., 2019). The second
comparatively analyzes the maturity models on ‘analytics’ (Krol & Zdonek, 2020). These two review studies
together identified 26 unique maturity models in areas related to ADA.

Following the technique proposed by Wohlin (2014), we used forward snowballing to locate relevant papers in
Google Scholar that refer to these 26 maturity models. The papers of Al-Sai et al. (2019) and Kréld and Zdonek
(2020) have included maturity models from the grey literature as well, because in the advanced data analytics
domain, the majority of the models is developed in industry. Therefore, this paper has, besides the academic
libraries, searched the grey literature. By including grey literature, we aimed to integrate the academic research
with practical insights, which could lead to valuable results.

The inclusion criterium in our review was that the source proposed a maturity model in the ADA field; excluded
were those that are patents and quotes. In addition, we excluded articles that propose models that apply only
to specific industry domains, such as healthcare (e.g., Molina-Granja et al., 2022). We searched for contributions
published until December 2021 and written in English. There were in total 41 maturity models identified. After
applying the inclusion and exclusion criteria, 29 unique maturity models were identified in the area of ADA.

We further analyzed the maturity models based on the following criteria:

(1) Holistic perspective: A maturity model is considered to have a holistic perspective to ADA, when it
encompasses capabilities across various aspects such as people, processes and strategy (Comuzzi &
Patel, 2016).

(2) Empirical validation of usefulness: It is important to conduct empirical validation of the model to verify
its practical utility (Tarhan et al., 2016).

(3) Empirical validation of effectiveness: Empirical validation of the model to ensure its effectiveness can
be important for its adoption in practice (Roglinger et al., 2012).

(4) Assessment method: A maturity model is expected to provide guidance for assessing related
capabilities.

(5) Documentation available: Providing relevant documentation on the development and validation is
considered important to ensure an unbiased perspective (Comuzzi & Patel, 2016).

Table 1 shows the list of the maturity models and the respective characteristics of each publication with regards
to these criteria. Fifteen of these originate from industry, and the remaining fourteen are published in the
academic literature. None of analyzed maturity models satisfy all five criteria. The absence of maturity models
fulfilling all five criteria results in limitations to their effectiveness and usefulness.



Table 1 — Comparison of Existing Data Analytics Maturity Models

ID Model Name Reference Origin QD [ |13 | @ |(B
TDW!I Analytics Maturity Halper & Krishnan "
1 Model (2014) Practitioner | X X
2 Big Data Business Maturity Schmarzo (2013) Practitioner | X
Model Index
3 IDC Maturl_tyScape Big Data Vesset et al. (2015) Practitioner | X
and Analytics
Big Data Maturity
4 Assessment Tool / Infotech Bond et al. (2022) Practitioner | X X
Model
Big Data Maturity Model / . -
5 Malik —IBM- Model Malik (2013) Practitioner X
Big Data Maturity Framework | El-Darwiche et al. -
6 | / EI- Darwiche Model (2014) Practitioner | X
A Maturity Model for Big Data | Nott & Betteridge -
7’| and Analytics/IBM Model (2014) Practitioner | X
Zakat Big Data Maturity . .
8 Model / By Sulaiman Sulaiman et al. (2015) | Academia
Hortonworks Big Data -
9 Maturity Model. Dhanuka (2016) Practitioner | X X
Big Data Maturity Model / By | Comuzzi & Patel .
10 Comuzzi. (2016) Academia X X
11 Big _Data Maturity Model / By Adrian et al. (2016) Academia X
Adrian
A Value Based Big Data .
12 Maturity Model/ By Farah Farah (2017) Academia
Analytic Processes Maturity .
13 Model (APMM) Grossman (2018) Academia
14 Analytics Maturity Quotient Piyanka (2012) Practitioner | X X
Framework
15 Blast Analytics Maturity Sanatham (2022) Practitioner | X X
Assessment Framework
16 | DAMM King (2017) Practitioner | X X
17 | DELTA Plus Model Davenport (2018) Practitioner | X
18 Gartner’'s Maturity Model for | White & Oestreich Practitioner | X
Data and Analytics (2017)
19 | Logi Analytics Maturity Model | Logi Analytics (2022) Practitioner
20 i‘g dc:j\ta capability maturity Dremel et al. (2017) Academia X X
21 | CHROMA-SHADE Parra et al. (2019) Academia X X X
29 MM for big data analyucs in Hausladen & Schosser Academia X X X
airline network planning (2020)
23 Enterprise intelligence Huffman & Whitman Academia
capability maturity model (2011)
o4 | Towards abusiness analytics | i ot a1 (2012) Academia | X X
capability maturity model
A Maturity Model to Guide . .
25 Analytics Growth Menukhin et al. (2019) | Academia X X
Towards a Global Big Data . .
26 Maturity Model Mouhib et al. (2020) Academia X
27 | DAMAF Gokalp et al. (2021) Academia X X
Towards an Atrtificial o .
28 Intelligence Maturity Model Alsheiabni et al. (2019) | Academia X
AtScale Data & Analytics I -
29 Maturity Model Mariani (2021) Practitioner X

Note: (1) Holistic perspective, (2) Empirical validation of usefulness, (3) Empirical validation for effectiveness, (4)

Assessment method, and (5) Documentation available




Three commonly used practice-based maturity models are Al-Sai et al. (2019); Analytics Maturity Model (Halper
& Krishnan, 2014), Big Data Business Model Maturity Index (Schmarzo, 2013), and IDC MaturityScapes (Vesset
et al., 2015). These three models have been developed in the industry by technology vendors, professional
educational institutes, or consulting companies. Documentation on their unbiased development and validation
is missing - a common weakness of maturity models developed by the industry (Comuzzi & Patel, 2016).

Academic research has recently dedicated significant efforts toward developing maturity models that explicitly
target ADA. For example, the Big Data Maturity Model aims to help organizations leverage big data and its
value (Comuzzi & Patel, 2016). The model focuses on five general dimensions: strategy alignment, data,
organization, governance, information technology, and nine sub-dimensions. The model focuses specifically on
the broad business implications of big data technology, providing a high-level assessment of these aspects.
However, the model design and evaluation rely on second-hand data, limiting the ability to capture the relevant
dimensions and factors that influence the maturity of the big data technology domain.

Another model originating from academic research is the “Value-Based Big Data Maturity Model” proposed by
Farah (2017). The model focuses on data quality and argues that this is critical in gaining a competitive
advantage. The model proposed by Dremel et al. (2017) follows a similar path and incorporates 34 generic
capabilities necessary to leverage the potential of big data analytics. The model was developed using input from
consultants working for a single company. Furthermore, the model has not been empirically validated. Similarly,
Cosic et al. (2012) propose a business analytics capability model comprising 16 capabilities grouped under four
areas: governance, culture, technology, and people. Parallel to the abovementioned models, this model also
lacks a comprehensive empirical evaluation.

In conclusion, researchers and practitioners have proposed several maturity models for ADA and related
domains. These models have several limitations. First, they often lack a holistic perspective and concentrate
on specific aspects of ADA, e.g., data quality (Farah, 2017). Some models focus only on a fraction of necessary
capabilities or provide limited guidance for organizations to employ the model for assessing maturity, making
their use in practice difficult (e.g., Halper & Krishnan, 2014; Schmarzo, 2013; Vesset et al., 2015). Second,
some models lack empirical validation to ensure their applicability in real-world business settings (e.g., Cosic et
al., 2012). Third, several models lack guidance for assessing the maturity of the organization (e.g., Adrian et al.,
2016). Finally, documentation on their development and validation is missing (e.g., Vesset et al., 2015). The
limitations identified within such models lead to significant impediments, limiting their effectiveness and
usefulness in assisting organizations in assessing and improving their ADA capabilities.

Research Design

The objective of this study is to develop a capability maturity model that will support organizations seeking to
assess and enhance their ADA capabilities. This paper elaborates on the design, development, and evaluation
of the model. For our research, we followed the design science research (DSR) paradigm to develop the
proposed artifact (Gregor & Hevner, 2013). In design science research, an artifact refers to a thing that has or
can be transformed into material existence as an artificially made object (e.g., model) or process (e.g., method
or software) (Gregor & Hevner, 2013). DSR is seen as a rigorous research method which focusses on solving
relevant practice problems by creating effective artifacts (Deng & Ji, 2018). We followed the design science
research process proposed by Peffers et al. (2007), which consists of the following steps: problem identification,
the definition of the solution objectives, design and development of the model, applying the model in a suitable
context (i.e., demonstration), evaluating it in a real-life business setting and communication. This paper serves
as the communication step of the research process. Accordingly, the research design depicted in Figure 1 was
followed.
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Table 2 presents more details regarding the activities followed to address our research question. The
development activities depicted in Figure 1 are aligned with the maturity model development process proposed
by Becker et al. (2009). The mapping between these process steps and our research activity is also depicted

in Table 2.

Table 2 — Performed Research Activities and Outputs in Each DSR Step

Step in the
DSR Process
(Peffers et al.,
2007)

Research Activity

Output and
Corresponding Section

Maturity Model Dev.
Process Phase (Becker
et al., 2009)

Identify the problem and research
gap by reviewing the existing
research on ADA challenges and

e Problem and research
gap (Section 1)

¢ Limitations of existing

[1] Define the problem

Development

bottom maturity levels based on
the feedback from Delphi expert
panel (consisting of 9 experts)

¢ Finalize ADA-CMM based on the
feedback from Delphi expert
panel

Problem " . )
identification & rReIat'ed capdablI|ty/matur|t.ytr'nodels . m(:.dels (s:clnon ZAZD)A
definin eview and compare existing xisting models on A,
solutiog capability and maturity models on | and related areas ELE?iTpri? dgigstmg
objectives ADA and related topics (Section2.2) Y
Define objectives for the proposed | Solution objectives and [3] Define the
model and determine the research design (Section develooment strate
development strategy 3.1) P gy
Iteratively develop the ADA-CMM
using Delphi study:
¢ Design & develop the initial
ve_rstl_on of tr:je I/-\DA—CtI;/IM_ taking |, ADA-CMM initial
existing models as a basis version (Section 3.2.1)
* Inr:prove AD.A'(]EMMhand creadte e Model refinements [4] Design and develop
Design & characteristics for the top an (Section 3.2.1) maturity model iteratively

e Final version of ADA-
CMM (Section 4)

Develop the ADA-CMM
assessment questions

ADA-CMM assessment
questions (Section 3.2.2)

[5] Develop assessment
method

Demonstration
& Application

Demonstrate the (improved) model

to the Delphi expert panel

¢ Rate capability areas,
capabilities, related definitions
and maturity level characteristics

ADA-CMM (Section
3.3.1
& Appendix C)

[4] Design and develop
maturity model iteratively

Facilitate the use of ADA-CMM to

assess the ADA capability maturity

of a large company:

e Self-assessment by 7
practitioners in the company

ADA-CMM capability
maturity assessment of
a large company
(Section 3.3.2)

[6] Implement
assessment method

Evaluation

Evaluate ADA-CMM’s utility
through semi-structured interviews
with 7 practitioners that used ADA-
CMM in the large company

Results of the semi-
structured interviews
regarding artifact’s utility
(Section 5)

Evaluate ADA-CMM’s
effectiveness as a maturity
assessment tool through a survey
across 48 companies and
investigate the relationship
between ADA capability maturity
level, ADA value, and firm
performance (using PLS-SEM)

Results of the analysis
of survey data regarding
artifact’s effectiveness
(Section 6)

[7] Evaluate




After identifying the problem by reviewing the extant literature, we have iteratively developed the solution
objectives. Based on these objectives, we have developed the initial version of the ADA-CMM. Next, three
Delphi rounds with a panel of nine experts from industry, consultancy, and academia have been conducted to
design and validate the capability maturity model. With the help of feedback from Delphi rounds, we continually
redefined the components in iterative build-and-evaluate loops, as suggested by Hevner et al. (2004), which
helped increase the relevance and validity of the model.

Afterwards, the model underwent a series of explicit evaluation activities. First, it was applied in a large company
to assess its ADA capability maturity. Then, we conducted semi-structured interviews with 7 model users in the
company to evaluate the model’s utility for its target users. Second, we conducted a survey across multiple
companies to evaluate if ADA-CMM can be used as an effective measurement tool for assessing the maturity
level of ADA capabilities (Sonnenberg & Vom Brocke, 2012). To this end, the survey investigated the
relationship between the ADA maturity level -as measured using ADA-CMM, the business value that ADA
generates, and firm performance.

The following subsections describe the details of the steps that were carried out, including the research methods
applied in developing and evaluating ADA-CMM.

Problem Identification and Defining Solution Objectives

The sections above extensively discuss the problem, research gap, and research question our study aims to
address. The objectives for the solution are determined based on the problem definition, literature review, and
comparison of existing maturity models. The first objective relates to identifying the fundamental organizational
capabilities and capability areas regarding ADA and the way these capabilities mature. Accordingly, the first
objective can be stated as follows:

SO1: The artifact should comprise the key organizational capabilities and capability areas regarding ADA and
their corresponding maturity levels.

The second objective focuses on the possibility of the artifact being used to self-assess the current maturity
level of ADA capabilities. This could facilitate organizations in their identification and monitoring of ADA
capabilities. Therefore, we state the following objective:

SO2: The artifact should allow companies to self-assess their maturity related to each ADA capability.

These solution objectives guided the development of the ADA-CMM and collectively presented the fundamental
research objective that the ADA-CMM is expected to fulfill.

During the evaluation phase, we emphasized specific criteria to assess the effectiveness and usefulness of the
ADA-CMM. One essential consideration pertains to the utility and usability of the artifact. The evaluation should
focus on determining whether the model is not only functional but also user-friendly and beneficial to its intended
audience (Hevner et al., 2004). Furthermore, an integral aspect of the evaluation involves investigating the
potential impact of ADA-CMM on firm performance. Establishing a positive correlation between the maturity of
ADA capabilities, assessed through the ADA-CMM, and the overall performance of a firm would provide
evidence supporting the notion that the model incorporates critical capabilities for generating business value
from ADA initiatives. These evaluation objectives collectively contribute to the assessment of ADA-CMM to
ensure its utility for its intended users and its effectiveness, which is crucial in addressing the identified research
gap and question.

Design and Development

Iteratively Develop ADA-CMM Using the Delphi Study

As the extant literature suggests a substantial number and type of ADA capabilities for organizations, we base
our initial model on the capabilities proposed in the literature. More specifically, the capabilities proposed by
Brinch et al. (2021) provided the foundation for our model. We chose these capabilities as a basis since they
are grounded on a thorough review of the literature on the capabilities in various related fields, such as big data
analytics, data analytics, IT, and business process management. These capability areas are frequently identified
in other ADA maturity models (available in Appendix A), and their relevance has been validated through a case
study (Brinch et al., 2021). They underpin that data-driven performance does not rely only on IT and analytic
capabilities but also requires various other capabilities, as confirmed by the literature. The list identifies the
following six capability areas: IT, process, performance, human, strategic, and organizational capabilities.



Although the study by Brinch et al. (2021) provides definitions for ADA capability areas and related practices, it
does not propose a maturity model for them; hence, it does not incorporate any structure or mechanism to
assess the maturity level of these capabilities in organizations. Therefore, we explicitly adopted a maturity level
structure and accordingly defined maturity level characteristics for the capabilities relevant to ADA.

We adopted the maturity grid structure inspired by the Process and Enterprise Maturity Model (PEMM) (Hammer,
2007). Maturity grid-based assessment methods represent the various concepts of the organization's practices
and capabilities that are considered essential for success (Maier et al., 2012). A maturity grid approach typically
contains a written description of the performance characteristics at each maturity level. It is often lightweight
and of medium complexity, making it practical for assessments (Fraser et al., 2002). Hence, we selected this
approach as it allows for self-assessment, is not tailored to a specific process or domain, and is considered
easy to apply in practice (Tarhan, Turetken, & Reijers, 2015). Moreover, models developed with a maturity grid
structure are often continuous models; that is, the maturity of the model's dimensions and components (i.e.,
capabilities) can be independently scored and determined (van Hillegersberg, 2019).

For the initial version of the ADA-CMM, we adopted the data analytical capabilities defined by Brinch et al. (2021)
and created a maturity grid structure similar to PEMM. The initial capability maturity model consisted of six
capability areas: infrastructure, governance, metrics, performers, leadership, and culture. Accordingly, we
incorporated 24 capabilities categorized under six capability areas. Each capability is characterized by four
maturity levels. The structure of the ADA-CMM is depicted in Figure 2. We developed the descriptions of
capabilities based on the primary sources we used for ADA capabilities (Brinch et al., 2021; Hammer, 2007) and
enriched them with other sources in the literature where necessary (the initial model is available in Appendix A).
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Figure 2 — The Structure of the ADA-CMM
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Delphi study is a method for structuring a group communication process, where a panel of experts evaluates
the content of the developed artifact. It is executed in multiple rounds of questionnaires moderated by a facilitator
(Mahajan, 1976). The panelists do not directly face each other to prevent bias. We chose this method because
it allows access to a broad range of domain experts and combines their views when there is a need to solve a
practical problem (McMillan et al., 2016).

We selected the panelists based on their experience and knowledge of the ADA domain. More specifically, we
expected panelists to possess expertise in one or more of the following domains: the technical aspects of ADA,
its managerial or organizational aspects (such as strategy, team, governance), or related capability maturity
models. Accordingly, we approached 15 experts via email, and nine accepted the invitation to participate in the
panel. We aimed to have a heterogeneous group of panelists regarding their backgrounds to reduce single
culture bias and provide diverse insights (Delbecq et al., 1975). Table 3 presents an overview of the composition
of the expert panel. The panel included three academicians, three consultants, and three industry experts in
ADA and related domains. Prior to the commencement of the Delphi rounds, separate introduction meetings
were conducted to ensure their engagement, in which the objectives of the study and the responsibilities of the
expert panel were explained.

Table 3 — Overview of the Delphi Expert Panel

ID Description Origin Area(s) of expertise Years of expertise
Panelist 1 m?encat‘g;ng Consultancy | Applied intelligence and data > 10 years
Panelist 2 Director Industry Big data and advanced analytics | > 10 years
Panelist 3 Data scientist Consultancy | Analytics and insights Between 3-6 years
Software engineering, business
Panelist 4 Asst. professor | Academic process management, business | > 10 years

models, maturity models
Hi-tech, media, and

Panelist 5 Consultant Consultancy . Between 3-6 years
communications

Panelist 6 Team lead Industry Technology and Innovation Between 3-6 years
Applied mathematics, data

Panelist 7 Data engineer Industry science management and Between 3-6 years

information systems
Algorithmic systems, business
Panelist 8 Asst. professor | Academic process management, > 10 years
information systems

Data governance and BDA for
SMEs, supply chain

Panelist 9 Asst. professor Academic management, and business > 10 years
process management, maturity
models

An ideal Delphi study involves two or three rounds, as more rounds may result in a slower convergence among
panelists’ opinions (Gallego & Bueno, 2014). We asked the panelists to contribute to three rounds through
online questionnaires. In the first round, an exploratory approach was adopted. For each capability area and
capability, the panelists were asked to choose among three options: stay, change, or go (remove). In addition,
they were asked to suggest additional capability areas and capabilities to the model. For the second and third
rounds, a confirmative approach was adopted, where they were only asked to indicate if a model component
should stay, change, or go. If they chose the latter two options, they had to justify their decision. In the rounds,
we took percentage agreement as the measure of the level of consensus and set 80% as the threshold to decide
whether the capability (areas) should stay (Diamond et al., 2014). If this was not the case, the capability (area)
was changed or removed from the model and presented to the panelists in the following round.

Develop the ADA-CMM Assessment Questions

To conduct the maturity assessment, an online form was created consisting of 17 questions, each associated
with a capability in ADA-CMM. The definitions of the capabilities were reformulated into a question format.
Adhering to the structure of the model (as presented in Figure 2), the options for each question corresponded
to the four maturity level characteristics. For each question, the participants were expected to select the maturity
level that best characterizes their organization's current state for each ADA capability. (The ADA-CMM
assessment questions are listed in Table D1 in Appendix D).



Demonstration and Application
Demonstrate the (Improved) Model to the Delphi Expert Panel

The model evolved from an initial version to the final version in three Delphi rounds. Feedback from the first
round led to changes in the model, including the addition of two capabilities (Diversity and Talent Management),
the removal of three capabilities (Organizational Structure, Process Standardization, and Process Governance),
and changes to the names and definitions. In the second round, the panelists received a report of changes and
were presented with a revised model, including the definitions of maturity levels for each capability. The second
round led to integrating two capability areas (‘People’ and ‘Culture’) and name changes in other capability areas.
The third round aimed to evaluate the descriptions of the maturity level characteristics to gather confirmation
for all capability (areas). Changes (such as renaming Data to Data & Governance and renaming Process Design
to Process Design & Collaboration) were made to capabilities areas, capabilities, and corresponding maturity
level descriptions. We provide further details regarding this refinement process in Appendix B.

In brief, the model was extended in the areas of People & Culture, creating more awareness for capabilities
such as Diversity and Talent Management. Furthermore, the process aspects have been emphasized more with
the addition of the Process Design & Collaboration capability area. The changes in the capability area Data &
Governance were limited, indicating that these aspects might have already been addressed sufficiently in the
existing literature. The Delphi study supported the external validity of the ADA-CMM and ensured its relevance
in terms of its coverage of the key organizational capabilities and their maturity levels regarding ADA, fulfilling
solution objective SO1 and answering research question 1 (as stated in Section 3.1).

Facilitate the Use of ADA-CMM to Assess the ADA Capability Maturity of a Large Company

For the application of the ADA-CMM in a practical setting, we selected a large company operating in the
semiconductor industry with about 32.000 employees. For the purpose of assessing the company’s ADA
capabilities, we focused on the company’s customer supply chain department, which had a subdepartment
dedicated to data analytics for the last five years. This provided a suitable context for the application of the
model. Accordingly, we first introduced the model to a group of 20 employees. Following a brief introduction to
the objective of the assessment and the model to be used, the participants were requested to perform a self-
assessment of their department’'s ADA capability maturity using the ADA-CMM'’s assessment questions (as
described in Section 3.2.2).

Evaluation

Evaluate ADA-CMM'’s Utility through Semi-Structured Interviews

After the assessment results were communicated and discussed with the participants, we asked the group to
give in-depth feedback regarding the model and its use by participating in a semi-structured interview. Seven
practitioners agreed to participate. The selection of participants was guided by several criteria, ensuring a
diverse representation of expertise, experience levels, areas of expertise, and familiarity with maturity
assessment practices. The aim was to capture a rich spectrum of perspectives that could contribute to a
thorough evaluation of the model's effectiveness and utility. Table 4 presents more details regarding the
participants’ relevant profile.

Table 4 — Profile of Participants Who Took Part in the Utility Evaluation

Experience in the Familiarity with

ID pe Area(s) of expertise assessing the maturity of
industry L
organizations
Participant 1 2-4 years Data science & supply chain Not at all familiar
management

Participant 2 4-7 years Analytics, supply chain management Slightly familiar
Participant 3 Less than 2 years Process mining Somewhat familiar
Participant 4 More than 10 years Agile, project mng., change mng. Slightly familiar
Participant 5 2-4 years Business intelligence Slightly familiar
Participant 6 Less than 2 years Supply chain management Not at all familiar
Participant 7 Less than 2 years Data science Moderately familiar




Before the interviews, we asked them to complete a questionnaire to express their view anonymously on the
model’s utility. The questionnaire was assembled using a set of statements based on the Technology
Acceptance Model (TAM) (Davis, 1989; Venkatesh & Davis, 2000), a widely recognized framework in the
literature for predicting and explaining the acceptance and utilization of technological design artifacts, including
models (e.g. Dikici et al., 2018; Schriek et al., 2016), methods, and tools (Moody, 2003; Turetken et al., 2019).
The questionnaire consisted of four items to assess perceived usefulness, four to assess perceived ease of
use, and two to assess intention to use, as recommended by Venkatesh and Davis (2000). Each statement in
the questionnaire was adapted to accommodate the characteristics of the proposed artifact. Table 5 presents
the questions.

Table 5 — Questionnaire for Utility Evaluation

E\éﬂ:ﬁﬂg? Nr. Statement
1 | think this approach provides an effective solution to assessing the maturity of
advanced data analytics capabilities of organizations.
The capability maturity model for advanced data analytics capabilities designed
Perceived 2* in this way would be difficult for users (colleagues, stakeholders, etc.) to
usefulness unc_jersta_nd. - — . -
3 Using this approach would make it more difficult to communicate the maturity of
our advanced data analytics capabilities to other stakeholders.
4 Overall, | found the advanced data analytics capability maturity model (ADA-
CMM) useful.
5 Learning to use this model to assess the maturity of our advanced data
analytics capabilities would be easy for me.
Perceived ease 6* | found the structure of the ADA-CMM unclear and difficult to understand.
of use 7 It would be easy for me to become skillful at using the model to assess the
maturity of advanced data analytics capabilities of organizations.
8* Overall, | found the ADA-CMM model difficult to use.
9 I would use this model to assess the maturity of advanced data analytics
Intention to use capablll'qes of orgamza’qons in the futurg. _ _
10 | would intend to use this way of assessing ADA capability maturity in
preference to another assessment approach.

Note: Statements with **’ are presented in reverse form.

We used a 5-point Likert scale to understand the level of agreement of a participant concerning a particular
statement, for which “1” represents ‘strongly disagree’ and “5” represents ‘strongly agree’. Some statements
have been presented in reverse to prevent the participant from giving monotonous responses to questions. At
the end of the questionnaire, an open-ended question was presented to participants to provide additional
feedback about the model’s strengths, weaknesses, and completeness.

Afterward, we conducted semi-structured interviews with participants to gather in-depth feedback regarding the
model’s utility. Accordingly, we conducted seven ex-post interviews. The interviews took around 30 minutes
each and were recorded, transcribed, and coded following the interview analysis guidelines (Recker, 2013). We
followed the structure of the questionnaire and asked them to elaborate on their view on the usefulness and
ease of use of the model. The insights gained from the interviews are presented in Section 5.

Evaluate ADA-CMM'’s Effectiveness as a Maturity Assessment Tool Through a Survey

The maturity level of an organization’s capabilities in ADA has been found to significantly impact the value
created from ADA initiatives (Akter et al., 2016; Ghasemaghaei et al., 2017). The value created by advanced
data analytics often extends beyond financial aspects, for example, by enhancing process cycle time or internal
innovation (Ahmed et al., 2019). Research studies, such as Brinch et al. (2021) and Elia et al. (2020), provide
evidence of the moderating effect of data analytics capabilities on value creation from big data. The former
study found that data analytics capabilities are associated with greater value creation from big data. In addition,
the latter study proposed a framework to support organizations in effectively utilizing ADA initiatives by
disarticulating value-creation sources. These findings suggest that organizations with higher levels of ADA
capability are better equipped to create value from big data by intelligently utilizing various sources of value
creation. The ultimate goal of applying advanced technologies to large sets of data and information is to discover
hidden information that can be strategically and operationally leveraged, highlighting the importance of
organizational ADA maturity in generating more value from ADA projects (Mikalef & Krogstie, 2020). For
example, ADA could facilitate greater agility in strategic decision-making by supporting firms in decision-making
and recognizing business opportunities to gain a competitive landscape (Hyun et al., 2020). To explain the



varying firm performances, the concept of capability has been used in the strategy literature, especially in the
resource-based view (Eisenhardt & Schoonhoven, 1996).

Taking these findings as a point of departure, we hypothesize that the maturity level of an organization’s ADA
capabilities is positively related to the value generated from ADA projects, with the presumption that a maturity
assessment using an effective capability maturity model would confirm this relationship. Accordingly, we
propose the following hypothesis:

H1. An organization’s ADA capability maturity, as measured using ADA-CMM, relates positively to the ADA
value generated from its ADA initiatives.

Firm performance refers to the extent to which a firm generates superior performance with respect to its
competitors (Gupta & George, 2016). This can be in the form of operational performance, which reflects an
organization’s productivity, profit rate, return on investment, and sales revenue (Huang et al., 2020), and its
market performance, i.e., its ability to enter new markets and improve its position in existing ones (Gupta &
George, 2016). Differences in market or operational performance and, thus, firm performance can be explained
by the utilization of capabilities. For example, when a firm is able to fully utilize its ADA capabilities, it can
improve its performance (Akter et al., 2016). These studies demonstrate a positive relationship between an
organization’s maturity in ADA capabilities and its performance, with the value generated by ADA as a mediator.
This is because the organization’s ADA capabilities play a crucial role in generating value from ADA initiatives,
which, in turn, impact the firm’s overall performance. Following Gupta and George (2016), the firm performance
can be attributed to its operational performance (i.e., how productive and effective it operates) and market
performance (i.e., its ability to enter into new markets and introduce new products). Accordingly, we propose
the following hypotheses:

HZ2a. An organization’s ADA capability maturity, as measured using ADA-CMM, relates positively to a firm’s
operational performance, mediated by the ADA value generated from its ADA initiatives.

H2b. An organization’s ADA capability maturity, as measured using ADA-CMM, relates positively to a firm’s
market performance, mediated by the ADA value generated from its ADA initiatives.

In line with our hypotheses, we pose the research model depicted in Figure 3.
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Figure 3 — Research Model

We designed an online survey to collect data on the maturity level of ADA capabilities of organizations, the
value created by ADA, and firm performance. First, we describe the development of the measures, the units of
measurement and the control measures. Next, we explain the sampling procedures. Finally, the analysis
technique is addressed.

The survey consisted of four sections (which are presented in Appendix D). The first section of the survey
consisted of the ADA-CMM assessment questions, which are used to assess the maturity level of ADA
capabilities in accordance with the ADA-CMM (as described in Section 3.2.2). The second section focused on
measuring the value created by ADA. Following Elia et al. (2020), we operationalized ADA value using five
dimensions, namely informational, transactional, transformational, strategic, and infrastructural value. The third
section measured firm performance in terms of its market and operational performance, for which we used
validated items from Gupta and George (2016). Lastly, the fourth section collected general information about
the participants and their organizations, including the sector and size of the organization.

The survey was distributed via social media and specifically targeted emails. According to Andrews et al. (2003),
the combination of emails with web-based surveys is a valid vehicle for inviting individuals to participate in



surveys. The target group was information managers, also known as data managers or knowledge managers,
representing someone who is responsible for overseeing and optimizing an organization's data resources
throughout their lifecycle. The survey was online for three weeks, and target groups were actively stimulated to
fill in the survey by sending out invitations and reminders.

For our data analysis, there are several requirements. We need to test hypotheses, explore latent features such
as capability areas, and develop a complex model with many indicators and relationships. The sample size is
limited, and the data does not follow normal distributions. These factors require careful consideration of the
analysis method to ensure the accuracy and reliability of our results. Taking into consideration these
requirements, we have found Partial Least Squares - Structural Equation Modelling (PLS-SEM) analysis the
most suitable method to test our research model (Figure 3) using the survey data. PLS-SEM allows for the
investigation of unobservable or latent features measured by multiple observable variables (Rigdon, 2016). We
chose this method because it can estimate complex models with many constructs, indicator variables, and
structural paths without imposing distributional assumptions on the data. Furthermore, PLS-SEM can be used
as an exploratory research method and is a causal predictive approach to SEM that emphasizes prediction in
estimating statistical models (Hair et al., 2019). Finally, PLS-SEM is applicable with small sample sizes when
models comprise many constructs and a large number of items (Hair et al., 2017). The software tool SmartPLS
3.3 was used to analyze the data. The results of the survey and analysis are presented in Section 6.

Advanced Data Analytics — Capability Maturity Model (ADA-CMM)

In this section, we briefly introduce the final version of the ADA-CMM. Table 6 presents the capability areas and
capabilities of ADA-CMM, including their definitions. Each capability area encompasses a set of capabilities.
The application domain of the ADA-CMM includes ADA projects related to business processes, IT, and business
analytics. The capability maturity model aims at presenting the firm-level capabilities necessary to collect,
manage, and use data using ADA to help organizations improve them. The target group includes firms using or
planning to use ADA within their organization related to business processes, IT, and business analytics. The
model allows for self-assessment of the current maturity and could be used for prescriptive purposes.
Furthermore, it is a continuous capability maturity model; that is, it is based on scoring different capabilities at
different maturity levels and weighing the individual scores (Tarhan, Turetken, & llisulu, 2015). Using a Delphi
study, the model development involved close collaboration with academics, consultants in related fields, and
industry experts in ADA projects. The knowledge of consultants and industry experts contributes to the
relevance and practical applicability of the model.

The capability area of People & Culture considers the knowledge and commitment of employees regarding ADA,
the diversification of teams, and the adoption of analytical capabilities to improve business processes.
Performance & Value focuses on metrics that show how ADA capabilities can turn data into value and innovation
processes to develop best-in-class service operations. The Strategy capability area includes capabilities related
to the definition of ADA vision, mission, and objectives and the linkage of ADA to business priorities. Data &
Governance capability area relates to the data architecture, eliminating repetitive manual work, linking IT
systems and operational processes, data governance, and available data analytics tools. Finally, Process
Design & Collaboration emphasizes the capabilities regarding employees' competence and skill development,
how they are informed about new technologies, how ADA projects are managed, and the extent of information
sharing and functional project involvement.

ADA-CMM further includes the definition of capabilities and corresponding maturity level characteristics in four
levels. There are 17 capabilities related to five capability areas, each representing an organizational capability
necessary to create value from ADA. We provide the complete model in Appendix C.



Table 6 — ADA-CMM Capability Areas and Capabilities

Capability

Collaboration

Portfolio
Management

Capability Definition
Area
The degree to which the ADA department has a vision, mission, and
ADA Strategy objectives concerning data architecture, data governance, digital
Strate orientation and data investments to support the business processes.
9y Strateaic The extent to which there is a linkage of ADA priorities, IT and business
) 9 process priorities and business priorities for continuous and effective
Alignment X
business performance.
The extent to which there is identity and access management, a single-
Data ;
! source-of-truth, a data model, and data storage or cloud services to
Architecture - . N o
facilitate the data analytics applications across the organization.
The extent to which ADA helps to eliminate repetitive manual work (e.g.,
Automation data entry), thereby increasing data utilization and data driven decision
Data & making.
. The extent to which IT systems and operational processes are linked to
Governance Data Integration o . ; : . . ;
facilitate information flows, intelligence sharing, and alignment.
Data The extent to which there is an actively designed set of mechanisms
Governance (e.g., structure, policies, processes) to ensure that behaviours are
consistent with the organization’s ADA mission, strategy, and culture.
Data Analytics | The extent to which data analytics tools are integrated with the data
Tools platform and allow usersf to easily visualize and gain insights from ADA.
The extent to which employees and managers have knowledge
Knowledge regarding ADA and digitalization and are interested in learning about
the application of ADA within the organization.
The extent to which employees and management make the
Commitment investments (e.g., budget, effort, sponsorship) in ADA capabilities,
execute the related projects and make the required changes in practice.
People & - - : .
Culture . _ The extent to WhICh.a company is able to recruit the _rlght talent, have
Team Diversity | balanced teams with diverse backgrounds and different levels of
technical knowledge.
The extent to which there are collective values and beliefs that stimulate
data-driven decision making, employees and management make use
Usage . - o . .
of IT services, adopt analytical capabilities to improve business
performance.
Competence & | The degree to which the company provides individuals and groups the
Skills opportunity to continually develop their skills and competences, by
Development providing training and education.
The extent to which employees are informed about new technologies
Process Communication | within the area of ADA and stimulated to actively deploy these new
X technologies.
Design &

The extent to which ADA projects are managed with clearly defined
objectives, consistent portfolio management and cross-functional
collaboration.

Organizational
Collaboration

The extent to which there is information sharing and functional project
involvement across functions and expertise and a formal alignment
between the focus of ADA teams.

Performance
& Value

Performance
Metrics

The extent to which metrics (e.g., process metrics, functional metrics,
data quality metrics, financial metrics) are developed and standardized
to show how ADA capabilities can turn data into value for its continuous
development.

Innovation
Processes

The degree to which ADA is used to develop new products, improve
and redesign processes to develop best-in-class service operations
and deliver informational, strategic, transformational, transactional, and
infrastructural value.

Taking the PEMM (Hammer, 2007) as a reference, we characterized each capability by four maturity levels
and related characteristics: low, moderate, high, and top. An organization can be at a different level regarding
each capability and weigh the individual scores into an average maturity score per capability area (as
exemplified in Figure 4).




Capability Area: Strategy

Capability: Strategic Alignment

The extent to which there is a linkage of ADA priorities, IT priorities and business process
priorities to have continuous and effective business performance. The maturity levels focus on
the different levels of alignment, between ADA, IT and business processes.

L] [] wign M

ADA priorities are  ADA priorities are ADA priorities are ADA priorities are explicitly aligned
not explicitly developed with explicitly aligned with with and support the IT objectives
aligned with the awareness of the IT and support the IT and business processes. The
IT objectives and objectives and objectives and alignment between business, IT
business business processes. business processes. and ADA is continuously evaluated
processes. and improved.

Low Moderate Top

Capability Area: Data & Governance

The extent to which there is identity and access management, a single-source-of-truth, a data
model, and data storage or cloud services to facilitate the data analytics applications across the
organization. The maturity levels focus on data storage services, single source of truth, process
alignment and data access management.

[

I:I Moderate E

Low High

The

Top

The organization does not
have a single coherent
information architecture or
data model. It is difficult to

The organization

has a plan to
facilitate data
storage  across

organization
has a data storage
or cloud service to
provide a single-

The organization has a scalable
and easy to maintain data
storage or cloud service to
provide a single-source-of-truth;

gain access to datasets, and the organization. source-of-truth. and identity and  access
there is no specific plan to The organization Identity and access management is  optimized.
facilitate data  storage has minimal management are in Technology developments
across the organization. functional place. The data adhere to the established data
People create ad-hoc information model and architecture elements. The data
datasets causing multiple architecture and architecture are architecture and data model are
versions of the truth. data model. developed. continuously evaluated and

improved,

Figure 4 — An Excerpt from ADA-CMM, Containing Two Example Capabilities and Their Maturity

Levels for the Strategy and Data & Governance Capability Areas

The structure of ADA-CMM, which consists of capability areas, capabilities, maturity levels, and related
characteristics as depicted in Figure 2, ensures that organizations can use ADA-CMM to assess the current
situation, develop and prioritize improvements, and control the progress of implementation (Poeppelbuss et al.,
2011). Solution objective SO2 is fulfilled using this structure. The model can be used as a self-assessment tool
for ADA capabilities. To gain a more reliable self-assessment, it is ideal that the assessment is conducted with
multiple participants with different organizational roles, backgrounds, and motivations (Van Looy, 2015). The
assessment can take place in a focus group or workshop setting where everyone can express their opinion and
discuss each capability until a consensus is reached. Alternatively, it can be performed as an online survey,
where participants express their opinions individually or as a group, and the results are aggregated.

The self-assessment results represent the current situation and unveil the areas of ADA capabilities in which
the organization excels and which areas have room for improvement. The gap between the current and desired
position can help prioritize ADA capability improvements. Conducting a regular self-assessment can facilitate
monitoring the progress of improvements. Finally, the ADA-CMM can be used to benchmark and identify the
organizational ADA performance compared to the ADA performance of other departments or organizations.

Results of the Evaluation of ADA-CMM for Its Utility

This section describes the ex-post evaluation activities performed to evaluate ADA-CMM’s utility for its target
users. To this end, first, we facilitated an assessment of the ADA capability maturity of a large company using
the ADA-CMM assessment questions via an online form. In total, 16 participants provided individual ratings for
the maturity level of each capability in the model. The data was pre-processed by checking for missing values



and investigating the data variance through boxplots. The boxplots showed that the capability area Strategy
had the widest range of scores, ranging from 1 to 4. This suggests that respondents have varied opinions about
the capability area strategy. On the other hand, the construct Value had a narrower range, from 2.4 to 3.4, with
just one outlier at 3.8. The other capability areas (Data & Governance, Performance & Value, People & Culture,
and Process Design and Collaboration fell somewhere in between these ranges. The pre-processing did not
lead to any changes in the data. Finally, the results of the individual assessments were aggregated by taking
the averages and medians at the general and capability levels, respectively. The results were presented to the
participants in a meeting, allowing them to discuss the assessment process and findings. The process of using
the assessment questions provided further confirmation for the fulfillment of solution objective SO2.

Next, we contacted a number of participants who had participated in the assessment and conducted semi-
structured interviews with them. The goal was to elicit their view on ADA-CMM’s usefulness and ease of use,
and their intention to use it in assessing the ADA maturity. Table 7 illustrates the results of the responses to the
questionnaire on the model’s utility. In the following subsections, we describe the results of the evaluation of
ADA-CMM for its utility.

Table 7 — Responses to the Questionnaire on the Model’s Utility

Evaluation Statement nr. Sjcrongly Disagree Neutral Agree Strongly
Construct Disagree Agree

1 0 0 1 4 2
Perceived 2* 0 2 2 3 0
usefulness 3* 0 1 1 4 1

4 0 0 1 1

5 0 0 2 0
Perceived 6* 0 2 0 0
ease of use 7 0 0 2 1

8* 0 0 2 0
Intention to 9 0 0 3 1
use 10 0 0 2 0

The responses are reversed for statements indicated with a star (*).
Perceived Usefulness

Concerning perceived usefulness, the results show that the participants considered the application of our model
to be moderately useful, given that the majority selected ‘Agree’ as the answer to the related questions in the
survey. During the interviews, participants mentioned that they appreciated the model's guidance in developing
ADA capability, as indicated by some exemplary statements as below:

“Yes, I do think it is useful to have something like this ... so that you can then have a kind of roadmap for
an organization or department. From “okay, we are here now, so <we> must take this step to continue”, so
that you actually know a little bit of what you need to improve”. [Participant 3]

However, a topic that was recognized in four out of seven interviews is that the participants would prefer to
receive more concrete actions for guidance in increasing the maturity. This relates to the prescriptive properties
of the model. For example, participant 2 mentioned the following:

“A plan, so to speak. About these steps <would> contribute to these aspects, for example. In a joint analysis,
which steps are the best together? The best combination to achieve a certain thing. But it is something, of
course, just for every team is different, in every department is different, so something that is general enough
to fill in yourself depending on the team”. [Participant 2]

Perceived Ease of Use

Although with slightly fewer votes for ‘Strongly Agree’ or 'Agree’ than for perceived usefulness, the results for
the perceived ease of use indicate a positive view of the model. This is also reflected as one of the model’s
strengths identified in the interview. Participants 2 and 3 mentioned that the model is well described.

“Yes, | actually was just new at <Company X> .... | just had no idea about it. But | think | understood the
description or something of the survey quite well. Especially the explanation, when you have a specific
maturity level, what it includes and does not yet include”. [Participant 3]



However, participants 1, 3, 5, and 7 indicated that the descriptions are sometimes perceived as too technical,
formal, or wordy. This can affect the perception of ease of use of the method: “The questions are quite
technical... or at least detailed. So, you have to have some knowledge of a specific case to be able to answer”.
[Participant 1]

“If you ask me, I will split it and say, OK, either collect feedback from two separate teams: senior people
and technical people. ... Some people, | think they replied properly, but for some others, | think it’s too
vague or high level”. [Participant 5]

Intention to Use

Concerning intention to use, the results are generally neutral to positive. During the interviews, the most
important topic of discussion was the target audience of the ADA-CMM. This was also motivated by participants
1, 3, and 5: “And the only piece that is unclear to me is who exactly should be using this”. [Participant 1]

Another topic suggested by participant 4 is that the model is focused on larger firms, so it would not be directly
applicable to smaller firms.

“But it’s also modeled for big companies. And for smaller companies, not so much; smaller companies don’t
have as much portfolio management, organizational collaboration, or data governance. Those are terms
that they may not have as strongly. | think it is catered more towards larger companies”. [Participant 4]

Overall, the usefulness and ease of use of ADA-CMM have been positively assessed. The participants
expressed a clear intention to use the model and perceived that it could help organizations assess the maturity
of their ADA capabilities. However, the results also suggest that enhancing the model’s prescriptive properties
by providing concrete actions for improvement could increase its usefulness and ease of use. Additionally, the
phrasing of the assessment questions could be improved to further enhance the ADA-CMM'’s ease of use.
Section 7 presents further discussions on the feedback we gathered.

Results of the Evaluation of ADA-CMM for Its Effectiveness

ADA-CMM has been developed as a joint effort of domain experts through a Delphi study, applied in a large
company, and evaluated using interviews with target users. Yet, conducting a survey across multiple companies
to confirm the relationship between ADA capability maturity as measured using ADA-CMM and firm
performance provides insight into the effectiveness of ADA-CMM (Sonnenberg & Vom Brocke, 2012). It reveals
if the model incorporates the key aspects of ADA that play a role in generating value from ADA initiatives and if
the maturity level characteristics of ADA capabilities are valid measurement items. This section presents the
design, conduct, and results of our survey.

Descriptive Information

Prior to conducting any statistical analysis, the data underwent cleaning and preparation procedures. One
response was removed due to straight-lining, and two responses due to missing data. We conducted univariate
and multivariate outlier analyses, which did not result in any further data removal. After these cleaning
procedures, the resulting dataset contained 48 observations, each corresponding to a firm’s ADA maturity level
as assessed using ADA-CMM, as well as the value created by ADA (ADA value) and the firm’s market and
operational performance.

The descriptive information on the experience of the participants and the size of the firms are shown in Table 8.
The sector distribution showed that participants were mainly from the sectors of industrials (e.g., capital goods,
transportation) (27%), IT (25%), financials (15%) and consumer staples (8%). The boxplots were generated for
the aggregated maturity scores per capability area of the ADA-CMM (Data & Governance, Performance & Value,
Strategy, People & Culture, Process Design & Collaboration), the overall score for ADA value, and the firm
performance score aggregated for each organization (Market Performance, Operational Performance). The
boxplots indicated that the Performance & Value capability area showed the widest range of scores, ranging
from 1.5 to 4, indicating diverse responses. In contrast, the People & Culture area showed less variability, with
scores ranging from 1.75 to 3.75. Among the constructs, value, market performance and operational
performance, had value and market performance has a broader range of scores and more variability than
operational performance.



Table 8 — Descriptive Statistics

Personal experience (years) 0 0-2 2-5 5-10 >10
Work 28% 35% 24% 13%
ADA 17% 21% 24% 29% 9%
Organization size (employee #) <10 11-50 51-250 251-1000 >1000
7% 29% 19% 21% 24%
Organization age (years) <5 6-15 >15
21% 21% 58%

Evaluation of ADA-CMM for Its Effectiveness Using PLS-SEM Analysis

Taking the research model depicted in Figure 3 as a basis, a path model was created with the independent
variables of ADA-CMM capability areas, ADA capability maturity, and ADA value. We defined ADA capability
maturity level as a second-order construct with the five ADA-CMM capability areas as its formative indicators
(i.e., first-order constructs) since the complete set of capability areas reflects this higher-order latent variable
(Sarstedt et al., 2019). Each first-order latent variable (i.e., ADA-CMM capability area) was reflectively measured
through indicators matching its capabilities, e.g., Data & Governance with five indicators (coded as D&G_1 to
D&G_5). Similarly, the five items of ADA value were modeled as formative indicators. The market and
operational performance items were also modeled as reflective indicators. The analysis was performed as a
repeated indicator approach, meaning that the indicators of the first-order constructs were reused for the
second-order construct (Sarstedt et al., 2019).

Following the guidelines for conducting PLS-SEM analysis (Benitez et al., 2020), we first report on the reliability
and validity tests of the reflective measurement model. Next, as measures of fit for the reflective measurement
models, we assessed the internal consistency reliability through Cronbach’s Alpha (a) and composite reliability
(CR) and convergent validity through Average Variance Extracted (AVE), as reported in Table 9. We assessed
the discriminant validity through Heterotrait-Monotrait Ratio (HTMT), which resulted in a value below 1.0. We
confirmed that all these variables match the suggested threshold values and, thus, the indicators of the reflective
model are of sufficient quality (Benitez et al., 2020).

Table 9 — Reliability and Validity of Reflective Constructs

Construct a CR AVE
ADA Capability Maturity 0.912 0.924 0.422
Market Performance 0.651 0.792 0.489
Operational Performance 0.848 0.897 0.687

As the data was collected through a single method (i.e., survey), common method bias (CMB) must be
investigated. We performed two tests for CMB. First, Harman’s single-factor test, the exploratory factor analysis
(EFA) without rotation revealed that the total variance extracted by one factor is 32.54%, below the threshold of
50% (Kock, 2015). Second, we performed a full collinearity test. The VIF scores were below the threshold of
3.3 (Kock & Lynn, 2012). Therefore, CMB is unlikely to be a significant validity concern. For validating the
formative model, first, we confirmed the lack of multicollinearity issues in the outer model by checking the outer
VIF scores, which were below the threshold of 5. To check the significance of the indicators, bootstrapping was
performed with a sample size of 5000 (Garson, 2016). An assessment of the outer weights revealed that all
indicators were significant (p<0.05) except for D&G_1, S 1, P&C 2, P&C 4, PD&C_3, IMV, TCV, and TFV.
The outer loadings of these indicators were all above 0.5. Thus, we decided to retain as suggested (Hair et al.,
2013). We further confirmed that there are no multicollinearity issues for the structural model by checking the
inner VIF scores to be 5 or more (Hair et al.,, 2013). Table 10 presents each latent construct and the
corresponding indicator, outer weight, outer loading, and p-value.



Table 10 — Reliability and Validity of Reflective Constructs

Construct Indicator | Outer weights (outer loadings) P-value

DG 1 0.159 (0.818) 0.244

DG 2 0.221 (0.751) 0.024*

Data & Governance DG 3 0.333 (0.776) 0.002*
DG 4 0.313 (0.744 0.001*

DG 5 0.311 (0.682) 0.001*

PV 1 0.468 (0.820) 0.000*

Performance & Value PV 2 0.672 (0.917) 0.000*
Strategy S 1 0.516 (0.768) 0.077

S 2 0.688 (0.877) 0.029*

PC 1 0.357 (0.811) 0.004*

PC 2 0.248 (0.731) 0.073

People & Culture PC 3 0.371 (0.746) 0.008"
PC 4 0.318 (0.797) 0.058

PDC 1 0.276 (0.705) 0.018*

. . PDC 2 0.413 (0.832) 0.014*
Process Design & Collaboration PDC 3 0.242 (0.791) 0.109
PDC 4 0.347 (0.778) 0.006*

IMV 0.332 (0.839) 0.190

ISF 0.299 (0.750) 0.036*

ADA Value TCV 0.288 (0.785) 0.134
TFV 0.009 (0.772) 0.955

SV 0.352 (0.750) 0.029*

Note: denotes p<0.05

Results of the PLS-SEM Analysis

The pathway coefficients for each relation are presented in Table 11. All relationships between the latent
constructs are found to be significant (p<0.001). Each ADA-CMM capability area is shown to have a positive
relationship with the ADA capability maturity level. Accordingly, a higher organizational ADA capability maturity as
measured using ADA-CMM is seen to have a positive relationship with the value generated from ADA projects
(B=0.645; p<0.001), thereby supporting H1. In other words, as the ADA maturity level of an organization increases,
there is a corresponding increase in the value generated from ADA initiatives. Moreover, a higher organizational
ADA capability maturity has a positive relation to the firm’s operational performance ($=0.643; p<0.001) and
market performance (3=0.685; p<0.001), mediated by ADA value generation, in support of H2a and H2b.

Table 11 — Pathway Coefficients of Model Relationships

Relationship Pathway coefficient
Data & Governance -> ADA Maturity 0.370*
Process Design & Collaboration -> ADA Maturity 0.272*
People & Culture -> ADA Maturity 0.260*
Performance & Value -> ADA Maturity 0.182*
Strategy -> ADA Maturity 0.121*
ADA Maturity -> ADA Value 0.645*
ADA Value -> Market Performance 0.685*
ADA Value -> Operational Performance 0.643*

Note: denotes p<0.001

Although all capability areas contribute significantly to the generation of ADA value and firm performance, the results
from the analysis indicate a diverse impact of capabiliies on ADA maturity (Table 10). The Data & Governance
capability area has a relatively stronger contribution to ADA maturity, highlighting the technical aspects' importance
in the overall ADA maturity of an organization. This finding suggests a slight deviation from the results of our Delphi
study, which put more emphasis on the aspects related to the process, culture, and strategy. Although significant,
the relationship between the Strategy and ADA maturity is relatively weaker. This result may be related to the
evaluated companies, since they may not be at a maturity level where the aspects related to ADA strategy are the
most critical. The measures of structural model fit are presented in Table 12. The adjusted R? values of 0.400 to
0.458 indicate a moderate level of variance explained for dependent variables ADA value, market performance, and
operational performance (Garson, 2016). The Q? values, which indicate the model’s predictive relevance, are all
above 0. Thus, the model can be considered to have medium to high predictive relevance (Hair et al., 2013).



Table 12 — Model Fit Values per Construct

Construct R? R? adjusted Q?

ADA Value 0.416 0.403 0.236
Market Performance 0.470 0.458 0.193
Operational Performance 0.413 0.400 0.258

Discussions and Implications

ADA is increasingly used in organizations to improve their processes, products and services (Ghasemaghaei
et al., 2017). Despite the opportunities, many organizations struggle to extract value from ADA (Giinther et al.,
2017; Ransbotham et al., 2015). Capability maturity models could guide organizations in developing their ADA
capabilities (Poeppelbuss et al., 2011). This research seeks to address the research question: What are the
key components of a capability maturity model that can effectively guide organizations in assessing and
enhancing their advanced data analytics capabilities? As shown in the comparison of existing data analytics
maturity models in Table 1, the existing literature lacks a holistic and empirically validated capability maturity
model for ADA, one that not only encompasses a holistic perspective but is also acknowledged for its
effectiveness and practical utility. We address this research question by developing a capability maturity model
that could effectively assess an organization’s advanced data analytics capabilities while also being considered
useful. Following DSR, we present a comprehensive ADA capability maturity model prescribing necessary
capabilities. ADA-CMM satisfies all five criteria presented in Table 1. The fulfillment of all five criteria results in
holistic maturity model, which is deemed useful and effective, is well documented, and offers a method to assess
ADA capabilities. This contribution falls under level 2 in the design science contribution types, representing a
nascent design (Gregor & Hevner, 2013). The knowledge contribution involves providing a new solution for a
known problem. We demonstrate the functional feasibility of ADA-CMM through a proof of concept by applying
it to multiple companies and assessed its utility and effectiveness as proof of value (Nunamaker et al., 2015).
In the next paragraphs, we will discuss the activities we performed for developing ADA-CMM, evaluating its
usefulness, and evaluating its effectiveness, along with contributions for each research activity.

We first identified what the key organizational capabilities for creating value from advanced data analytics are and
how they matured. This study contributes to the literature by identifying the key capabilities necessary for creating
value from ADA. Our findings provide insight into the specific capabilities that facilitate ADA value creation and
confirm the findings of previous research by Brinch et al. (2021), who provided a holistic overview of firm-level
capabilities required for big data value creation. We redefined these capabilities in the context of ADA and
validated them empirically through a Delphi study. Additionally, we developed four maturity level definitions for
each of these capabilities, which enables organizations to analyze their current composition of ADA capabilities
and develop a roadmap for improving their maturity level. Furthermore, we took a capability improvement
perspective compared to a process improvement-oriented approach, which aligns with the literature on
organizational capabilities (Steininger et al.,, 2022). ADA-CMM contributes to the understanding of which
organizational capabilities are important for ADA value creation. These findings underscore the importance of a
coherent set of key capabilities in creating value from ADA. This would help create awareness among practitioners
that gaining a competitive advantage from ADA requires capabilities beyond merely collecting large amounts of
data and putting advanced technologies in place (Davenport, 2013). Among others, practitioners must strategically
position ADA within their organization, ensure the availability of the right people and culture, foster a suitable
collaboration environment, and establish effective performance and value management processes.

Second, we assessed whether the developed model was considered as useful. To evaluate the utility of ADA-
CMM among its target users, we facilitated an assessment of the ADA capability maturity of a large company
and conducted semi-structured interviews with a select group of participants who had used ADA-CMM. We
focused on their perspective on the model's usefulness and ease of use, and their intention to use the model.
The results show that the majority of participants rated the model positively in terms of its overall usefulness
and ease of use and had a clear intention to use the model. ADA-CMM is a descriptive capability maturity model
that organizations can use to assess their current situation, develop and prioritize improvements, and control
the progress of these improvements (Poeppelbuss et al., 2011; Tarhan et al., 2016). Organizations can use
ADA-CMM to self-assess the maturity of their current ADA capabilities and unveil the ADA capabilities that the
organization excelled in, including areas with room for improvement. Assessment results can provide input to
organizations to develop a roadmap for improving their maturity level of the specific ADA capabilities
(Poeppelbuss et al., 2011). Conducting a regular self-assessment of the ADA capabilities can facilitate
monitoring the progress of improvements. Finally, the ADA-CMM can be used to benchmark and identify the
organizational ADA performance compared to the ADA maturity of other departments or organizations (Maier
et al., 2012; Szelggowski & Berniak-Wozny, 2022).



Finally, we assessed the effectiveness of ADA-CMM. We analyzed the relationship between ADA maturity level
and firm performance through a survey using ADA-CMM assessment questions as a measurement tool. The
significant positive relationship between the ADA capability maturity, as assessed by ADA-CMM, and firm
performance, mediated by ADA value, indicates that ADA-CMM incorporates capabilities that are key in generating
value from ADA initiatives. Furthermore, it confirms that it can be an effective measuring tool in assessing the
maturity level of an organization’s ADA capabilities. This research contributes to the literature by its use of PLS-
SEM to evaluate how effective a maturity model is in incorporating critical aspects of its primary focus area, in our
case, ADA capabilities. The research employs PLS-SEM as a statistical method of to reveal the relationship
between the maturity level of organizational ADA capabilities as measured using ADA-CMM, ADA value, and firm
performance. This contributes to the need of of investigating the relationship between ADA maturity and the
performance of an organization by applying statistical analysis (Thordsen & Bick, 2023). Prior literature has
primarily explored these relationships in isolation and has yet to quantitatively establish them (e.g., Brinch et al.,
2018; Elia et al., 2020; Gupta & George, 2016). In that respect, our study extends the findings from existing
research by exploring relevant ADA capabilities that are impactful in value generation from ADA (Elia et al., 2020).

This research has implications for also practitioners, such as executives and ADA managers. The findings
underscore the importance of a coherent set of key capabilities in creating value from ADA. This would help
create awareness among practitioners that gaining a competitive advantage from ADA requires capabilities
beyond merely collecting large amounts of data and putting advanced technologies in place (Davenport, 2013).
Among others, practitioners must strategically position ADA within their organization, ensure the availability of
the right people and culture, foster a suitable collaboration environment, and establish effective performance
and value management processes.

Our study is subject to several limitations and has various potential directions for future work. First, the advances
in ADA would also impact the capabilities required to harvest value from it. Hence, the ADA-CMM should
continue evolving, albeit at a slower pace than ADA and related technologies. Future research is needed to
apply and validate ADA-CMM in specific contexts and domains, which may require modifications to
accommodate their unique characteristics. There are two main limitations in the evaluation of ADA-CMM. Firstly,
the interviewees for the evaluation of utility were from a single company. Secondly, for the evaluation of ADA-
CMM effectiveness, the selection of survey participants was non-random and some participants had limited
experience in ADA. These two limitations pose risks to the internal validity, as the maturity assessment requires
viewpoints of multiple participants with different backgrounds and motivations (Poeppelbuss et al., 2011). Future
research should address these limitations by involving multiple participants from different organizations to
capture a wider range of perspectives. Furthermore, a larger sample size should be used, and control variables,
such as work and ADA experience, organization size, and sector, should be analyzed to confirm the robustness
of the impact of ADA value on firm performance. We aimed to evaluate ADA-CMM for its utility as perceived by
the target users and effectiveness in generating its intended purpose. Future research should consider
evaluating the model using objective performance measures, such as revenue. Evaluating the long-term impact
of using ADA-CMM by a longitudinal study can also provide valuable insights since organizations struggle to
justify the long-term benefits of ADA investments (Chen et al., 2012). During the evaluation of the model, potential
directions for future work have been identified. To further enhance the model, it can be extended to have a stronger
prescriptive structure that explicitly guides organizations toward achieving higher maturity levels for their
capabilities. Our model proposes four maturity levels for each capability. Future research can adopt a theoretically
grounded model (e.g. Korsten et al., 2024) to enhance consistency and alignment across all capabilities and
related levels. The descriptions of the maturity levels and questions used during the assessment can be improved
to consider the perspectives of diverse organizational roles. Furthermore, the roles that would participate in the
assessment and the target audience for the assessment results and improvement planning should be explicitly
defined to facilitate effective model use in practice (Maier et al., 2012).

Conclusion

As technology improves, more companies use ADA to enhance their operations, offerings, and customer
experiences (Ghasemaghaei et al., 2017). This can give them an advantage over competitors (Seddon et al.,
2017). However, many businesses still have difficulty translating their analytics efforts into tangible business
benefits (Gunther et al., 2017; Ransbotham et al., 2015). Maturing in ADA can be challenging, particularly in
the Asia Pacific region, where organizations often prioritize collective values over individual tools, which might
overshadow the importance of data-driven decision-making (Anton et al., 2023). Despite the rise of ADA, many
organizations in this region still rely on intuition rather than analytics for managerial decisions (Yu et al., 2022).
Studies show that many companies need to be better aware of the necessary capabilities for successfully
incorporating ADA (Brinch et al., 2021). They require guidance on building these capabilities to use analytics to
drive business growth and improve overall performance (Gunther et al., 2017). To address this gap, this paper
proposes a capability maturity model for developing and improving ADA capabilities. By contributing to prevalent



topics in the Pacific Asia Journal of the Association for Information Systems (PAJAIS), such as business
intelligence, data analytics and design science (Jiang et al., 2019), this research aims to provide valuable
insights into navigating the challenges of ADA adoption and utilization, particularly within the Asia Pacific context.
Following DSR, we designed ADA-CMM using a Delphi study and evaluated it through interviews with target
users and a survey across multiple companies. ADA-CMM is one of the maturity models encompassing a holistic
perspective, providing a means for assessment, and is evaluated for its utility and effectiveness, which is called
for in the field (Felch & Asdecker, 2020; Mettler, 2011; Santos-Neto & Costa, 2019; Tarhan et al., 2015). ADA-
CMM adds to the unbiased academic body of knowledge on ADA through a well-structured and thoroughly
documented design and evaluation process.
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Appendix A — Initial Version of the ADA-CMM

Table A - Initial Version of the ADA-CMM

organization.

Capability area Capability Definition Reference
The extent to which employees and managers Brinch et al
la. Knowledge have knowledge regarding business processes. '
S 4 o (2021)
digitalization, analytics capabilities.
The extent to which employees adopt IT
1b. Usage ser\(iqes, use.informational insights in their Brinch et al.
1. Performers ' decision making, and comply with process (2021)
standardizations.
The extent to which employees and
1c. Commitment management make the investments, execute the | Brinch et al.
’ related projects and make the required changes | (2021)
in practice.
The extent to which there is a single-source-of-
2a. IT Architecture truth and dr_:\ta storage service, data access and | Brinch et al.
' data analytics is facilitated across the (2021)

2b. Informatization

The extent to which an organization utilizes
information and identifies value produced by
data collection, data source integration, data
analysis.

Rogers (2009)

The extent to which IT helps to eliminate manual

and capabilities.

2c. IT Automation data entry and increases the automated Brinch et al.
2. Infrastructure L - (2021)
decisions and data utilization.
The extent to which there are actively designed
set of mechanisms (e.g., data standardization, .
e ) ; Weill & Ross
2d. IT Governance | policies) that encourages behaviors consistent (2004)
with the organization’s mi(Weill & Ross, 2004)
culture.
The extent to which there is data warehouse
2e. Software integration and users can easily incorporate this | Brinch et al.
Applications in data analytics engines to visualize the (2021)
analytical insights.
The extent to which analytics competence
3a. Organizational centers and supportive competence centers are Brinch et al.
incorporated in the organizational structure and
Structure . . L (2021)
there is a clarity of roles, responsibilities and
resources of the various departments
The extent to which there are collective values
3p. Culture and beliefs that shape digital-orientation, Hammer
’ collaboration, process-related attitudes and (2010)
behavior to improve business performance.
The extent to which human resource
3. Culture 3¢. Human management skills anq knowledge are used to Hammer
recruit talent and provide talent management,
Resources —_ . (2010)
and individuals and groups continually have the
ability to develop their competences.
The extent to which there is employee
involvement and communication with the Moran &
3d. Change . : :
employees in the process of continually Brightman
Management ’ s
renewing an organization's direction, structure, (2001)

3e. Organizational
Collaboration

The extent to which there is information sharing,
employee interaction and functional project
involvement across functions and expertise.

Brinch et al.
(2021)
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Capability area

Capability

Definition

Reference

4a. Performance
Measurements

The extent to which metrics (e.g., process
metrics, functional metrics, data quality metrics,
financial metrics) are developed and
standardized to show how analytics capabilities
can turn data into value for its continuous
development

Brinch et al.
(2021)

The degree to which the processes are

5. Governance

analytics standardization is applied, and there is
real world compliance.

4. Metrics 4b. Innovation of continuously improved and redesigned through Brinch et al.
Practices the use of advanced analytics to develop best- (2021)
in-class service operations.
The extent to which advanced analytics projects
. have clearly defined objectives, there is
4c. Project consistent portfolio management, business Bl et'al
Management N (2015)
cases are developed, and there is cross-
functional collaboration.
The extent to which processes are customer
5a. Process Design oriented, end-to—e_nd processes t(_)ward IT \ Brinch et al.
' systems and applications are defined and fit (2021)
within the organization.
The extent to which business procedures are
followed accurately and consistently, work
Sb. Process descriptions and data inputs are defined Neubauer
Standardization { (2009)

The extent to which IT systems and operational

investments to support the business processes.

5c. Process . s ; : Janssen et al.
; processes are linked facilitate information flows,
Integration ; ) . : (2017)
intelligence sharing, and alignment.
The extent to which there are decision-making
and reward processes designed to guide
5d. Process > : Hammer
process-related actions and appropriate and
Governance A (2010)
transparent accountability in terms of roles and
responsibilities.
The extent to which there are IT and process-
6a. Strategic related domain objectives which promote the Brinch et al.
Objectives vision and mission and guide desired (2021)
achievements
The extent to which there is a linkage of
6b. Strategic functional strategic priorities and IT business Hammer
Alignment process priorities to have continuous and (2010)
effective business performance.
6. Design The extent to which business processes
: emphasize the elements of standardization, .
6c. Business . Brinch et al.
performance measurements and continuous
Process Strategy ; . . . (2021)
improvements in order to increase business
process maturity.
The degree to which the IT department has a
6d. IT Strate vision, mission, and objectives concerning the IT | Buh et al.
' 9y architecture, IT governance, digitalization and IT | (2015)




Appendix B — Summary of Changes in the Delphi Rounds

Delphi round 1 adopted an explorative approach to developing the structure of the model. This is a commonly
suggested approach to initiate the Delphi rounds (Powell, 2003). To achieve this, we presented the structure of
the model, capability areas and capabilities, and their definitions to the panelists and asked them to suggest
additional capability (areas). In this first round, the maturity levels for each capability (area) were not presented
to keep the focus on the definition of model capability (areas). The main feedback we received was on specifying
the scope and focusing the model on ADA more explicitly through updating various capability areas and
capabilities. We explicitly defined the scope of the model as ADA projects by emphasizing more on the
descriptions of related terms. We also pointed out that the model aims to understand the capabilities necessary
to collect, manage, and use data within organizations.

Several suggestions regarding the addition of capabilities were made, which resulted in some capabilities being
added, changed, or removed. Two capabilities were added based on these suggestions. Panelists pinpointed
the importance of multidisciplinarity and diversity of employees in terms of their expertise and roles. Relevant
ones included technical experts, data storytellers, and subject matter experts who understand the business well.
To address these points, the capability Diversity was added. It was also suggested to add an capability that
focuses on the training of employees. Accordingly, we added a new capability of Talent Management. The
capabilities Organizational Structure, Process Standardization, and Process Governance were considered less
critical in creating value from ADA and were, therefore, removed from the model. The Governance capability
area was considered unclear. Hence, its essential capabilities were moved to the capability area Infrastructure,
which was renamed as Data. Various other changes were introduced in the names, definitions, or capabilities
of five out of the six capability areas.

In Delphi round 2, the panelists received a report of changes in the initial model performed based on their
feedback. They also received the revised model, including, this time also the definitions of the maturity level
characteristics for each capability. The second round was confirmative in nature, i.e., it was used to gather
information to either change or delete capability (areas) from the model. The panelists were not explicitly asked
to propose new model capability (areas).

The discussions led to two changes in the capability areas of the model. It was suggested by two panelists to
integrate the capability areas People and Culture. They suggested moving the capabilities Change Management,
Project Management, and Organizational Collaboration to a new capability area named Execution. This was
incorporated into the model, and the capability area was called Process Design inspired by the PEMM structure
(Hammer, 2007). Furthermore, two panelists suggested renaming the capability area Performance. One of them
suggested Value as a new name, and the other suggested to merge it with Strategy and rename it to Strategy
and Vision. As a result, we renamed the capability area as Performance and Value relating Metrics to
Performance and Innovation to the Value. Further changes in the positioning of the capabilities were also
suggested. For example, panelists suggested moving the capabilities Change Management, Project
Management, and Organizational Collaboration from People & Culture to the new capability area Process
Design. Furthermore, several name changes were applied in the capability areas, content-related changes in
capabilities, and corresponding maturity level characteristics.

In Delphi round 3, the goal was to evaluate the descriptions of the maturity levels to gather confirmation for all
capability (areas). For the capability areas, Data was renamed to Data & Governance as the capability area
was considered to entail more than data only. Similarly, Process Design was renamed to Process Designh &
Collaboration. Further, a few capabilities were renamed, and their descriptions and maturity level descriptions
were improved. According to the feedback, the model was updated and finalized. As a result of round three, the
final model was sent back to panelists for final confirmation.
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Table C — ADA-CMM

Definition

Low

Moderate

High

Top

The degree to which the
ADA department has a
vision, mission, and
objectives concerning data
architecture, data
governance, digital
orientation and data
investments to support the
business processes.

There is no explicit
strategic ADA
vision, mission or
plan to support
business
processes.

A strategic ADA plan
is present, focused
on short-term goals.

A long-term ADA vision,
mission and strategy
concerning data
architecture, data
governance, digital
orientation and data
investments is present
and well documented to
support the business
processes.

There is a well-documented long-
term ADA vision, mission and plan
concerning data architecture, data
governance, digital orientation and
data investments to support the
business, which is continuously
improved.

The extent to which there
is a linkage of ADA
priorities, IT and business
process priorities, and
business priorities for
continuous and effective
business performance.

ADA priorities are
not explicitly aligned
with the IT
objectives and
business
processes.

ADA priorities are
developed with
awareness of the IT
objectives and
business processes.

ADA priorities are

explicitly aligned with and
support the IT objectives
and business processes.

ADA priorities are explicitly aligned
with and support the IT objectives
and business processes. The
alignment between business, IT
and ADA is continuously evaluated
and improved.

Capability Area Capability
ADA Strategy
Strategy
Strategic
Alignment
Data

Architecture

The extent to which there
is identity and access
management, a single-
source-of-truth, a data
model, and data storage or
cloud services to facilitate
the data analytics
applications across the
organization.

The organization
does not have a
single coherent
information
architecture or data
model. It is difficult
to gain access to
datasets, and there
is no specific plan to
facilitate data
storage across the
organization. People
create ad-hoc
datasets causing
multiple versions of
the truth.

The organization has
a plan to facilitate
data storage across
the organization. The
organization has
minimal functional
information
architecture and data
model.

The organization has a
data storage or cloud
service to provide a
single-source-of-truth.
Identity and access
management are in
place. The data model
and architecture are
developed.

The organization has a scalable
and easy to maintain data storage
or cloud service to provide a
single-source-of-truth; and identity
and access management is
optimized. Technology
developments adhere to the
established data architecture
elements. The data architecture
and data model are continuously
evaluated and improved.
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entry), thereby increasing
data utilization and data
driven decision making.

repetitive work.
There is no
consistent data
collection for
automation.

are not data driven.
Standardized
processes are in
place for data
collection.

whole organization. There
is consistent data
collection.

Capability Area Capability Definition Low Moderate High Top
The organization is There is an
unaware of the application of Consistent data collection and self-
. potential of - . - learning methods are in place to
helps to climinate repetiive | 2utomaton. Manual | SEREEE S | g I mplemented i | 2ulomate work processes
P P labor is used to S > 9 P throughout the whole organization.
. manual work (e.g., data majority of decisions processes throughout the - .
Automation perform the Machine learning and deep

learning allow for adaptive
automation. Processes are
continuously evaluated and
improved.

Data Integration

The extent to which IT
systems and operational
processes are linked to
facilitate information flows,
intelligence sharing, and
alignment.

IT systems are
running mostly in
silos; data sharing
among them is
limited.

IT systems are
mostly integrated
across functional
silos; data is shared
for cross-functional
activities.

IT systems and
operational processes are
integrated and internally
aligned. Data access and
sharing is formalized.

IT systems and operational
processes are integrated. They are
internally and externally aligned.
Data access and sharing is
formalized and there is a functional
transparency to increase BD & AA
work efficiency. Data integration is
continuously evaluated and
improved.

Data
Governance

The extent to which there
is an actively designed set
of mechanisms (e.g.,
structure, policies,
processes) to ensure that
behaviors are consistent
with the organization’s
ADA mission, strategy, and
culture.

There are no formal
mechanisms (e.g.,
structure, policies,
processes etc.) in
place for ADA
projects.
Responsibilities for
ADA projects or
data ownership is

not formally defined.

There are limited
formal mechanisms
(e.g., structure,
policies, processes,
etc.) in place for ADA
projects. It is clear
who is functionally
responsible for each
ADA activity.

There are formal
mechanisms (e.g.,
structure, policies,
processes, etc.) in place
for ADA projects.
Responsibilities are
integrated and aligned
with the organizational
structure and processes.

There are formal mechanisms
(e.g., structure, policies,
processes, etc.) that ensure
behaviors are consistent with the
organization's ADA mission,
strategy, and culture.
Responsibilities are integrated and
aligned with organizational
structure and processes, and in
continuous development. It is
ensured that there is consistent
data access, collection and data
quality. New technological
developments adhere to the
governance policy.
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are interested in learning
about the application of
ADA within the
organization.

managers are not
sufficiently triggered
to learn about the
application of ADA
within the business.

limited way to their
specific role or
function.

Employees and
managers have
knowledge regarding
business processes and
analytical capabilities of
the IT department.

Capability Area Capability Definition Low Moderate High Top
There is a set of data analytics
. tools available and used
Zzzljt)i((t:esr;:)?lswaﬁgh data lgzﬁiiig;:ata A limited number of Several data analytics throughout the organization. The
. ; . . . data analytics tools tools are available and tools are integrated with the data
Data Analytics integrated with the data which are available . . .
are available and integrated; employees platform and allow employees to
Tools platform and allow users to | and used functioning as are actively encouraged visualize and gain insights from
easily visualize and gain throughout the separate sg stems to use thege tools ’ ADA. The avagialable sug ort tools
insights from ADA. organization. P Y ) ) Co Pp
are continuously evaluated and
developed.
ArialoEes e Employees and management
JiploEes e Most employees and IENEGEE VT BENE und%rs);and how ADA gan be
i EEIL I G IMEGEGENE TEVE manal erz h)::\ve basic I A DAL 56 22 applied or utilized at their specific
employees and managers limited knowledge K Igd di or utilized at their specific IC;IO . . P K
have knowledge regarding | regarding ADA nowledge reqaraing | e or function to role or Lliseiltol o IS lere el
ADA and digitalization and | Employees and Ao 21 Ve il increase work qualit AU EAAGYEES St MEMEEETS
Knowledge 9 ploy knowledge in a q Y have knowledge regarding

business processes and analytical
capabilities of the IT department.
Training is provided to continuously
evaluate and improve employee
knowledge regarding ADA.

Commitment

The extent to which
employees and
management make the
investments (e.g., budget,
effort, sponsorship) in ADA
capabilities, execute the
related projects and make
the required changes in
practice.

There is no explicit
commitment shown
by the employees
and management to
make investments
(e.g., budget, effort,
sponsorship) in
ADA.

Management and
employees show
commitment to make
some investments in
ADA (e.g., budget,
effort, sponsorship).

Management and
employees adopt ADA
initiatives. They are
committed to make
investments (e.g., budget,
effort, sponsorship) in
ADA to develop the
business and make the
required changes in
practice.

Management and employees show
extensive adoption of ADA
initiatives and they are committed
to make investments (e.g., budget,
effort, sponsorship) in ADA to
develop the business.
Management and employees
actively motivate others to
implement the required changes
and embrace a digital culture.

Team Diversity

The extent to which a
company is able to recruit
the right talent, have
balanced teams with
diverse backgrounds and
different levels of technical
knowledge.

People are hired
and allocated to
ADA project teams
on an ad-hoc basis,
the organization is
unaware of the
necessary team
competencies.
Diversification of
team capabilities is
not a priority.

The organization is
aware of which
competencies are
necessary for ADA
projects, these are
not explicitly stated or
acted upon

ADA project teams are
carefully selected, in
which the potential of
existing employees is
balanced with the
competencies of new
employees.

ADA teams are diversified in terms
of their expertise, technical
knowledge, and background and
this is also considered in the
recruitment of new employees. It is
continuously evaluated whether
teams still have the right skill set
and adjusted if necessary.
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management make use of
IT services, adopt
analytical capabilities to
improve business
performance.

and informational
insights to make
decisions. ADA is
rarely used to
innovate processes.

initiatives are
implemented and
used to make data-
driven decisions.

informational insights to
make data-driven
decisions. ADA initiatives
are used to innovate
processes.

Capability Area Capability Definition Low Moderate High Top
The extent to which there Employees and There is a collective There is a collective digital
. management are Employees and - . ) . >

are collective values and ; digital orientation. orientation. Employees and

. . skeptical about management are .
beliefs that stimulate data- . .- Employees and management use ADA services

i C : data-driven decision | aware of the : h o
driven decision making, ) . management use ADA and informational insights to make
making, they rarely | business value ADA . ; o
employees and - . services and data-driven decisions. ADA
Usage use ADA services can bring. ADA

initiatives are used to innovate
processes and are aligned with the
organizational strategy. The ADA
usage is continuously evaluated
and improved.

Competence &
Skills
Development

The degree to which the
company provides
individuals and groups the
opportunity to continually
develop their skills and
competences, by providing
training and education.

There are no formal
programs for
competence and
skills development;
training on the topic
of ADA is not
provided.

There is a basic
program for
competence and
skills development.
No formal training on
ADA is provided.

Employees benefit from
an employee competence
and skills development
program. A number of
training sessions on ADA
and new technologies is
available to all
employees.

Employees benefit from an
employee competence and skill
development program; they are
able to take training and are
educated about ADA and new
technologies. The talent programs
are continuously evaluated and
updated.

Communication
Process

Desigh &
Collaboration

The extent to which
employees are informed
about new technologies
within the area of ADA and
stimulated to actively
deploy these new
technologies.

There are rarely
communications
about ADA projects.
Managers have
limited information
to coach their
employees to
deploy these new
technologies.

The organization
infrequently shares
stories about ADA
outcomes among
employees.
Managers are aware
that they should
stimulate employees
to deploy new
technologies.

Inspirational stories about
ADA projects are
regularly shared.
Management actively
stimulates employees to
deploy ADA projects on
all levels.

There is a widespread
communication about ADA project
outcomes to inspire employees.
Managers provide awareness
towards new technologies within
the area of ADA and create a
collective innovation mindset.
Outcomes of innovation
management are measured,
evaluated. and improved.

Portfolio
Management

The extent to which ADA
projects are managed with
clearly defined objectives,
consistent portfolio
management and cross-
functional collaboration.

There is no
explicitly defined
portfolio
management
approach for ADA
projects.

An explicit overview
of all ADA projects is
present and
complete. Portfolio
management is in
line with the ADA
strategy and
organizational
capabilities.

Portfolio management is
based on the explicit and
complete overview of all
ADA. ADA projects are
prioritized based on
value, feasibility, and
costs. Decisions are in
line with the ADA strategy
and organizational
capabilities.

ADA projects are managed as a
portfolio, have clearly defined
objectives and a high
implementation speed. ADA
projects are prioritized based on
value, feasibility, and costs and line
with the ADA strategy and
organizational capabilities. There
is a regular analysis and renewal of
the portfolio of projects. ADA
projects take place across
functions and expertise.
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Capability Area Capability

Definition

Low

Moderate

High

Top

Organizational
Collaboration

The extent to which there
is information sharing and
functional project
involvement across
functions and expertise
and a formal alignment
between the focus of ADA
teams.

Information sharing
for innovation
purposes takes
place sporadically;
professionals work
in functional silos
and do not share
responsibilities.

Irregular contact, -
based on informal
internal connections-
occurs between
functions and
departments. Some
activities are aligned
across functional
silos in order to
create Cross-
functional activities.

Information sharing is
based on formal
connections, such as the
appointment of
responsible employees
and through knowledge
sharing support tools.
The ADA teams are
informed about the focus
of other teams.

Information sharing occurs
explicitly across functions,
expertise and responsibilities
leading to improved decision
making. ADA teams are aligned to
have an optimal work efficiency.
Organizational collaboration is
actively promoted and supported
throughout the organization.

Performance
Metrics

The extent to which metrics
(e.g., process metrics,
functional metrics, data
quality metrics, financial
metrics) are developed and
standardized to show how
ADA capabilities can turn
data into value for its
continuous development.

There are no
explicitly defined
metrics to measure
the value ADA
initiatives generate.

The organization has
defined basic metrics
which are relevant in
each ADA project.
Results of these ADA
projects are stored.

ADA project related
metrics (quantitative and
qualitative) are defined,
measured and stored in
an integrated database.
There is an easy-to-use
and transparent
performance dashboard
available for appropriate
employees.

ADA processes are continuously
monitored through quantitative and
qualitative metrics, which provide
the basis for quantifying and
improving the value that ADA
initiatives generate. Metrics are
stored in a database, and easily
accessible in a performance
dashboard for appropriate
employees. The organization
continuously reflects and updates
the metrics and aligns them with
the ADA strategy.

Innovation
Processes

The degree to which ADA
is used to develop new
products, improve and
redesign processes to
develop best-in-class
service operations and
deliver informational,
strategic, transformational,
transactional, and
infrastructural value.

There are no
explicitly defined
ADA innovation
processes in place.

ADA innovation
processes are
explicitly defined and
documented.
Decision criteria are
based on
transactional value
an ADA project could
generate.

ADA innovation
processes are explicitly

defined and documented.

Decision criteria are
based on the
informational, strategic,
transformational,
transactional, and
infrastructural value a
ADA project could
generate. Innovation
processes are executed
with expertise and
aligned with other
processes.

ADA innovation processes are
explicitly defined and in place to
improve and redesign processes
throughout the company and
develop best-class-service
operations. An industrialization
process is defined in order to
embed innovation into the
organization. The innovation
processes are constantly evaluated
and improved.




Appendix D — Survey

We designed an online survey to collect data about the maturity level of ADA capabilities of organizations (as
assessed using ADA-CMM), ADA value creation (ADA Value), and firm performance. The survey consisted of
four sections.

The first section (Table D1) is based on the questions we used for the assessment of maturity in the large
company (Section 3.3.2). Accordingly, we rephrased each capability in ADA-CMM in a question form and
developed 17 questions. Adhering to the structure of the model (as presented in Figure 2), the options for each
question corresponded to the four maturity level characteristics that are presented in Appendix C.

The second part of the survey focused on ADA value creation in a firm. Based on the framework of Elia et al.
(2020), we defined five dimensions to measure the value created by ADA in an organization: informational,
transactional, transformational, strategic, and infrastructural value. Informational value is the ability to extract
new insights and knowledge from data, transactional value is the ability to automate and optimize business
processes, transformational value is the ability to create new business models or services, strategic value is the
ability to support decision-making and strategic planning, and infrastructural value is the ability to build and
maintain the necessary technical and organizational infrastructure to support ADA initiatives. The statements
had a 5-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree) (Table D2).

The third part of the survey referred to the firm performance, which consisted of four items related to market
performance and four related to operational performance. These questions are based on the validated items
from Gupta and George (2016). Operational performance was measured through productivity, profit rate, return
on investment (ROI), and sales revenue. Market performance was measured by considering an organization’s
entrance to new markets, the introduction of new products, the success rate of new products, and market share.
The statements had a 5-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree) and included
an option of “don’t know / not applicable” (Table D3).

The fourth and final part of the survey aimed at collecting general information about the participant and the
organization being assessed. The participants were asked questions about their work position, general work
experience, ADA experience, and the organization's sector and size. The organization's name and participant
were not mandatory fields for enabling anonymity if preferred. The answer options of the sector were aligned
with the Global Industry Classification Standard (MSCI & Standard & Poor’s, 1999) (Table D4).

Before reaching out to the target audience, we sent out a pilot survey to a number of practitioners to review the
questions and completion time. Next, we distributed the survey via specifically targeted emails of practitioners
in certain companies and social media. The target group was information managers of large companies and
enterprises. The survey was online for three weeks, and the target group was actively stimulated to fill in the
survey by sending out invitations and reminders.



Table D1 — Survey Part 1 - Maturity Assessment Questions

Variable

Question

Data Architecture

To what extent is there is identity and access management, a single-
source-of-truth, a data model, and data storage or cloud services to
facilitate the data analytics applications across the organization.

DG_2

Automation

To what extent does ADA help to eliminate repetitive manual work (e.g.,
data entry), thereby increasing data utilization and data driven decision
making.

DG_3

Data Integration

To what extent are IT systems and operational processes linked to
facilitate information flows, intelligence sharing, and alignment.

DG_4

Data Governance

To what extent is there an actively designed set of mechanisms (e.g.,
structure, policies, processes) to ensure that behaviours are consistent
with the organization’s ADA mission, strategy, and culture

DG_5

Data Analytics Tools

To what extent are data analytics tools integrated with the data platform
which allow users to easily visualize and gain insights from ADA.

PV_1

Performance Metrics

To what extent are metrics (e.g., process metrics, functional metrics, data
quality metrics, financial metrics) developed and standardized to show
how ADA capabilities can turn data into value for its continuous
development.

PV_2

Innovation Process

To what extent is ADA used to develop new products, improve and
redesign processes to develop best-in-class service operations and
deliver informational, strategic, transformational, transactional, and
infrastructural value.

ADA Strategy

To what extent does the ADA department have a vision, mission, and
objectives concerning data architecture, data governance, digital
orientation and data investments to support the business processes.

Strategic Alignment

To what extent is there a linkage of ADA priorities, IT priorities and
business process priorities to have continuous and effective business
performance.

PC 1

Knowledge

To what extent do employees and managers have knowledge regarding
ADA and digitalization and are interested in learning about the application
of ADA within the organization.

PC_ 2

Commitment

To what extent do employees and management make the investments
(e.g., budget, effort, sponsorship) in ADA capabilities, execute the related
projects and make the required changes in practice.

PC_3

Team Diversity

To what extent is the organization able to recruit the right talent, have
balanced teams with diverse backgrounds and different levels of technical
knowledge.

PC_4

Usage

To what extent are there collective values and beliefs that stimulate data-
driven decision making, trigger the use of IT services, stimulate the
adoption of analytical capabilities to improve business performance.

PDC_1

Competence & Skills
Development

To what extent provides the organization individuals and groups the
opportunity to continually develop their skills and competences, by
providing training and education.

PDC_2

Communication

To what extent are employees informed about new technologies within
the area of ADA and stimulated to actively deploy these new
technologies.

PDC_3

Portfolio
Management

To what extent are ADA projects managed with clearly defined objectives,
consistent portfolio management and cross-functional collaboration.

PDC_4

Organizational
Collaboration

To what extent is information shared, involvement across functions and
expertise and a formal alignment between the focus of ADA teams.

Note: The options for each question correspond to the four maturity level characteristics. For each question, the participants
were expected to select the maturity level that best characterizes their organization's current state for each ADA capability.
The maturity level characteristics for each capability are listed in Appendix C.




Table D2 — Survey Part 2 - Value Framework [based on (Elia et al., 2020)]

ID Variable Statements
In our organization ADA allows for generating new information and
IMV Informational Value discovering hidden knowledge, it reveals extremely useful information

to support and enhance the quality of decision- making processes.
In our organization ADA generates benefits by providing support to
enhance the quality of outcomes, to increase revenues, to improve the

TCV Transactional Value : . :
operational and supporting processes, reaching better results and
productivity.
. In our organization ADA enhances organizational performance by
Transformational : : . ; .
TFV Value generating innovation in products, services, customer segments,

markets or business models.

In our organization ADA allows for real-time processing of data to
make the organization more market responsive, more ready and
SV Strategic Value quicker to change, more oriented to improve products and services,
more prepared to forecast customer needs and behaviours, more
open to learn, enhance and manage internal capabilities and skills

In our organization ADA allows for developing new applications, tools
and architectures that increase the value of the existing infrastructure
and prepare the ground (in terms of processes, people, and systems)
for facing future technological challenges.

ISV Infrastructural Value

Table D3 — Survey Part 3 - Firm Performance [based on (Gupta & George, 2016)]

ID Variable Statement
OP 1 Productivity Our productivity has exceeded that of our competitors
OP 2 Profit Rate Our profit rate has exceeded that of our competitors
OP_3 ROI Our return on investment (ROI) has exceeded that of our competitors
OP 4 Sales revenue Our sales revenue has exceeded that of our competitors
MP_1 New markets We have entered new markets more quickly than our competitors
We have introduced new products or services into the market faster
MP_2 New products .
than our competitors
Our success rate of new products or services has been higher than
MP_3 Success rate .
- our competitors
MP_4 Market share Our market share has exceeded that of our competitors

Table D4 — Survey Part 4 - Control Variables

ID Variable Answer options

Energy, Material, Industrials (e.g., capital goods, commercial &
professional services, transportation), Consumer discretionary
(e.g., consumer services, media, non-food retailing), Consumer
staples (e.g. food & staples retailing, household & personal
products), Healthcare, Financials, Information technology,
Telecommunication services, Utilities, Real estate, other

Please indicate in which
Sector sector your organization is
active.

Please indicate your
Work_BDA | working experience in the | No experience, <2 years, 2-5 years, 5-10 years, >10 years
ADA field.

Please indicate the size of
Org_Size your organization in terms | <10, 11-50, 51-250, 251-1000, >1000
of employees

Please indicate how long
Work_org | you have been working in | <2 years, 2-5 years, 5-10 years, >10 years
the current organization.
Please indicate how long
your organization exists.

Org_age <5 years, 6-15 years, >15 years
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