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ABSTRACT
Among digital technologies, Artificial Intelligence (AI) and Big Data (BD) have proven capability to
support different processes, mainly in discrete manufacturing. Despite a number of AI and BD solu-
tions and applications, no comprehensive assessment of their implementation is available for the
Process Industry (i.e. cement, chemical and steel) and it is getting urgent to take into consideration
specific operations. Grounding on literature and focus group interaction, this paper contributes to
answering this gap by proposing a maturity model (MM) for AI and BD and assessing the current
status of the application of these solutions in the process industry. Based on MMs available in the
literature, a set of dimensions for the process industry has been identified and contextualised for
assessing the level of maturity for AI and BD solutions. Results from applying the MM to a sample of
European companies reveal that operations are supported by a relatively high level of maturity of AI
and BD implementation with differences in the specific dimensions and operations where it is still
necessary to invest. The MM can be used by companies both to self-assess and to benchmark with
companies from the same or other sectors.
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Introduction

The European Process Industry, through the support of
A.SPIRE association is in the peculiearmoment to speed-
up and harmonise progress in digital transformation,
with the application of artificial intelligence (AI) and
big data (BD) technologies across the different process
industry, from chemicals to steel, cement, and ceram-
ics, up to water and engineering. AI and BD technolo-
gies are developing fast, but in a fragmented and diverse
manner throughout the different process industries sec-
tors and across different organisational functions and
processes within the companies. These technologies are
currently being developed and deployed separately, at
different maturity levels between different process indus-
tries and organisational functions. This represents both
a challenge and an opportunity for the European pro-
cess industry. This a challenge because the benefits of AI
and BD solutions to optimise the process industry are not
equally being realised in all the process industry sectors,
or processes. At the same time, this also offers an oppor-
tunity, as positive experiences with AI and BD in one
process industry sector can be adapted and transferred
to another, once it has become clear what their benefits
are and how further development towards AI and BD
business cases can be pursued (SPIRE 2050 Vision).

CONTACT Rosanna Fornasiero rosanna.fornasiero@cnr.it CNR-IEIITc/o, University of Padova, Via Gradenigo, 6-A35100 PadovaItaly, Italy

Supplemental data for this article can be accessed online at https://doi.org/10.1080/00207543.2024.2372840

In recent years, AI and BD have enabled firms to
increase their profits, and 85% of business leaders believe
these technologies will make their businesses remain
competitive. At the same time, adoption rates are still
quite low; only around 23% implement a kind of AI and
BD solution, and amere 5% have extensively deployed AI
and BD solutions, mostly in support functions such as IT
and customer service (Ransbotham et al. 2017; Spring,
Faulconbridge, and Sarwar 2022). Nonetheless, 77% of
industry managers considered machine learning to be
the most useful, with smart robotics second (44%) and
natural language processing third (40%) (EY 2019). For
what concerns BD, the volume of digital data generated
from different sources in industrial contexts is increasing
by enlarging the number of users, sensors, processes and
other sources. Accordingly, the application of this new
trend of BD is studied in terms of some examples of appli-
cations, such as spatio-temporal data, real-time data, or
open data (Radanliev and De Roure 2023).

The process industry generates a vast amount of data
and is one of the predestined industrial sectors to apply
AI and BD solutions. Still, it is facing the challenge of
integrating and defining data structures and interfaces
to create access over operations and locations for usage
at operational as well as strategic levels by means of AI
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and BD. In the process industry, gathering available data
furthermore causes a constraint due to the continuous
flow of products (and related information) in order to
suitably apply AI and BD. Additional constraints exist in
monitoring and handling related data (Mao et al. 2019).

In the literature, several papers demonstrate that in
companies of discrete manufacturing (like automotive,
fashion and machinery), AI and BD technologies can
improve performance in terms of efficiency, sustainabil-
ity, flexibility, agility, and therewith support robustness
and resilience (Arinez et al. 2020; Chien et al. 2020; Man-
imuthu et al. 2022; Stark et al. 2023) and also systemic
approaches and policies are studied (Radanliev et al.
2021). In the case of the process industry, the applica-
tion of AI and BD is lagging behind given the type of
operations – continuous flows can have different prob-
lems in terms of monitoring and control with respect to
discrete production – both at the product and operational
levels and only recently, the process industry has started
to adopt these technologies.

After a few years from the start of the Industry 4.0
age, it became evident that implementing digital tech-
nologies to support production operations is not only
a matter of technological development. Instead, related
organisational changes have been studied, too (Nayer-
nia, Bahemia, and Papagiannidis 2022). In particular, AI
and BD require interactions between humans, humans
andmachines, andmachine-to-machine. The assessment
of strategic and organisational challenges needs to be
considered complementary to any technological change
(Tortorella et al. 2023). For example, AI converts typi-
cal production resources such as workers, machines, and
material flows into smart elements to be connected and
to exchange information. Another challenge arises when
considering BD as the basis for AI since BD needs to
be based on appropriate data collection and extraction
to provide useful business insights to companies in the
decision-making process. Moreover, when creating new
collaborative mechanisms with supply chain partners,
like using machine-learning techniques with simulation
and digital twins, data from each entity in the supply
chain is required to be interoperable (Cannas et al. 2024;
Pessot et al. 2023). These include, for example, systems
for planning data for future parts production, delivery
schedules, transport options and lead times, amongst
other data sets (Sardesai and Klingebiel 2023). The data
handled by these solutions will generate issues regarding
privacy concerns. Companies need to take into consid-
eration all the different types of interactions that are
enabled by AI within as well as external to their plant
(Ogbuke et al. 2022; Pessot, Zangiacomi, and Fornasiero
2024).

Maturity models (MM) can be used to analyse a
company’s readiness to implement a certain technology.

This has proven to be an important instrument to sup-
port positioning organisations in a specific comparative
framework (Becker, Knackstedt, and Pöppelbuß 2009).
By helping to define roadmaps for change, these mod-
els help industrial sectors overcome challenges to achieve
a winning roadmap for digital transformation (Gökalp
andMartinez 2022).MMs can be considered ‘multi-stage
models that describe typical patterns in the develop-
ment of organisational capabilities’ (Comuzzi and Patel
2016). For each maturity level, the MM describes the
corresponding stages for relevant domains. These stages
should be logically connected and generalisable to iden-
tify the correct maturity level of an organisation or a
sector (Hausladen and Schosser 2020). It has become
a well-established assessment tool in the area of digi-
talisation to support the management in complex and
novel technology transformation processes (Hausladen
and Schosser 2020) and to understand the gaps in the
development paths.

While several approaches towards MM for digital
technologies in industrial use cases already exist (Nayer-
nia, Bahemia, and Papagiannidis 2022), types of dimen-
sions in an MM for evaluating AI and BD in the process
industry remain open. To respond to these gaps, this
paper contributes to the literature by designing a frame-
work based on maturity assessment and evaluating the
level of implementation of AI and BD solutions in the
process industry. Moreover, the paper builds upon the
previous studies in order to structure the most impor-
tant dimensions when dealing with the application of AI
and BD solutions, giving relevance to dimensions such as
people and ethics which are usually discarded. From the
practical point of view, this paper helps to emphasise the
organisational advantages of applying an MM that gives
the possibility to assess the AI and BD solutions as they
are applied in specific operational phases like design, pro-
duction control, and maintenance (Nayernia, Bahemia,
and Papagiannidis 2022; Bibby and Dehe 2018). Thus,
this paper answers to the following research questions:

RQ1. How to structure a framework of a MM for the
process industry?

RQ2. How can the MM enable a self-assessment of the
maturity level of a company and benchmarking it with
others?

This paper is structured as follows: Section 2 pro-
vides an overview of the existing MMs and method-
ologies already available to support the assessment of
digital technologies implementation, taking into con-
sideration models assessing digitalisation degrees with
a focus on applying AI and BD technologies indepen-
dently from the application sector. From the results of
the literature review, the paper in Section 3 clusters the
most important dimensions with the support of experts
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resulting in Section 4 that selects the most appropriate
dimensions and sub-dimensions for assessing AI and BD
implementations in the process industry. Moreover, the
levels of maturity for each dimension are also described.
In Section 5, the MM is structured as a questionnaire
for self-assessment addressing two specific categories of
respondents: AI and BD users as applicants of the tech-
nology as well as the AI and BD providers as imple-
menters of the solutions. In Section 6 the MM is tested
and validated with a set of companies from the process
industry. The results from collected questionnaires are
aggregated and analysed to quantify the AI and BDmatu-
rity levels and to analyse and discuss the results providing
first theoretical and managerial insights. Section 7 dis-
cusses the results and points out their practical impacts
on the companies. Finally, Section 8 addresses conclud-
ing remarks and opportunities for future research.

Literature review onmaturity models

The literature onMMs for digital transformation is man-
ifold and applied to different production contexts. The
MMs considered in this paper are related to the imple-
mentation of Industry 4.0 technologies with a focus on
AI and BD solutions as well as specific digital tech-
nologies and industry sectors. Some scientific works are
related to the theoretical analysis and literature review
of different MMs (Al-Sai, Abdullah, and Husin 2019;
Arunachalam, Kumar, and Kawalek 2018; Sadiq et al.
2021; Schumacher, Erol, and Sihn 2016), other works
propose new MMs where technologies are mapped to
specific processes (Chen et al. 2022; Colangelo et al. 2022)
and validated with support of experts (Chen et al. 2022;
Wagire et al. 2021) or analyse maturity levels in different
domains related to a specific industrial sector (Gajdzik
2022). Yet, there are still few empirical studies showing
the organisational advantages of applying anMM linking
it to specific operational phases like design, production
control, andmaintenance (Nayernia, Bahemia, and Papa-
giannidis 2022; Bibby and Dehe 2018). The analysis in
this section aims at identifying dimensions and levels of
maturity applied in previous studies.

In particular, to define the characteristics of MMs,
Sadiq et al. (2021) review the state-of-the-art related to
AI maturity models. They show that MM development
typically uses a design approach which is bottom-up,
and most models have a descriptive approach. The crit-
ical success factors identified by this study are Data,
Analytics, Technology and Tools, Intelligent Automa-
tion, Governance, People, and Organization. The paper
emphasises the criticality of empirical models based on
qualitative and quantitative measurements. The authors
emphasise the importance of using MMs for AI across

various organisations, particularly for benchmarking AI
capabilities. Al-Sai, Abdullah, and Husin (2019) analyse
MMs for BD in the literature, taking into consideration
practical and academic fields. They discuss the principal
models deriving fromBigDataMMbyHalper andKrish-
nan (2013), Big Data Business Model Maturity Index
(BDBMMI) by Schmarzo (2013), IDCMaturityScapes by
Vesset et al. (2013), and Big Data MM (BDMM).

There are papers investigating general aspects of
Industry 4.0 implementation, includingAI and BD, shed-
ding light on the necessity of including different organ-
isational aspects to have a holistic way of assessment.
The critical aspects are appropriate roadmaps, analy-
sis of resources, and awareness of such models (Schu-
macher, Erol, and Sihn 2016). MMs are proved to be
one of the practical tools for developing roadmaps by
analysing companies beyond the process management
aspects (Nayernia, Bahemia, and Papagiannidis 2022).
Defining suitable strategies and utilising the correct
technologies improves productivity, processes’ flexibil-
ity, and added value of the related products or services
(Stark et al. 2023). These technologies, combined with
green initiatives, enhance market quality and person-
alisation, speed up and optimise operations (Gajdzik
2022).

Wagire et al. (2021) propose an Industry 4.0 MMwith
BD as one of its major components, which is empiri-
cally grounded and technology-focused for assessing the
maturity level of Indian manufacturing organisations.
Their model comprises 7 dimensions and 38 maturity
items derived from experts’ opinions. The assessment
shows that the ‘Product and Services oriented Technology’
dimension has the lowest maturity score while ‘Industry
4.0 awareness’, ‘People and culture’ and ‘Smart Manu-
facturing Technology’ are the dimensions with moder-
ately high scores. In Pringle and Zoller (2018), the MM
for AI is based on five core dimensions: ‘strategy’ to
assess the state and nature of an organisation’s plan of
action and alignment with KPIs to support AI, ‘organi-
sation’ to assess how much a company is culturally and
organisationally ready to support AI in terms of struc-
ture, skills, and education on business transformation,
‘data’ to assess the state, availability, and governance
of data assets and its analytics capabilities, ‘technology’,
and ‘operations’. The role of developing MMs for the
above domains is driven by the customers’ demands and
should be encouraged by their impacts on the over-
all strategy of the company personalisation, problem-
solving, and customer-centric through providing new
digital offerings.

Alsheibani, Cheung, andMessom (2019) developMM
for AI providing insights into the successful evolu-
tion and adoption of AI. Four dimensions have been
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identified: ‘AI functions’ referring to the tools and tech-
nologies that are required to handle AI at scale, ‘data
structure’ for the amount and structure of the data to
get AI systems to work by enabling high-velocity cap-
ture, discovery or analysis, ‘people’ to consider individ-
uals within an organisation to create AI technologies
and ‘organisational’ to include business characteristics
and resources that might influence the firm size, man-
agerial structure, decision-making and communication.
Gentsch (2019) emphasises the fundamental role of data,
algorithms, and AI in the transformation of the company
from a non-algorithmic to a semi-automated enterprise,
which plays a crucial role in creating new business pro-
cesses. In this study, five dimensions have been selected,
namely ‘strategy’, ‘people’, ‘decisions’, ‘data’, and ‘ana-
lytics’. It is argued that the competitive advantage that
companies gain by moving from a classical strategy and
organisational approaches to higher maturity levels is the
data- and analytics-driven real-time decision-making.
A super-intelligent company should balance the loss of
human control of the processes and interfering in the sys-
tem decisions to make effective corrective actions. Also,
Element AI (2020) lists five key dimensions in a sim-
ilar manner: ‘strategy’, ‘data’, ‘technology’, ‘people’, and
‘governance’.

To respond to the literature gap of vague links between
AI technology, AI usage and organisational performance,
Yablonsky 2021 proposes a multidimensional AI-driven
enterprise platform, facilitating the integration between
AI business strategy, business processes, and techno-
logical frameworks. The advantage of this platform is
the adoptability with various platform data from new
sources, which results in the valorisation of BD assets.
From the organisational point of view, this approach
reduces costs and increases competitive advantage. Lich-
tenthaler (2020) proposes a conceptual framework with
three elements to construct the five levels of maturity
to manage AI in a company and help to recognise the
managerial challenges and significant resource limita-
tions of organisations. The three elements are specifi-
cally linked to AI implementation through ‘various types
of AI’, ‘human intelligence’, and the ‘meta-intelligence’
to guarantee that the final architecture is more than
the aggregate of the different types of intelligence. This
framework was built on the grasp of intelligence architec-
ture based on the concept of integrated intelligence and
the intelligence-based view of company performance.

The research in BDmaturity analysis in the last decade
has changed from focusing on data mining to a more
holistic view of data: digital innovation and automated
systems (Sahoo 2022). Comuzzi and Patel (2016) assess
how large organisations leverage BD technologies in their
businesses. Through the validation by domain experts,

they emphasise the role of governance, sponsorships, and
security. BD analytics capabilities in the supply chain lack
an analysis from a holistic approach, where integration
from heterogeneous data sources and data-driven cul-
ture is fundamental for a suitable interaction between
people and technologies. In this direction, Arunachalam,
Kumar, and Kawalek (2018) developed a framework for
the supply chain considering the two pillars:1. ‘data gen-
eration, integration, and management capabilities’, and
2. ‘analytics and visualisation capabilities’. Consequently,
their MM of BD analytics in the supply chain consid-
ers the measurement dimensions and stages of maturity.
The leaders in BD analytics practice are the ones with
high capabilities who fully integrate their processes in the
routinisation stage.

In production and operations management, the hur-
dles of AI applications can be associated with high invest-
ment costs, lack of knowledge management, resistance
to change, and challenges in data quality. By overcom-
ing these barriers, AI practices positively impact all lay-
ers of the value chain, from provisioning to delivering,
and result in improvements in cost, service level, quality,
safety, and sustainability (Cannas et al. 2024). Colangelo
et al. 2022 analyse the maturity of production planning
and control, focusing on the applications and roadmaps
in Germany andHungary. They show thatmore than half
of the analysed enterprises still lack the full exploitation
of AI practices to reach the optimisation phase.

Table 1 summarises the categories used in the men-
tioned studies by mapping their features using macro
dimensions. The full table is proposed in the Annex,
where the most important features of each dimension are
reported. It emerges that these dimensions are respec-
tively considered in the different analysed papers, and
each MM uses an average of 3 to 5 dimensions to assess
the AI and BD application. The strategic alignment and
organisational aspects in AI and BDmanagement is a rel-
evant feature while governance seems to lag behind and
cultural and managerial approaches to AI and BD appli-
cation need to be further investigated. In addition, the
role of data and technology is fundamental in maturity
identification and most of the works were considering
these dimensions at an aggregated level. In fact, most
MM frameworks consider various aspects of data matu-
rity when dealing with production research but with-
out considering the application of AI and BD to dif-
ferent types of operations. This is a gap that limits the
capability of the MM to assess the AI and BD appli-
cation specifically for the operations a company has to
implement.

Upon the dimensions to be included in an MM, it
is important to select and define the degrees of matu-
rity. Derived from the literature above, between 4 and
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Table 1. Comparison of the maturity dimensions considered in the different MMs.

Dimensions

References Strategy People Organisation Governance Data Technology Operation

Comuzzi and Patel 2016 � � � � �
Schumacher, Erol, and Sihn 2016 � � � � �
Pringle and Zoller 2018 � � � � �
Arunachalam, Kumar, and Kawalek 2018 �
Bibby and Dehe 2018 � � �
Alsheibani, Cheung, and Messom 2019 � � �
Gentsch 2019 � � � � �
Hausladen and Schosser 2020 � � � �
Sadiq et al. 2021 � � � � �
Yablonsky 2021 � � � � �
Wagire et al. 2021 � � � �
Colangelo et al. 2022 � � � �
Hortovanyi et al. 2023 � � � �

Table 2. Comparison of the levels of maturity in the MMs considered in the literature review.

Levels

References 1 2 3 4 5 6

Comuzzi and Patel
2016

Level 1 Level 2 Level 3 Level 4 Level 5

Pringle and Zoller
(Ovum), 2018

AI Novice AI ready AI proficient AI advanced

Arunachalam, Kumar,
and Kawalek 2018

Incognizant stage Initiation stage Adoption stage Routinisation stage

Bibby and Dehe 2018 Minimal Development Defined Excellence
Alsheibani, Cheung,
and Messom 2019

Initial Assessing Determined Managed Optimise

Gentsch 2019 Non algorithmic
enterprise

Semi-automated
enterprise

Automated enterprise Super-intelligent
enterprise

Hausladen and
Schosser 2020

Level 0 Level 1 Level 2 Level 3 Level 4 Level 5

Element AI 2020 Exploring Experimenting Formalising Optimising Transforming
Yablonsky 2021 Human Led/Initial

Analytics
Human Led, Machine
Supported/
Advanced Analytics

Machine Controlled/
Advanced Analytics

Machine Led, Human
Governed

Machine (Machine
Led and Machine
Governed)

Wagire et al. 2021 Outsider Digital Novice Experienced Expert
Colangelo et al. 2022 Initialisation Definition Preparation Implementation Optimisation
Hortovanyi et al. 2023 Novice Beginner Competent Expert

6 levels of maturity (Table 2) of AI and BD applica-
tions are identified and named, ranging from aminimum
level (e.g. exploring, AI novice, initial, level 0) to a maxi-
mum level (e.g. transforming, optimise, super intelligent,
level 5).

In general, the definition of an MM requires a design
phase that strikes an appropriate balance between the
complex reality and the need for model simplicity. A
common design principle is to represent maturity as a
number of cumulative levels where higher levels build
on the requirements of lower ones. As can be seen in
Table 2, the number of levels may vary from model to
model, but it is important that the levels are well-defined
and the existence of a logical progression through them is
explained to the user. Identification of dimensions is crit-
ical for complex domains as this enables a deeper under-
standing ofmaturity, and the definition of the appropriate
number of levels allows identifying specific improvement
strategies. Mutually exclusive and collectively exhaustive

dimensions and levels are essential (Becker, Knackstedt,
and Pöppelbuß 2009). To conclude, the dimensions and
the levels collected from this analysis (respectively in
Tables 1 and 2) are used as input for the focus group and
brainstorming activities with experts consulted in an iter-
ative way to collect their opinions on the structure of the
MM itself.

Methodology for developing amaturity model
for AI and BD assessment

Grounding on the analysed literature related to pre-
vious MMs and the application of AI and BD in the
process industry, an interactive methodology has been
structured to develop the MM. Given the plethora of
approaches existing in literature, the involvement of a
group of experts facilitated the choice of dimensions and
sub-dimensions as well as the levels of maturity. More-
over, being experts from the process industry, they helped
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Table 3. Experts involved in the workshops classified according the criteria.

Expert # Country
Type of

organisation Expertise in AI/BD
Years of

experience

1 Netherlands Consultancy Strategic consultancy to process industry companies 25
2 Spain IT provider AI and BD for process control and maintenance 20
3 Spain Consultancy Supply chain, change management, business models 10
4 Italy Industry Supply chain, digital transformation in process industry, roadmapping 20
5 Italy Research

organisation
Optimisation and simulation, digital transformation in manufacturing
and process industry

5

6 Germany Research
organisation

Digital transformation in supply chains of the manufacturing and
process industry, strategic roadmapping for the industry

15

7 Germany Industry Digital design, AI and Blockchain solution development and
integration

5

to focus specifically on the needs and to target the feature
of the MM to this sector.

For these reasons, a group of 7 highly qualified experts
in the process industry and AI/BD have been created
(Table 3). The experts were chosen according to the
following criteria:

• Representing different European countries;
• Representing different typologies of organisations

(Research organisations, consultancy, IT provider and
industry);

• Experience in AI and BD applied to process industry
in topics emerging from literature like strategy, oper-
ations management, workers, data and technology.

• Years of experience (from 5 to 25 years with a position
related to process industry).

The group was limited to 7 people to facilitate discus-
sion and interactions based on thematerial that had been
prepared for them.

The experts have been involved with 3 online work-
shops structured as interactive sessions during which,
after a first preliminary presentation of the status quo,
there was a long session of interaction and collection of
feedback from the experts to answer to RQ1 and define
how to structure a framework of MM for the process
industry. In particular, the work was organised alternat-
ing the preparatory work of the research team and the
interaction with experts as follows:

- Input for workshop 1: detailed Table 1with the dimen-
sions, and short description and the sub-dimensions (as
in Annex 1);
- Workshop 1: presentation of the experts, the aim

of the MM, and the findings from the literature. Ini-
tial discussion on dimensions for MM; clusterisation of
dimensions, and choice of related sub-dimensions;
- Input for workshop 2: summary of the results of

the workshop 1 and preparation of the updated list of
dimensions; Table 2 and short description of each level.

-Workshop 2: presentation of the list of dimensions and
sub-dimensions and validation. Discussion of the matu-
rity levels as fromTable 2; identification of the operations
along which to assess the AI and BD application in the
process industry;
- Input for workshop 3: summary of the results of work-

shop 2, preparation of the questions based on the list of
dimensions, the maturity level and the list of operations;
-Workshop 3: share the complete list of dimensions and

sub-dimensions before the workshop with the experts for
final validation. During the 3rd workshop, the experts
helped to triangulate the results from previous iterations
and to formalise the structure of the survey taking into
consideration the operations where to verify the applica-
tion of AI and BD and the related levels of maturity.

Eachworkshop lasted from1,5 to 2 h, and experts were
asked to work offline on the dimensions with approx-
imate time of 2 h. The overall process has taken 2
months. These steps helped to refine and choose the sub-
dimensions and to confirm the maturity levels, to arrive
at the overall framework of the MM and the structure of
the survey. The discussion during the 3 workshops was
supported by the lists of categories of AI and BD solu-
tions identified in previous work by the team of research
(Fornasiero et al. 2021) and reported in Table 4. A short
description is available in the Annex and was provided to
the experts.

Table 4. Taxonomy for AI and BD solutions.

AI solutions BD solutions

Data understanding and
characterisation

Data visualisation

Natural language processing Data processing
Object and spatial recognition Data protection
Machine learning Data management
Intelligent planning Computing and storage infrastructure
Expert systems
Case based reasoning
Intelligent agents
Cyber-physical systems
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Figure 1. Methodology to reach the framework of the MM.

The overall methodology frommodels available in lit-
erature supports the definition of the framework of the
MM for AI and BD in the process industry is represented
in Figure 1. Starting from the dimensions of MMs pro-
posed in literature and the maturity levels, three work-
shops have been organised to brainstormand collect their
feedback that has been integrated into the framework
definition.

Thematic analysis was used to organise the material
collected from experts. Thematic analysis is a qualitative
research method for identifying, analysing, organising
and describing themes found in collected data (Braun
et al. 2019). This methodology is also useful for han-
dling and clustering key features from existing informa-
tion to produce a clear and organised output (Nowell
et al. 2017). This method aims to search for relevant
themes to describe a given phenomenon (Fereday and
Muir-Cochrane 2006).

Specifically, during interaction with experts, it was
used to start from the content of Table 1 (Annex 2) and
discover similarities between dimensions and then sub-
dimensions to cluster them according to the objectives of

our MM (i.e. to assess the maturity of process industry in
AI and BD application). The thematic analysis facilitated
the clusterisation of the sub-dimensions from literature
to obtain the sub-dimensions for the MM under devel-
opment (adapted fromNowell et al. 2017 and Braun et al.
2019).

The framework of thematurity model for AI and
BD assessment

Table 1 shows that the MMs in literature have no more
than five dimensions of assessment to allow to cover dif-
ferent aspects without making the model too complex.
Based on the results of the workshop 1, it was decided to
group the dimensions identified in Table 1 and structure
the MM according to the following five dimensions:

• Strategy: This dimension combines two dimensions
from literature (strategy and governance) and includes
the strategic alignment of the AI and BD applications
with the company vision. This dimension is used to
assess if a company has a clear strategy for AI and BD
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and enables corporate integration with top manage-
ment’s commitment. It enables to assess if AI and BD
are considered as a competitive advantage for the com-
pany providing added value and being aligned with
ethical, legal, and social implications (ELSI).

• Organisation: This dimension includes two dimen-
sions from previous models (organisation and oper-
ations) and is used to assess capabilities of a company
to define roles for AI and BD experts within the com-
pany and its organisational structure. These aspects
can affect the financial status and companies’ capabil-
ities to handle their AI and BD applications internally.
Winning companies have AI and BD responsibility
assigned, utilise the expertise of data scientists as a
formal organisational role, and benefit from full man-
agement support.

• People: This dimension aims to assess the role of
employees towards digitalisation. People inside a com-
pany need to be trained to create awareness about AI
and BD objectives of the company. AI and BD experts
should have a fruitful collaboration with the other
employees so that they are aware of the initiatives
affecting their roles.

• Technology: This dimension concerns assessing the
AI and BD solutions within the different operations
of a company. It is, therefore, crucial to evaluate the
maturity of each solution in terms of the integration
of the solutions and the interaction with workers.

• Data:This dimension concerns the amount and struc-
ture of data to get AI and BD solutions by assessing
velocity data capture, data access, transparency and
quality of data, data mining and analysis.

The dimensions have been organised into sub-
dimensions, representing principal factors to take into
consideration when dealing with the organisation of
AI and BD implementation in industrial companies, as
reported in Table 5. The way the sub-dimensions have
been defined from clustering literature is represented in
Annex 3.

Workshop 2 was useful to refine and validate the
results of workshop 1 and then the main activity was
related to the definition of the maturity levels of the MM,
where the experts decided to structure 4 levels. This can
be considered as an intermediate solution between min
and max number of levels proposed by other models.
From Table 2 it is clear that each model has a different
definition of the levels (i.e. simply numbers or descrip-
tive). In particular, the levels for this MM are charac-
terised as follows:

• Level 1 – little or no adoption of the AI and BD solu-
tions: companies have little knowledge of the topic,

and the technology is not applied in practice in the
companies.

• Level 2 – experimenting AI and BD solutions with
limited use: companies are starting to experiment and
test some solutions along their processes.

• Level 3 – on the way of formalising and adopting AI
and BD solutions: companies are at a good stage of
implementation of some solutions with high impact
on the processes.

• Level 4 – full adoption and optimisation of AI and
BD solutions: companies that are champions of some
solutions technology that is well established and its
importance for their processes is recognised.

During workshop 2, it emerged the importance of
assessing the implementation of AI and BD at the oper-
ational level, to go deep in the understanding of the
role of these applications in supporting different types
of activities. As for the classification of the operations, a
preliminary list was proposed to experts based on previ-
ous works mapping AI and BD solutions (Govender et al.
2019; Toorajipour et al. 2021; Fornasiero et al. 2021). The
experts agreed to classify 6 categories of operations:

• Market trend analysis: companies can use AI and BD
for market and business trends analysis to adapt prod-
ucts/services to future demand and customer needs by
obtaining strategic information and data from inter-
nal and external sources. Open innovation taps into
knowledge and assets available within and beyond
a single company, along with any relevant data. It
includes the following activities: Sales, Customer Rela-
tionshipManagement, ConsumerBehaviourAnalysis,
Market Scenario Analysis, Demand Management and
Forecasting.

• Product design: activities of conceptualising, creat-
ing, and evolving products’ features to solve cus-
tomers’/users’ problems or address specific needs in a
given market through AI and BD supporting simula-
tion, designing, cost assessment, and feasibility study.
Product customisation is included, too, since it is
closely related to design in alignment with particu-
lar customers’ desires, increasing customer perceived
value of a product with product configurators, and
product matching systems.

• Predictive maintenance: AI and BD are applied to
detect possible failures and defects of machinery in
the early stages, prevent major failures and predict
future stoppages. The objective is to maintain the level
of product and process quality and service, which
requires the capture of a lot of data from sensors
applied to machines and information from periodic
reports and planned maintenance.
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Table 5. Full list of dimensions and related sub-dimensions in the proposed MM.

Sub-Dimension Description

Strategy Importance of AI / BD decisions in the
company’s strategy

Company’s strategic alignment with AI and BD applications, i.e. alignment of AI and BD with other
business goals and degree of the relation of data to the business goals.

Interest in the company’s culture Cultural attitude in the company towards AI and BD, i.e. interest in AI and BD initiatives, data-driven
culture, and the approach for change management.

Value adding potential of AI/BD Contribution of AI and BD applications to create added value in a company, i.e. competitive advantage
by AI and BD applications for the company and stakeholders.

Consideration of ELSI Definition of an explicit strategy for taking care of ELSI when implementing AI and BD, including the
institution of an ethics manager.

Awareness and monitoring strategies
for the ELSI

Degree of awareness and monitoring strategies for the ELSI (Ethical, Legal, Social Implications) and
their alignment to the company’s strategy.

Organisation Transparent Governance AI and BD governance in a company, i.e. transparency and incorporation of governance roles (like
Chief Digital Officer and Chief Technical Officer-CDO/CTO) at the corporate level and their
association to company KPIs.

Responsibilities in the organisational
structure

AI and BD responsibilities tied to the organisational structure of a company, i.e. AI and BD
responsibilities centralisation, existence of roles like data scientists, data managers, and AI experts.

Budget allocation to AI/BD Availability of financial and economical budget specifically for AI and BD development and
monitoring, i.e. dedication of financial resources to AI and BD projects, economic evaluations, and
the level of funding for the AI and BD -related sectors.

Handling of data privacy Privacy management strategy, with respect to the governance of data access, privacy protection, and
regulation alignments.

People Engagement of employees Engagement of employees within the AI and BD initiatives, i.e. their skills level and ability to develop
AI and BD projects and solve relevant problems, and top management support.

Skill development AI and BD skill development associated with the corporate and functional levels.
Alignment to technological evolution AI and BD skill level in the company, i.e. staff awareness and alignment with the fast-paced

technological evolution.
Technology Integration in processes and

applications
Level of usage and integration of AI and/ BD within the different steps of each process, i.e. the
capability of AI and BD technologies to support activities along processes like product design,
sourcing, innovation, production and maintenance.

Balance between technology and
human intervention

Degree of decision-support by AI and/ BD at the process level, i.e. the capability of the system to
support workers and to keep them in the loop, leaving a degree of decision to them.

Data Data access Richness of available data concerning internal and external data.
Transparency of data Transparency on available data of internal and external data.
Updating of internal and external data Frequency of data updates related to real-time data gathering.
Quality of data Data quality measured as the completeness of data collected in terms of frequency, missing data,

formatting, and unique identification of the source.
Processing of data Capabilities to process unstructured data by AI/BD.

• Supply chain management: AI and BD are applied
to support planning, executing, and controlling the
operations of the supply network with the pur-
pose of effectively meeting customer needs. Com-
plex requirements, deadlines, and restrictions often
conflict/overlap; hence, data models and intelli-
gent planning can help find optimum configura-
tions that balance different prioritised requirements
and commitments. It includes activities like: Pro-
curement, Production, Storage, Distribution, Net-
work Design, Logistics Systems, Supplier Relationship
Management, Contract Management, Sourcing, and
Scheduling.

• Process control and optimisation: AI and BD can
help adjust processes to maintain or optimise a spec-
ified set of parameters without violating process
constraints. Internet of Things (IoT), cyber-physical
systems and digital twins are based on AI and BD
for modelling and simulating complex processes, thus
avoiding expensive trial and error calibration, for
example. It includes activities like: Process and Equip-
ment Monitoring, Quality control and monitoring,
and Process Redesign.

• Research and Innovation: companies need to man-
age effective allocation of resources (human, physi-
cal, financial) for the introduction of new products/
services or the improvement of existing ones. Many
AI and BD-related solutions play a role here, e.g.
data management, intelligent planning, data visualisa-
tion, cyber-physical systems, data understanding and
characterisation, natural language processing, etc. It
includes activities like: Scenario Based Analysis, Opti-
misation/Simulation, HRManagement, RiskManage-
ment, Collaborative/Joint Innovation PlatformDevel-
opment, Process Redesign, Development, Testing, and
Piloting.

In workshop 3, after the validation of the results of
the previous workshop, the experts contributed to the
development of the structure of the survey. Given the
complexity of assessing the AI and BD application from
strategy to operations, it was agreed to have an inno-
vative approach and to split the assessment into three
parts: (1) questions at the company level; (2) selection
of AI and BD solutions used in the company and rela-
tive operations where they are used; and (3) questions
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at the operational level. Beside strategic, organisational
and workforce dimensions where it is necessary to make
an aggregated assessment, it was decided to consider the
specific application of AI and BD in different operations
categories.

Therein, as shown in Figure 2, the first part of the
MM aims at assessing the overall approach of the com-
pany to AI and BD implementation, considering the first
3 dimensions mentioned in Table 4: Strategy, Organi-
sation and People. The second part of MM is used to
map the AI and BD solutions as they are implemented
specifically in the operations (i.e. market analysis, supply
chainmanagement, production control, predictivemain-
tenance and research and development) and to assess the
dimensions of Technology and Data, addressing the spe-
cific application of the AI and BD to operations. The user
is asked to identify the most used AI and BD solutions
in her/his company and to identify in which operations
they are used. Then she/he is asked to answer questions
specifically for each of these matching (AI and BD solu-
tions versus operational processes). The answers to these
questions are interpolated to obtain the overall score for
these 2 dimensions (Technology and Data).

The MM is conceived to be used by the single com-
pany to assess its level along the 5 dimensions and, most
importantly, to benchmark with the other companies of
the same sector or the process industry as a whole. The
results are shown per dimension, comparing thematurity
of the benchmark, which can be either the full sample or
the sub-sample of the specific sector. Several analyses are
possible for the user, as described in the later sections.
The scores given to each dimension are aggregated to
calculate the overall score of the related dimension. This
structure has been used to define an online survey to be
submitted to companies and providers from the process
industry.

Data collection

Following the development phase, a data collection phase
was conducted to validate the MM and collect initial
insights into the maturity of AI and BD solutions in
the process industry. This validation through a survey
approach verifies the accuracy and repeatability of the
MM and its results (Gökalp and Martinez 2022). The
questionnaire definition, data collection, and analysis

Figure 2. Framework of the developed MM.
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Figure 3. Detailed Data Collection Research Methodology (Forza (2002) and Queiroz and Telles (2018)).

phases followed the data collection research methodol-
ogy described by Forza (2002) and adapted by Queiroz
and Telles (2018), as illustrated in Figure 3. The data col-
lection process is based on identified information needs
(maturity assessments of current AI and BD solutions in
the process industry) and constructs definitions (defined
sub-dimensions in each dimension). Due to the limited
number of open-ended questions and a large number
of targeted experts in the European process industry,
an online survey approach was used for data collec-
tion instead of other techniques, such as semi-structured
interviews. Following the development and implementa-
tion of the questionnaire, it was promoted to the target
group, and the answer rate was monitored continuously.

The subsequent analysis and result representation steps
involve processing and cleaning of the raw data, con-
ducting analysis stages, disseminating the findings, and
evaluating the overall process (Forza 2002; Queiroz and
Telles 2018).

The online survey questionnaire for assessing the dif-
ferent dimensions of the MM closely follows the struc-
ture of the underlying maturity model. Each maturity
sub-dimension is covered by one question measuring
the related maturity level (Level 1 – Level 4) by assess-
ing a level of agreement with a representing statement
(Completely disagree – completely agree). Full agreement
indicates a Level 4maturity, while full disagreement indi-
cates a Level 1 maturity. Figure 4 shows a sample part

Figure 4. Sample questionnaire extract for companies in the process industry for the dimension organisation.



12 R. FORNASIERO ET AL.

of the questionnaire focusing on the maturity dimen-
sion Organisation and the questions relating to the five
organisation-related maturity sub-dimensions.

The final questionnaire consists of 6 question groups
(general questions and 5 maturity dimensions) compris-
ing a total of 30 single questions. The general questions
assess the participants’ work experience, role, company
(size, sector in the process industry), and the imple-
mented AI or BD solutions (category of AI and BD, area
of implementation, short description). These questions
ensure industry focus, enable data cleaning, and facilitate
further result analysis. Independent AI and BD experts
with industry experience pilot-tested the questionnaire
to assess its understandability and item clarity as a final
step in the pre-field phase before implementing the sur-
vey management system (Forza 2002; Queiroz and Telles
2018).

In the first step of the data collection phase, the
finalised and tested questionnaire was integrated into the
‘Lime Survey’ survey tool, and various paths through the
survey were modelled. This questionnaire implementa-
tion was tested by the technology and industry experts
who had a similar profile to the target group ensur-
ing usability, understandability, and correctness. After
this pilot study and minor modifications in the word-
ing, providers and users of AI and BD solutions were
contacted and directed to separate surveys via individual
links to ensure appropriate question formulations for the
target group.

Findings

The online survey for MM assessment in the process
industry was conducted from July 2021 to May 2022
and complemented by 2 workshops among industry
experts for cross-validation. Through targeted online
communication via industry associations, newsletters,

social media, and direct approaches, experts from the
sectors under consideration were specifically addressed,
resulting in over 100 participants. The result analysis
focused on 30 participants with implementation cases,
providing specific insights and lessons learned. The pre-
liminary results focus on representative examples from
Chemicals, Engineering, Steel and Water. The survey
participants were from different EU countries, with a
focus on Germany, Spain, Italy, Austria, and Greece.
Of the participants, 43% represented companies with
more than 500 employees, 7% represented companies
with 251–500 employees, 37%were from companies with
50–250 employees and 13% were from companies with
less than 50 employees mainly software providers.

Aggregatedmaturity in the process industry

The initial analysis involves an overview of the five
dimensions by summarising the different sub-dimensions
and generating averages for each dimension. Figure 5
presents a comparison of these averages for the entire
process industry at the dimension level, allowing for ini-
tial conclusions. The combined bar for each maturity
category represents the relative frequency of each matu-
rity level for the relevant sub-dimension (left axis). In
addition, the average maturity rating for each dimension
is plotted in grey on the right axis.

Overall, the results from the sample indicate that
implemented AI and BD solutions in the process indus-
try have high levels of maturity in the dimensions of
Strategy and Technology, as evidenced by a higher per-
centage of Level 4 and Level 3 assessments. In contrast,
the dimension of People shows lowermaturity levels, with
a higher rate of Level 1 and Level 2 assessments. Further
examination reveals that less mature sub-dimensions of
skill development and alignment with technological evo-
lution have a high impact on the lower maturity, while

Figure 5. Percentage Distribution of maturity assessments per dimension and maturity level averages for the entire process industry.
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employee motivation is rated as more mature. The two
dimensions of Organization and Data exhibit compara-
ble levels of maturity. Further analysis of the underlying
sub-dimensions is required to explain these observations.

Overall, the survey indicates that the maturity of the
implementedAI andBD solutions is considered relatively
mature in the process industry. Only a small percentage
of the surveyed implementation cases are assessed with
lowermaturity levels in different dimensions. Themajor-
ity of implementations are rated at levels 3 and 4. From
this aggregated view, drilldowns in the dimensions sec-
tors, maturity sub-dimensions and technologies can be
conducted to obtain more detailed results.

Detailed analysis of sub-dimensions

A detailed analysis of the sub-dimension within each
maturity dimension provides more detailed insights into
the different levels of maturity. This analysis helps to
identify areas of action in future projects. By analysing
the average maturity assessments per sub-dimension and
excluding the distributions of different maturity level
assessments, a clearer picture of aspects with higher and
lower levels of maturity can be obtained, as shown in
Table 6. Some areas, such as the value-adding potential of
AI and BD solutions, data access possibilities, integration
into the corporate culture and the consideration in the
corporate strategy have already been implemented with

a high level of maturity. On the other hand, areas with
a comparably lower maturity are evident, particularly
in the sub-dimensions of data processing, skill devel-
opment, alignment to technological evolution, division
of responsibilities and transparent governance. These
results align with the challenges identified by Gökalp
and Martinez (2022), which include insufficient internal
skills, integration of new technologies and resistance to
change.

To provide a comprehensive analysis, providers and
users of AI solutions were separately questioned in the
online survey. As an example, Figure 6 presents the per-
spectives on the maturity of different sub-dimensions
within the dimension Data. The results show that the
industrial users rated solutions implemented in their
companies with a higher maturity than the solution
providers, particularly in the sub-dimension of Data
access. However, apart from data access, the response pat-
terns are very comparable with lower maturity levels in
processing of data and updating data, and higher maturity
levels in data quality and transparency. Significant dif-
ferences can also be observed in other dimensions, such
as integration in processes and applications in the dimen-
sion ofTechnology, engagement of employees in the People,
and division of responsibilities in theOrganization dimen-
sion. Notably, industry users consistently reported higher
maturity levels than solution providers in these areas,
in addition to data access. These differences highlight

Table 6. Average maturity assessments for the different sub-dimensions.
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Figure 6. Sub-dimensions of the data dimension, provider vs. user.

the importance of considering the perspectives of both
providers and users.

AI and BD solutions-specific analysis

By analysing the applied solutions separately, technology-
specific maturity conclusions can be drawn. The exem-
plary evaluation of the four most frequently mentioned
AI and BD solutions in the survey (Machine Learning,
Expert Systems, Object and spatial recognition, and data
processing) shows similarities as well as differences on
the aggregated dimensions level (Figure 7). The anal-
ysis focuses on the dimensions related to the specific
solution implementation (Technology and Data), as well

as solution-independent dimensions (Strategy,Organisa-
tion and People) to identify interactions.

The detailed analysis of the sub-dimensions in the
solution-related maturity dimensions Technology and
Data reveals comparable maturity assessment curves for
the different AI and BD solutions, as presented in Figure
8. The sub-dimensions data access and data quality con-
sistently receive higher maturity ratings across the four
analysed AI and BD solutions. However significant dif-
ferences exist in other sub-dimensions. In the sample
from the process industry, implementations with object
and spatial recognition technologies are assessed with a
higher maturity compared to expert systems or machine
learning solutions. The analysis of the solution-related

Figure 7. Maturity dimension per AI and BD applications.
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Figure 8. Sub-Dimension averages for the 4 technologies.

maturity dimensions of Data and Technology demon-
strates that the different categories of AI and BD are
assessed comparatively similarly. Higher ratings in one
dimension are likely to correspond to those in other
dimensions. This observation extends to the dimensions
that are independent of the specific AI or BD solution.

Benchmarking

In addition to analysing the overall results for the process
industry, each company can assess the maturity along a
single technology or individual dimensions, and this is
crucial for identifying areas of improvement and above-
average maturity. By assessing the maturity for differ-
ent sub-dimensions in the survey, a company-specific
maturity score and distribution of the ratings can be
obtained and used for benchmarking with other com-
panies of the same sector or of the process industry
in general. This direct benchmarking process allows
practitioners to assess the progress made and iden-
tify current capability or organisational gaps for further
improvement in AI and BD usage (Hortovanyi et al.
2023).

As an example, the assessment of a water sector com-
pany’s Machine Learning solution can be benchmarked
against other companies in the sample (Figure 9). The
detailed analysis shows that the company’s maturity is
clearly above the sample average in the dimensions of
Organisation, People, and Technology, but below-average
in the dimension of Data. This information can be use-
ful for the company as a preliminary analysis of where to
improve and increase investments.

Figure 9. Dimension-based benchmarking.

Further benchmarking analysis at the sub-dimension
level reveals that the aspects of data quality and the
updating of data impact the overall maturity of the imple-
mentation, as depicted in Figure 10. Potential fields of
action can be derived directly. In this example, a poten-
tial field of action includes further optimising the exist-
ing solution and achieving a higher overall maturity
in the dimension of Data. Prioritisation of measures
should focus on achieving comparable averages across
all dimensions before improving areas already above-
average. These results demonstrate the functionality of
the MM, the questionnaire design, and its evaluabil-
ity. They also highlight dimensions with high and low
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Figure 10. Sub-dimension for benchmarking of one company.

maturity levels within the process industry across differ-
ent dimensions and sectors.

Discussion

Since digital transformation is a broad topic and related
MMs have been developed in several areas, this study
focused on AI and BD as two important technological
advancements to help companies in the process indus-
try with specific questions focusing on the challenges and
opportunities arising from AI and BD implementation
as two important enabling technologies of Industry 4.0.
The developed MM differs from the literature so that
it allows to collect both the company and industry per-
spectives through benchmarking. Furthermore, it differs
regarding the focussed technologies and the industry-
specific approach. The comparison with existing models
in the literature reveals the basic characteristics of several
models but does not give clear guidance for the design
phase. In this work, theMM is designedwith a build-and-
evaluation iteration where experts support the definition
of the MM with in-depth discussion. They have been
involved step by step along the definition of dimensions,
sub-dimensions, levels and questions to deploy in the
online survey for validation and preliminary results.

AI MMs are differentiated by descriptive, prescrip-
tive, and comparative characteristics (De Bruin et al.
2005; Sadiq et al. 2021). Descriptive models measure the

current state of AI in a specific environment; prescrip-
tive models provide recommendations for improvement,
and comparative models benchmark an organisation’s AI
capabilities against an average. In this paper, we develop
a new MM focusing on the descriptive and compara-
tive approach by describing a detailed recording of the
current maturity through the developed questionnaire
and the comparison with sector averages. Prescriptive
characteristics and conclusions derived from using the
MM are investigated and described as part of the overall
framework proposed by the EU research project AI Cube,
where we offer guidelines and roadmaps for industrial
usage in the process industry sectors based on the matu-
rity assessment. Particularly, regarding the descriptive
and comparative properties of theMM, great importance
was associated with the practicability and appropriate-
ness of the assessment during the development of the
model. This was tested in the online survey to directly
exclude a major point of criticism of existing models
(Sadiq et al. 2021).

This MM has been conceived to help companies gain
a competitive advantage fromAI and BD solutions (Lich-
tenthaler 2020) based on assessing the level they are with
strategic and organisational dimensions as well as with
people (workers) acceptance of these technologies along
their processes as part of the overall digital transforma-
tion efforts. As motivated by addressed literature gaps,
this MM model helps companies to assess the process
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of AI and BD integration solutions in practice (Sadiq
et al. 2021), considering quantitative measures for self-
assessment and benchmarking (Chen et al. 2022). As
emphasised by Hortovanyi et al. (2023) and Nayernia,
Bahemia, and Papagiannidis (2022), these insights from
the created framework of the MM can help managers to
assess the current capability gaps and to understand the
most important fields of actions on the path to mature
AI-based processes as an important part of the overall
digitalisation efforts.

From the analysis, it emerged that companies from
the sample applying certain AI and BD solutions, such as
object and spatial recognition, are already very mature in
dimensions like Strategy and Organisation. Other com-
panies can take inspiration from these results and use
them as a benchmark for their specific case. Looking at
the specific AI and BD solutions, while Technology and
Data dimensions have the same level of maturity, there
can be significant differences in the other 3 dimensions.
Therefore, any changemanagement practice should focus
on the Organisational dimension, with which the high-
est difference in maturity level is associated. Analysing
the results per company, it emerged that companies with
a high level of maturity in the Organisation and Strat-
egy dimensions, then it is easier to arrive at high levels
of maturity also in the other dimensions of AI and BD
solutions.

The responses on theData dimension show that users
perceive higher maturities in the data access, trans-
parency, and quality. The reasons can be associated with
users’ opinions being limited to the sectors they are oper-
ating and being more subjective to the company they
work for. However, since providers have a broader view
of various sectors and implementation cases in the pro-
cess industry, their weight on average maturity levels is
the average of all sectors. Hence, their points of view help
to balance benchmarking among sectors and facilitate the
evaluation of the process industry as a whole for poten-
tial stakeholders. On the other hand, the assessment of
the users helps each sector in the process industry to
have a better understanding of their self-assessment of
maturity.

From the results of the sample, we can argue that
companies in the process industry still lag behind Peo-
ple, Data, and Organisation maturity, with 58%, 62%,
and 64%, respectively. These findings confirm what was
already found by Hortovanyi et al. (2023) in regard to
the assessment of digital maturity in the field of gen-
eral digital transformation: at the beginning of a digital
transformation, the focus lies on the strategic benefits of
new technologies (strategy dimension) and the master-
ing of the technology itself (dimensions of technology),
while the change process of the company’s culture and

organisation takesmore time.Hence, the starting point of
a digital transformation should consider emerging tech-
nologies deriving from the integration of AI and IoTwith
industry 4.0 beyond the existing applications, such as
decision-support systems (Radanliev et al. 2021). After
this initial stage is mastered and the organisational and
personnel-related dimensions are more developed, the
real progression in the capabilities does occur.

Considering the sub-dimensions, companies need to
be more proactive in terms of skill development, align-
ment to technological evolution, data processing, and
division of responsibilities. On the other hand, Strategy
(80%) and Technology (82%) are conceived as the most
mature dimensions. This maturity shows that organisa-
tions’ management is ready to change to new solutions
and that relevant technologies are available.

Conclusions

This study contributes to the literature in the domain
of maturity assessment frameworks to help companies
assess their maturity for AI and BD applications, sup-
porting operational processes. TheMM framework com-
prises 5 dimensions and 30 maturity sub-dimensions
clustered from previous studies with the support of
experts through consultation and validation. An online
assessment tool was designed to help companies from the
process industry evaluate the level of maturity of their AI
and BD solutions.

The questionnaire of the MM is helpful for companies
in the process industry to self-assess their maturity levels
at the company and sector scale and to benchmark with
other sits related characteristics that can be referred to
decide the company’s.

In terms of theoretical implication, this study has con-
ducted a detailed analysis of existing MMs to fill the
research gap of a specific assessment tool and maturity
level measurement for a sector like the process industry.
Hence, the study adds value in providing an MM and
a maturity assessment tool that gives results at strategic
as well as operational levels on AI and BD implementa-
tion, taking into consideration also ethical issues related
to workers’ involvement. Building upon existing MMs
described in literature, this work is based on several iter-
ations with experts in the area, that helped to validate the
theoretical approach to identify the proper dimensions
and operations to assess.

In terms of practical implications, managers can use
this tool to understand which areas to strengthen for the
full adoption of AI and BD solutions in different types
of operations. Companies need to accompany the full
implementation of technologies with appropriate actions
that workers at all levels are committed to. The proposed
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MM framework enables companies to self-assess their
maturity level iteratively and comparatively. Further, it
helps companies decide the dimension necessary to focus
out of five dimensions (strategy, organisation, people,
technology, and data). The top management can utilise
the results of the MM setting new targets and dedicating
financial and workforce resources. Additionally, compa-
nies can use the results with partners to share the best
practices and monitor the related development paths.

From a systemic point of view, based on the maturity
results collected from a large group of companies, it is
possible to draw a tailored roadmap to AI and BD imple-
mentation at the sector level as well as an innovation path
that goes beyond the technology per se with support of
industrial associations and software providers. Although
this framework is designed and validated in the Euro-
pean process industry, it would also help other sectors
and beyond Europe.

Proposition of future research

TheMMdeveloped in this work is grounded on literature
and was developed with the support of experts’ opinions.
For a first validation, a preliminary set of companies par-
ticipated in self-assessment to determine their maturity
level. The level of subjectivity of the development pro-
cess can be smoothen by implementing the MLA on a
broader scale with a larger number of companies from
the same sector or within different industrial sectors. The
additional insights gained in this process can provide
additional paths to refine the dimensions analysed and to
refine the question formulations. Moreover, larger sam-
ple sizes will enable further explorative statistical analy-
ses to identify correlations between sub dimensions and
factors. Further development through the involvement
of other experts with different specialisations can also
enhance the model’s validity and generality.

Data collection for the model validation was con-
ducted through an online questionnaire due to the
expected size of the target group. Supplementing this
method with more detail-oriented direct interviews
with individual industry experts could provide further
insights in a second phase after the initial broad data
collection described in this paper. These case studies on
applied AI/BD solutions can help to identify the root
causes of unsuccessful integration projects and future
practices for success in further research work.

Referring not to the development and validation pro-
cess but to the actual maturity model, further maturity
sub-dimensions not addressed in the first MM version
can be considered to enlarge the information collected to
assess a company’s maturity level in its entirety. In partic-
ular, sub-dimensions related to ethical and legal problems

could be strengthened by conducting a deeper analysis of
the features expected for AI and BD (such as explicabil-
ity, trustability, and transparency). This analysis should
align with evolving requirements from European regula-
tions. Individuals focusing on certain dimensions and the
application in broader tests can enable further optimisa-
tion of the model in the next development stages.

Additionally, considering the interrelation between
ethical issues, social sustainability, worker safety and
well-being, and the interaction of companies with soci-
ety and consumers could be an important development
path. Collecting and comparing different perspectives
from managers, workers, and consumers can provide a
comprehensive assessment of maturity.

Another important area to explore based on the ini-
tial maturity assessment is the maturity level of AI and
BD technologies in enabling strategies for environmen-
tal sustainability, such as pollution prevention and energy
efficiency. The link between the current maturity level of
these technologies and the connected company perfor-
mance is another important aspect that could be analysed
by surveying additional information on performance
data.

Data availability statement

The data that support the findings of this study are available
from the corresponding author, upon reasonable request.

Notes on contributors

Rosanna Fornasiero is director of research
at CNR (National Council of Research-
Italy). Her research areas are Supply
Chain Management, operations manage-
ment, and technology roadmapping. She
has experience as project coordinator of
several European projects in H2020 and
Horizon Europe. She is coordinator of the

Roadmapping group of the National Cluster of Intelligent Fac-
tories. She is contract professor at University of Padua. She is
author of more than 60 papers, member of the editorial board
of the journal Production Planning and Control and co-editor
of 3 Springer books.

LorenzKiebler is a research associate at the
Fraunhofer Institute forMaterial Flow and
Logistics (IML) in Dortmund, Germany.
In the domain of supply chain manage-
ment, he primarily focuses on measuring
and enhancing supply chain resilience, as
well as the strategic incorporation ofmod-
ern technologies into intercompany pro-

cesses. He has played a leading role in national and European
research projects, collaborating with both academic and indus-
try partners. His work at Fraunhofer IML emphasises the appli-
cation of research findings into business practices through his
interactions with industrial partners.



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 19

Mohammadtaghi (Amin) Falsafi is a
researcher at the National Research Coun-
cil of Italy (CNR), Institute of Intelligent
Industrial Technologies and Systems for
Advanced Manufacturing (STIIMA). His
primary research focuses on designing
solutions and modelling supply chain net-
works, analysing supply chain resilience,

and investigating technologies and value chains in the circular
economy within the manufacturing sector. Through participa-
tion in the Italian and European projects and industrial collab-
orations, he has experience in the automotive, electronics, food
& beverage, steel, and process industries.

Saskia Sardesai is deputy head of the
department Supply Chain Engineering at
Fraunhofer Institute for Material Flow
and Logistics (IML) in Dortmund. Her
research area addresses topics of Supply
Chain Management with a focus on tech-
nology triggered redesign, impact of dig-
italisation and AI, and resilience via sup-

ply chain transparency. She specialises in redesigns of rapidly
adaptive logistics structures with emphasis on transparency
generation within global supply chains. In constant exchange
with practitioners, she analyses current trends and incorporates
improvements for enhancing process management in supply
chains.

Disclosure statement

No potential conflict of interest was reported by the authors.

ORCID

Mohammadtaghi Falsafi http://orcid.org/0000-0002-3155-
7923

References

Al-Sai, Z. A., R. Abdullah, and M. H. Husin. 2019. “A
Review on Big Data Maturity Models.” In 2019 IEEE Jor-
dan International Joint Conference on Electrical Engineer-
ing and Information Technology (JEEIT), Amman, Jordan.
https://doi.org/10.1109/JEEIT.2019.8717398.

Alsheibani, S., Y. Cheung, and C. Messom. 2019. “Towards an
Artificial Intelligence Maturity Model: From Science Fiction
to Business Facts.” In PACIS 2019 Proceedings, 46.

Arinez, J. F., Q. Chang, R. X. Gao, C. Xu, and J. Zhang.
2020. “Artificial Intelligence in Advanced Manufacturing:
Current Status and Future Outlook.” Journal of Manufac-
turing Science and Engineering 142 (11): 110804. https://doi.
org/10.1115/1.4047855.

Arunachalam, D., N. Kumar, and J. P. Kawalek. 2018.
“Understanding Big Data Analytics Capabilities in Sup-
ply Chain Management: Unravelling the Issues, Challenges
and Implications for Practice.” Transportation Research
Part E: Logistics and Transportation Review 114: 416–436.
https://doi.org/10.1016/j.tre.2017.04.001.

Becker, J., R. Knackstedt, and J. Pöppelbuß. 2009. “Devel-
oping Maturity Models for IT Management.” Business &
Information Systems Engineering 1 (3): 213–222. https://doi.
org/10.1007/s12599-009-0044-5.

Bibby, L., and B. Dehe. 2018. “Defining and Assessing Industry
4.0 Maturity Levels – Case of the Defence Sector.” Pro-
duction Planning and Control 29 (12): 1030–1043. https://
doi.org/10.1080/09537287.2018.1503355.

Braun, V., V. Clarke, N. Hayfield, and G. Terry. 2019. “The-
matic Analysis.” InHandbook of Research Methods in Health
Social Sciences, edited by P. Liamputtong, 843–860. Springer.
https://doi.org/10.1007/978-981-10-5251-4_103

Cannas, V. G., M. P. Ciano, M. Saltalamacchia, and R. Secchi.
2024. “Artificial Intelligence in Supply Chain andOperations
Management: A Multiple Case Study Research.” Interna-
tional Journal of Production Research 62 (9): 3333–3360.

Chen, W., C. Liu, F. Xing, G. Peng, and X. Yang. 2022. “Estab-
lishment of a Maturity Model to Assess the Development of
Industrial AI in Smart Manufacturing.” Journal of Enterprise
Information Management 35 (3): 701–728.

Chien, C. F., S. Dauzère-Pérès, W. T. Huh, Y. J. Jang, and J. R.
Morrison. 2020. “Artificial Intelligence in Manufacturing
and Logistics Systems: Algorithms, Applications, and Case
Studies.” International Journal of Production Research 58 (9):
2730–2731. https://doi.org/10.1080/00207543.2020.1752488.

Colangelo, E., C. Fries, T. F. Hinrichsen, Á Szaller, and G. Nick.
2022. “Maturity Model for AI in Smart Production Plan-
ning and Control System.” Procedia CIRP 107: 493–498.
https://doi.org/10.1016/j.procir.2022.05.014.

Comuzzi, M., and A. Patel. 2016. “How Organisations Lever-
age Big Data: A Maturity Model.” Industrial Management &
Data Systems 116 (8): 1468–1492..

De Bruin, T., M. Rosemann, R. Freeze, and U. Kaulkarni. 2005.
“Understanding the Main Phases of Developing a Maturity
Assessment Model.” In Australasian Conference on Informa-
tion Systems (ACIS), 8–19. Sydney: Australasian Chapter of
the Association for Information Systems.

Element AI. 2020. “The AI Maturity Framework. A Strategic
Guide to Operationalise and Scale Enterprise AI Solutions.”
https://s3.amazonaws.com/external_clips/3430107/AI-Matu
rity-Framework_White-Paper_EN.pdf?1589551996.

EY. 2019. Artificial Intelligence in Europe: AnOutlook for 2019
and Beyond.

Fereday, J., and E.Muir-Cochrane. 2006. “Demonstrating Rigor
Using Thematic Analysis: A Hybrid Approach of Induc-
tive and Deductive Coding and Theme Development.”
International Journal of Qualitative Methods 5 (1): 80–92.
https://doi.org/10.1177/160940690600500107.

Fornasiero, R., D. F. Nettleton, L. Kiebler, A. M. De Yuso, and
C. E. DeMarco. 2021, 5–9 September. “AI and BD in Process
Industry: A Literature Review with an Operational Perspec-
tive.” In IFIP WG 5.7 International Conference on Advances
in Production Management Systems, APMS 2021 Nantes.

Forza, C. 2002. “Survey Research in Operations Manage-
ment: A Process-Based Perspective.” International Journal
of Operations & Production Management 22 (2): 152–194.
https://doi.org/10.1108/01443570210414310.

Gajdzik, B. 2022. “Frameworks of the Maturity Model for
Industry 4.0 with Assessment of Maturity Levels on the
Example of the Segment of Steel Enterprises in Poland.” Jour-
nal of Open Innovation: Technology, Market, and Complexity
8 (2): 77. https://doi.org/10.3390/joitmc8020077.

Gentsch, P. 2019. “AI Business: Framework and Maturity
Model.” In AI in Marketing, Sales and Service, 27–78. Cham:
Palgrave Macmillan. https://doi.org/10.1007/978-3-319-
89957-2_3.

http://orcid.org/0000-0002-3155-7923
https://doi.org/10.1109/JEEIT.2019.8717398
https://doi.org/10.1115/1.4047855
https://doi.org/10.1016/j.tre.2017.04.001
https://doi.org/10.1007/s12599-009-0044-5
https://doi.org/10.1080/09537287.2018.1503355
https://doi.org/10.1007/978-981-10-5251-4_103
https://doi.org/10.1080/00207543.2020.1752488
https://doi.org/10.1016/j.procir.2022.05.014
https://s3.amazonaws.com/external_clips/3430107/AI-Maturity-Framework_White-Paper_EN.pdf?1589551996
https://doi.org/10.1177/160940690600500107
https://doi.org/10.1108/01443570210414310
https://doi.org/10.3390/joitmc8020077
https://doi.org/10.1007/978-3-319-89957-2_3


20 R. FORNASIERO ET AL.

Gökalp, E., and V. Martinez. 2022. “Digital Transforma-
tion Maturity Assessment: Development of the Digi-
tal Transformation Capability Maturity Model.” Interna-
tional Journal of Production Research 60 (20): 6282–6302.
https://doi.org/10.1080/00207543.2021.1991020.

Govender, E., A. Telukdarie, and M. N. Sishi. 2019. “Approach
for Implementing Industry 4.0 Framework in the Steel
Industry.” In 2019 IEEE International Conference on Indus-
trial Engineering and Engineering Management (IEEM),
Macao, China, 1314–1318. IEEE. https://doi.org/10.1109/
IEEM44572.2019.8978492.

Halper, F., and K. Krishnan. 2013. “TDWI Big Data Maturity
Model Guide.” RDWI Resarch 2014: 1–20.

Hausladen, I., and M. Schosser. 2020. “Towards a Maturity
Model for Big Data Analytics in Airline Network Plan-
ning.” Journal of Air Transport Management 82: 101721.
https://doi.org/10.1016/j.jairtraman.2019.101721.

Hortovanyi, L., R. E. Morgan, I. V. Herceg, D. Djuricin, R.
Hanak,D.DoraHorvath,M. L.Mocan, A. Romanova, andR.
Z. Szabo. 2023. “Assessment of Digital Maturity: The Role of
Resources and Capabilities in Digital Transformation in B2B
Firms.” International Journal of Production Research 61 (23):
8043–8061. DOI: 10.1080/00207543.2022.2164087.

Lichtenthaler, U. 2020. “Five Maturity Levels of Manag-
ing AI: From Isolated Ignorance to Integrated Intelli-
gence.” Journal of Innovation Management 8 (1): 39–50.
https://doi.org/10.24840/2183-0606_008.001_0005.

Manimuthu, A., V. G. Venkatesh, Y. Shi, V. R. Sreedharan,
and S. L. Koh. 2022. “Design and Development of Automo-
bile Assembly Model Using Federated Artificial Intelligence
with Smart Contract.” International Journal of Production
Research 60 (1): 111–135. https://doi.org/10.1080/00207543.
2021.1988750.

Mao, S., B. Wang, Y. Tang, and F. Qian. 2019. “Opportunities
and Challenges of Artificial Intelligence for GreenManufac-
turing in the Process Industry.” Engineering 5 (6): 995–1002.
https://doi.org/10.1016/j.eng.2019.08.013.

Nayernia, H., H. Bahemia, and S. Papagiannidis. 2022.
“A Systematic Review of the Implementation of Indus-
try 4.0 from the Organisational Perspective.” Interna-
tional Journal of Production Research 60 (14): 4365–4396.
https://doi.org/10.1080/00207543.2021.2002964.

Nowell, L. S., J. M. Norris, D. E. White, and N. J. Moules. 2017.
“Thematic Analysis: Striving to Meet the Trustworthiness
Criteria.” International Journal of QualitativeMethods 16 (1):
1609406917733847. https://doi.org/10.1177/160940691773
3847.

Ogbuke, N. J., Y. Y. Yusuf, K. Dharma, and B. A. Mercangoz.
2022. “Big Data Supply Chain Analytics: Ethical, Privacy
and Security Challenges Posed to Business, Industries and
Society.” Production Planning & Control 33 (2-3): 123–137.
https://doi.org/10.1080/09537287.2020.1810764.

Pessot, E., A. Zangiacomi, and R. Fornasiero. 2024. “Unbox-
ing the Hyper-Connected Supply Chain: A Case Study in the
Furniture Industry.” Production Planning & Control 35 (6):
580–598.

Pessot, E., A. Zangiacomi, I. Marchiori, and R. Fornasiero.
2023. “Empowering Supply Chains with Industry 4.0 Tech-
nologies to Face Megatrends.” Journal of Business Logistics
44 (4): 609–640. https://doi.org/10.1111/jbl.12360.

Pringle, T., and E. Zoller. 2018. “How to Achieve AI Maturity
andWhy ItMatters.” Ovum, June (2018). Accessed February
22, 2019. https://www.amdocs.com.

Queiroz,M.M., and R. Telles. 2018. “BigData Analytics in Sup-
ply Chain and Logistics: An Empirical Approach.” The Inter-
national Journal of Logistics Management 29 (2): 767–783.
https://doi.org/10.1108/IJLM-05-2017-0116.

Radanliev, P., and D. De Roure. 2023. “New and Emerging
Forms of Data and Technologies: Literature and Biblio-
metric Review.” Multimedia Tools and Applications 82 (2):
2887–2911. https://doi.org/10.1007/s11042-022-13451-5.

Radanliev, P., D. De Roure, R. Nicolescu, M. Huth, and O. San-
tos. 2021. “Artificial Intelligence and the Internet of Things in
Industry 4.0.”CCFTransactions on Pervasive Computing and
Interaction 3 (3): 329–338. https://doi.org/10.1007/s42486-
021-00057-3.

Ransbotham, S., D. Kiron, P. Gerbert, and M. Reeves. 2017.
Reshaping Business with Artificial Intelligence, MIT Sloan
Management Review and the Boston Consulting Group.

Sadiq, R. B., N. Safie, A. H. Abd Rahman, and S. Goudarzi.
2021. “Artificial Intelligence Maturity Model: A System-
atic Literature Review.” PeerJ Computer Science 7: e661.
https://doi.org/10.7717/peerj-cs.661.

Sahoo, S. 2022. “BigDataAnalytics inManufacturing: ABiblio-
metric Analysis of Research in the Field of BusinessManage-
ment.” International Journal of Production Research 60 (22):
6793–6821. https://doi.org/10.1080/00207543.2021.191
9333.

Sardesai, S., and K. Klingebiel. 2023. “Maintaining Viability by
Rapid Supply Chain Adaptation Using a Process Capability
Index.”Omega 115: 102778. https://doi.org/10.1016/j.omega.
2022.102778.

Schmarzo, B. 2013. Big Data: Understanding How Data Powers
Big Business. Indianapolis, Indiana: John Wiley & Sons.

Schumacher, A., S. Erol, and W. Sihn. 2016. “A Maturity
Model for Assessing Industry 4.0 Readiness and Maturity
of Manufacturing Enterprises.” Procedia Cirp 52: 161–166.
https://doi.org/10.1016/j.procir.2016.07.040.

SPIRE 2050Vision. “Towards theNext Generation of European
Process Industries”; AccessedMay 1, 2024. https://www.aspi
re2050.eu/aspire/aspire-2050-vision.

Spring, M., J. Faulconbridge, and A. Sarwar. 2022. “How Infor-
mation Technology Automates and Augments Processes:
Insights from Artificial-Intelligence-Based Systems in Pro-
fessional Service Operations.” Journal of Operations Man-
agement 68 (6-7): 592–618. https://doi.org/10.1002/joom.
1215.

Stark, A., K. Ferm, R. Hanson, M. Johansson, S. Khajavi, L.
Medbo,M.Öhman, and J.Holmström. 2023. “HybridDigital
Manufacturing: Capturing the Value of Digitalisation.” Jour-
nal of Operations Management 69 (6): 890–910.

Toorajipour, R., V. Sohrabpour, A. Nazarpour, P. Oghazi, and
M. Fischl. 2021. “Artificial Intelligence in SupplyChainMan-
agement: A Systematic Literature Review.” Journal of Busi-
ness Research 122: 502–517.

Tortorella, G. L., M. J. Anzanello, F. S. Fogliatto, J. Antony, and
D. Nascimento. 2023. “Effect of Industry 4.0 Technologies
Adoption on the Learning Process of Workers in a Quality
Inspection Operation.” International Journal of Production
Research 1 (22): 7592–7607.

https://doi.org/10.1080/00207543.2021.1991020
https://doi.org/10.1109/IEEM44572.2019.8978492
https://doi.org/10.1016/j.jairtraman.2019.101721
https://doi.org/10.1080/00207543.2022.2164087
https://doi.org/10.24840/2183-0606_008.001_0005
https://doi.org/10.1080/00207543.2021.1988750
https://doi.org/10.1016/j.eng.2019.08.013
https://doi.org/10.1080/00207543.2021.2002964
https://doi.org/10.1177/1609406917733847
https://doi.org/10.1080/09537287.2020.1810764
https://doi.org/10.1111/jbl.12360
https://www.amdocs.com
https://doi.org/10.1108/IJLM-05-2017-0116
https://doi.org/10.1007/s11042-022-13451-5
https://doi.org/10.1007/s42486-021-00057-3
https://doi.org/10.7717/peerj-cs.661
https://doi.org/10.1080/00207543.2021.1919333
https://doi.org/10.1016/j.omega.2022.102778
https://doi.org/10.1016/j.procir.2016.07.040
https://www.aspire2050.eu/aspire/aspire-2050-vision
https://doi.org/10.1002/joom.1215


INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 21

Vesset, D., M. Versace, G. Gerard, A. O’Brien, C. Burghard,
J. Feblowitz, D. Osswald, and S. Ellis. 2013. IDC Maturi-
tyscape: Big Data and Analytics–A Guide to Unlocking Infor-
mation Assets. Framingham, MA, USA: International Data
Corporation.

Wagire, A. A., R. Joshi, A. P. S. Rathore, and R. Jain.
2021. “Development of Maturity Model for Assessing the

Implementation of Industry 4.0: Learning from Theory and
Practice.” Production Planning & Control 32 (8): 603–622.
https://doi.org/10.1080/09537287.2020.1744763.

Yablonsky, S. 2021. “AI-driven Platform Enterprise Matu-
rity: From Human Led to Machine Governed.” Kybernetes
50 (10): 2753–2789. https://doi.org/10.1108/K-06-2020-03
84.

https://doi.org/10.1080/09537287.2020.1744763
https://doi.org/10.1108/K-06-2020-0384

	Introduction
	Literature review on maturity models
	Methodology for developing a maturity model for AI and BD assessment
	The framework of the maturity model for AI and BD assessment
	Data collection
	Findings
	Aggregated maturity in the process industry
	Detailed analysis of sub-dimensions
	AI and BD solutions-specific analysis
	Benchmarking

	Discussion
	Conclusions
	Proposition of future research

	Data availability statement
	Disclosure statement
	ORCID
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile ()
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings false
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [609.704 794.013]
>> setpagedevice


