
Citation: Ramírez-Gutiérrez, A.G.;

Solano García, P.; Morales

Matamoros, O.; Moreno Escobar, J.J.;

Tejeida-Padilla, R. Systems Approach

for the Adoption of New

Technologies in Enterprises. Systems

2023, 11, 494. https://doi.org/

10.3390/systems11100494

Academic Editors: Federico

Barnabè and Martin Kunc

Received: 16 August 2023

Revised: 11 September 2023

Accepted: 21 September 2023

Published: 27 September 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

systems

Article

Systems Approach for the Adoption of New Technologies
in Enterprises
Ana Gabriela Ramírez-Gutiérrez 1,* , Pavel Solano García 2 , Oswaldo Morales Matamoros 2 ,
Jesús Jaime Moreno Escobar 2 and Ricardo Tejeida-Padilla 3

1 ESDAI, Universidad Panamericana, Álvaro del Portillo 49, Zapopan 45010, Mexico
2 Escuela Superior de Ingeniería Mecánica y Eléctrica, Unidad Zacatenco, Instituto Politécnico Nacional,

Ciudad de México 07340, Mexico; psolanog1200@alumno.ipn.mx (P.S.G.)
3 Escuela Superior de Turismo, Instituto Politécnico Nacional, Ciudad de México 07630, Mexico;

rtejeidap@ipn.mx
* Correspondence: agramirez@up.edu.mx

Abstract: There is a great challenge in the business sector to adopt new technologies that boost
companies to break into Industry 4.0, especially to obtain the capacity to adopt and develop com-
plex systems based on: artificial intelligence, Big Data, Data Mining, and Cyber Physical Systems.
However, efforts tend to be more of an empirical process, rather than a prior analysis, that allows
companies to identify the complexity of the situation and trigger a viable implementation. For
this reason, this research carried out a systematic review to identify and analyze, from the Systems
Science approach, the proposed and most used models to face these organizational problems. In total,
42 of the 3800 documents were filtered for discussion using a systems approach. In addition, one
of the models was tested by interviews with Mexican managers to understand how it promotes the
abstraction of complexity necessary for a viable system change. The findings at the end of the work
were to determine the lack of systemic properties in the current proposals, especially in the efforts to
adopt artificial intelligence and the need to have a suitable model for the context of technology.

Keywords: TOE framework; viable technology adoption; artificial intelligence; systems

1. Introduction

The Fourth Industrial Revolution (4IR), also called Industry 4.0, consists of the use of
new technologies in companies and governmental or nongovernmental organizations that
promote intelligent systems [1], the Internet of Things (IoT), Cyber Physical Systems (CPS),
Big Data and artificial intelligence (AI) [2–4].

It is important to note that Industry 4.0 is not just a digital transformation, since this
phenomenon belongs to the Third Industrial Revolution (3IR) with automation through the
use of Information and Communication Technologies [5]. Instead, the 4IR is characterized
by system intelligence; that is, [6,7] humans and processes supported by the presence of
computer systems using the mentioned technologies, AI, Big Data, IoT, and CPS [8–11].

The process of adopting these new technologies has been growing in the last
five years [12,13], and most of them have been executed optimally in companies with
the economic, scientific, and technological capacities to make use of them, for example,
Amazon, Facebook, Microsoft, Uber, important start-ups, known as ‘unicorns’, as well as
banks such as BBVA [14,15]. All of these companies have something in common: they
were born as Digital Native Companies (DNCs) [16] or have enough of a budget; that is,
companies whose core business is based or founded on technologies related to Industry 4.0.

Although there are great technical computational developments and applications of
Industry 4.0 [17] from the computer science (CS) approach, efforts to adopt these new
technologies from the management approach for companies are minor, especially for
companies outside of the technological context. Using keywords in databases to do a search
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can help to visualize the big difference between technical applications and changing the
way an organization is set up to use new technologies, such as AI, e.g., by the following
two words: “AI Adoption Framework” and “AI Applications”; SCOPUS shows a rate of
1 article for the first word to 120 articles for the second, and the Web of Science shows
1 article for the first word to 150 for the second.

This highlights a great problem for companies, because the barriers to AI adoption
(AIA) are more complex than the developments of computer science (CS), since the adop-
tion of the managerial approach is not limited by facts, but by different factors such as
(1) not changing the structures of organizations toward more flexible management [18,19],
(2) not understanding the implication of the process from an internal and external contex-
tual analysis before executing any strategy [20,21], (3) financial difficulties or investment
funding [22], and (4) lack of technical skills or consultancies in new technologies [23].

Today, management science has sought solutions to these barriers using models created
since the mid-1950s to understand the adoption of new technologies and features that
require an adopter system [24]. For example, the Technology-Organization-Environment
Model (TOE) [25–27], the Technology Acceptance Model (TAM) [28–30], and the Diffusion
of Innovation Model (DOI) [31], among others [32]. These models usually have variations
in their way of evaluating, depending on the system analysis [33–36], and they focus on
different elements inside and/or outside the organization.

During the 3IR adoption processes, the models played an important role due to their
diagnostic benefits and the measurement of variables in an organization that provided
important information at the managerial level for decision making prior to the execution of
any adoption strategies [37], and, now, the models are being used for the same purpose: to
understand and adopt Industry 4.0 technologies.

However, the old techniques are not suitable for the temporal context; as was men-
tioned, the new technology adoption activities are more complex now than they were in
1950. Furthermore, even though the state of the art revealed that TAM, TOE, or DOI are
presented as optimal tools to define the needs of companies and promote new strategies
and business models, the current models could result in false strategies or wrong decisions
if they do not promote an intrinsic abstraction of complexity and viability by themselves.

On this path, there is a science approach for creating suitable business models, which
explains how these incorrect strategy designs can occur easily if old management tools are
used [38,39]; thereby, some researchers [40] propose to overcome this problem using the
benefits of Systems Science (SS) to obtain the desired suitability.

SS looks for the whole and holistic properties in a system, since there are structures,
organisms, phenomena, entities, objects, etc., with very similar principles that can be
transferred from one system to another and behave similarly. This is based on theories
of some system thinkers such as Bettalanffy and Wilber [41,42]; additionally, Weiner, von
Foerster, and Beer stated that the main characteristic of systems is that they are controlled
through cybernetics to improve their viability [43–45].

Therefore, the aims of the research are to identify the most used models to promote
the adoption of new technologies, especially AI, by a systematic literature review (SLR),
to carry out a critical SS analysis of the state of the art, and test one of the most used
models (the TOE model). The intention is to understand and justify the shortcomings of
a model without the system properties necessary to abstract complexity, design viable
strategies, and provide the cyclical evolution in enterprises to achieve homeostasis in their
Industry 4.0 context.

To achieve its goals, the present work is divided into three parts. The first part is an
analysis of the SLR under the SS approach to find the benefits of the temporal context and
weaknesses in models to push companies into Industry 4.0. The second section is a test of
one of the more commonly used models (TOE) to ensure the need to adopt new technologies
like AI and how their benefits can be mixed into SS. Finally, the results are revealed, laying
the groundwork for future work to develop a viable model for implementing AI and
related techniques.
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2. Research Methods

The Figure 1 illustrates the Research Methodology (RM) that was followed throughout
the work, divided into two primary stages: the first stage includes two reviews of the
literature and a system critic, and the second stage includes tests and results with one of
the most commonly used models.

Figure 1. Research Methodology.

The systematic literature review (SLR) [46–48] was used to obtain information in the
first stage, because it allows the use of specific questions, ensures that research-related
papers are not omitted, identifies gaps in current knowledge, summarizes knowledge,
and provides a solid scientific foundation for a new line of research [49,50].

The following steps address an SLR [51]:

1. Select the data set.
2. Clearly articulate objects and questions to be addressed.
3. Inclusion and exclusion criteria (key words, publication date, approach, etc.).
4. Analysis of data extracted from included research.
5. Presentation and synthesis of the findings extracted.
6. Transparent reporting of the method.

According to the RM, the SLR on AIA Models attempts to address the following questions:

• Which AI adoption frameworks are most widely used?
• What are the main characteristics of AI adoption frameworks?

Following the RM (Figure 1), a system critic was addressed between the first and
second SLRs to identify the model that embodies a greater sense of holism during the
evaluation of organizational readiness. The purpose of this intermediary critique was to
determine which model would perform best in the tests. Since the analysis indicates that
the TOE model is linked to better system behavior, SLR two was structured around it.

The second SLR attempts to answer the following research question:

• How is the TOE framework used?

The implementation of TOE should be known because it is one of the most com-
monly used models for assessing contextual complexity in an organization, and testing it
demanded an extensive awareness of its application.

The second stage puts the TOE model to the test by interviewing Mexican company
executives. This second procedure is not a validation or variable identification, but rather a
test to see how the framework assists managers in discovering variability and recognizing
the complexity of the internal/external context in the company. The final part of this section
shows the interview results, emphasizing the lack of system elements in the models and
proposing model integration with SC to stimulate the creation of feasible model designs.

3. Stage One: Systematic Review of the Literature
3.1. Artificial Intelligence Adoption Models

While the first systematic review of the literature (1SLR) was in progress, some article
titles were reviewed, revealing that there was still more research related to engineering,
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algorithms, computer science, and government, among other fields. As shown in Table 1,
although the keywords used were directly associated with those areas, only a range of 10%
to 35.5% of the articles had a primary focus on management and business analysis.

Table 1. Databases analysis.

Web of Science Scopus

AIA &

Business

AIA &

Framework

AIA &

Management

AIA &

Business

AIA &

Framework

AIA &

Management

849 articles 735 articles 1257 articles 469 articles 647 articles 823 articles

35.5 % 31.64% 24.6 % 14.6% 10.7% 10.5%

For this reason, it was decided to limit the database search to research branches
specifically related to management and business. Figure 2 explains how (1SLR) started in
two scientific information databases: Web of Science and Scopus. Following the established
criteria, 132 articles were identified in the first branch.

Figure 2. Systematic review process in the second branch.

A smaller second branch (depicted in cyan) was created using two keywords to
connect the two approaches of the systematic review: artificial intelligence and business
adoption. This was necessary because the first branch still included articles outside of the
desired scope. Following the exclusion criteria, 111 articles were identified for removal.
After reading the abstracts and full text, 21 were selected for in-depth analysis.

Finally, Table 2 summarizes the SLR process and describes the most relevant research
to answer the first question of this phase: Which AI adoption frameworks are the most
widely used?. The “Contribution” column lists the most commonly used frameworks, such
as TOE and TAM, and identifies independent proposals. Additionally, as observed in the
same column and in the “Classifications” column, they reveal important characteristics that
address the second question: What are the main characteristics of AI adoption frameworks?

Most frameworks include business preparation (readiness) to evaluate aspects of the
organization that must be considered before and during AI adoption. However, none of
them provides a suitable change proposal (processes). Although conducting an analysis
prior to the creation of a strategy is an important step in defining the objectives of a system,
it is not the sole effort required to achieve those objectives. It is essential to clearly articulate
the relevant activities that lead to successful adoption of AI.
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Table 2. Systematic review analysis.

Title Classification Contributions

1 Enterprise AI Canvas Integrating Artificial
Intelligence into Business [52] Readiness

Canvas applications (business models) to connect business
concepts, business management, and new information tech-
nologies. Inspired by the Osterwalder Canvas [53].

2 Artificial Intelligence Adoption: AI-
readiness at Firm-Level [54] Readiness Proposal for the adoption of AI through the Technology-

Organization-Environment Model (TOE).

3
The adoption of artificial intelligence in hu-
man resource management and the role of
human resources [36].

Readiness
Proposal for the Adoption of AI through the Unified Theory
of Acceptance and Use of Technology (UTAUT). The origin
is based on the Technology Acceptance Model (TAM).

4
Towards an artificial intelligence maturity
model: from science fiction to business
facts [55]

Processes

The research is based on the development of a maturation
model for the integration of artificial intelligence. The au-
thors rely on the model: Maturity Model for IT Management
by Becker [56].

5
Overcoming Organizational Obstacles to Ar-
tificial Intelligence Project Adoption: Propo-
sitions for Research [15]

Readiness It is described in a model called the Value Model, which
includes organization, infrastructure, and planning.

6
Understanding AI adoption in manufac-
turing and production firms using an inte-
grated TAM–TOE model [33]

Readiness

The research bases the adoption of artificial intelligence on
the TOE–TAM model TOE–TAM. It combines the virtues of
the TAM and TOE models and identifies the most important
criteria that an organization should take into account for
readiness.

7 A Framework for the Implementation of Ar-
tificial Intelligence in Business [57] Readiness

A preparation model for companies looking to integrate new
technologies is based on seven elements: employees, infor-
mation management, governance, strategy, infrastructure,
knowledge, information, and security. It is called the AI
Enlistment Model.

8
Can we trust AI? An empirical investigation
of trust requirements and guide to success-
ful AI adoption [58]

Readiness
Based on the TAM model, added value to the model by
three factors: skill, integration, and benevolence, which are
involved in the perception of usefulness.

9 A Simple Tool to Start Making Decisions
with the Help of AI [59] Readiness Use of an AI-Canva, which also inspired Ulrich Kerzel’s

Canva [52].

10 The Adoption of Artificial Intelligence for
Financial Investment Service [60] Readiness Study from the perspective of the TAM model to identify

criteria that will influence the decision to apply AI or not.

11
Technology acceptance model (TAM) and
social media use: an empirical study on
Facebook [61]

Readiness Use of TAM to analyze why and how only the social media
adoption was accepted.

12
The role of organizational culture and vol-
untariness in the adoption of artificial intel-
ligence for disaster relief operations [62]

Readiness The UTAUT model was applied to identify the readiness
criteria and acceptance of artificial intelligence.

13 Adoption of Artificial Intelligence for talent
acquisition in IT/ITeS organizations [63] Readiness

Implementation of the TOE model in combination with the
Task-Technology-Fit model (TTF), a model used in the re-
cruitment of talent.

14
The adoption of artificial intelligence and
robotics in the hotel industry: prospects and
challenges [64]

Readiness The foundation for understanding the adoption of AI,
the TOE model was implemented.



Systems 2023, 11, 494 6 of 21

Table 2. Cont.

Title Classification Contributions

15 Integrated AI and Innovation Management:
The Beginning of a Beautiful Friendship [65]

Readiness-
Processes

One work analyzed during the systemic review makes an
introduction of the need to generate holistic models that see
the problem as a whole. The proposal is a model based on
the Bruit and Rosemant model of developing maturation
models [66].

16
Organizational Readiness to Adopt Artifi-
cial Intelligence in the Exhibition Sector in
Western Europe [67].

Readiness Use of TOE to identify readiness criteria in the use of artifi-
cial intelligence.

17 Adoption of digital technologies of smart
manufacturing in SMEs [68]. Readiness Use of TOE, adding eight conditions that can affect the adop-

tion of new technologies.

18 An AI adoption model for SMEs: a concep-
tual framework [69]. Readiness

It shows a model of readiness and evaluation for artifi-
cial intelligence, bases its analysis on five important pillars,
and evaluates through a questionnaire.

19
The Adoption of Artificial Intelligence in
the E-Commerce Trade of the Healthcare
Industry [34]

Readiness

Using TOE, however, this model adds an element that was
relevant for the search. It mentions the absorption capacity
of new technologies. One way to self-assess a catalyst in the
process of adoption is by self-assessing.

20

Strategizing in a digital world: Overcom-
ing cognitive barriers, reconfiguring rou-
tines and introducing new organizational
forms [21]

Readiness

Proposal of an “ideal” model of three essential characteris-
tics in a organization with the intention of AIA: cognition,
routines, and structure. As a whole, the company has a
greater capacity to achieve its goals. In addition, it presents
a taxonomy of transformation types with the intention of
giving a greater perspective on the requirements for the
adopting system.

21
A conceptual framework for the cognitive
enterprise: pillars, maturity, and value
drivers [18]

Readiness-
Processes

It proposes four fundamental pillars within an organization:
technology, data, processes, and capabilities. In the concep-
tual model, it presents three states and proposes them as a
state of maturation.

3.2. System Critic

After acquiring this information, an analysis of the Systems Science (SS) approach was
performed to determine the viability and cybernetic properties. Subsequently, substantial
effort was dedicated to identifying their weaknesses.

In this context, viability refers to maintaining the identity of the organization through a
regulatory process that encompasses it entirely. This process involves learning, adaptation,
and evolution, all of which contribute to the organization’s survival. Viability depends
on achieving an appropriate balance between the autonomy of subsystems and their inte-
gration within the system, as well as the balance between stability and adaptation [70,71].
In addition, intrinsically, it was also analyzed under Ashby’s law of required variety [72].

With these premises, the following discussion is created under the system approach.
First, we compare the models outside the TOE and TAM applications, and later, we compare
these two models.

Kerzel [52] describes how they generate a new business model using two canvas mod-
els. On the one hand, the first canvas is employed to generate value from the perspective
of the system owners. On the other hand, the second canvas adopts the perspective of
CC experts who translate the expected value of the owners into measurable activities and
metrics through the analysis of data and information using AI and Data Science techniques.

The resulting model adds value by bridging the gap between business value and
technical needs. Although it may not be explicitly presented as a system process, this
approach enables the description and documentation of relevant activities to alter the state
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of the system. Compared to stage four of the SSM, it facilitates the creation of a strategy
aimed at solving the problems faced by system owners. The canvas model has strong
competitive abilities at this point, but does not have a diagnosis of the system, and does
not have feedback and interconnections among their subsystems involved. However, it
should be noted that while the canvas model excels in creating strategies and addressing
business needs, it may lack a comprehensive system diagnosis, feedback mechanisms,
and interconnections among the subsystems involved.

For its part, Yams et al. [65] also defines the stages that a company must go through
to implement artificial intelligence. It provides a detailed contextual analysis that extends
beyond technology, embracing the characteristics of organization, worldview, information,
environment, and strategy as a distinguishing property of system thinking. Although the
model emphasizes the need for feedback in the stages it proposes, it does not provide a full
description of the feedback process. It is important to note that among the works examined
in the SLR, this one employs a Systems approach right from the problem statement, and its
aims are clearly stated. However, there is an opportunity for development in terms of its
utility as a viability and management support tool.

Alsheiabni et al. [55], despite being inspired by another model that incorporates fea-
tures of systems that maintain stability (homeostasis), such as inputs, outputs, structure,
feedback, and goal delimitation, the description only mentions the levels that an organiza-
tion must meet for a gradual adoption of AI. However, the factors of internal and external
contextual analysis, the proposals for creating a strategy, and the definition of subsystems
that support each level that the organization must meet are not delimited in the proposal,
leaving a gap between the definition of the problem and the necessary actions.

Someh et al. [15], Najdawi [73] and, Bettoni et al. [69] provide a more comprehensive
examination of the technological analysis and the process of generating a business model
based on essential technological attributes, such as data, AI skills, and infrastructure. Fur-
thermore, it specifically formulates the proposal by defining the proposals, measurements,
and developing a strategic plan, ultimately resulting in the generation of value for the
organization. However, it is worth noting that managers often lack a creative tool for
formulating their strategies, as well as a clear indication of how to implement progressive
improvements. Furthermore, they often lack a feedback process that facilitates the creation
of improvement cycles. In addition, managers often face the challenge of conducting an
adequate contextual analysis, which is essential for a complete diagnosis.

The latest works without TAM or TOE applications are [18,21]. These models provide
an explanation of the needs of the management approach for changing mindset, work
structures, and adaptability to the use of technology. However, they do not possess
SS properties.

Last, the next SS critiques are made on TAM and TOE to determine which has better
variability measuring and system characteristics.

TAM is a model designed by Davis in 1986 [74] and suggests two important factors,
as seen in Figure 3. The perception of usefulness and perception of easy use factors influence
agents who will use the new technology, including end users and workers. Their percep-
tions play a crucial role in whether they accept or reject the technology adopted within
the system or organization [75]. The external variables can vary between age, leadership,
management of new paradigms, capacities, etc., and they affect decisions of change.

The uses of TAM [76,77] illustrate the possible modifications that can be made to
TAM to fully assess the characteristics of the users, according to the unique evaluation
criteria desired by the management. However, TAM can become overly detailed as it
primarily focuses on the organization’s internal aspects and individual change. In contrast,
the Systems Science (SS) approach tends to be reductionist and overlooks the holistic
perspective necessary for understanding the complexities beyond the system. It also omits
other elements that introduce variety to a cybernetic diagnosis.
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Figure 3. TAM Model. Adapted from Lai [74].

TOE (Figure 4) is a model designed in [78] to evaluate the context inside and outside a
company that adopts new technologies, based on three main characteristics: technological,
organization, and environment [25]. First,the technological context, the information system
and equipment available, and the technological market offers. Second, the organization
context evaluates the business model, structure, strategies, and the size of the company.
Finally, the environment context evaluates the market, the external support in the case of
requiring consultancies, government relations, and the policies that a company must follow
when adopting a new technology.

Figure 4. TOE Model. Adapted from Tornatzky et al. [78].

TOE serves as an evaluation of the company, encompassing both internal and external
aspects with various criteria. It extends beyond the perspective of the person who will
use AI, allowing for a more comprehensive analysis. In [79], each criterion is described
in more detail in a simple manner. Compared to TAM, this model provides a complete
organizational overview to directors prior to adoption. It also offers the possibility of
involving stakeholders in the analysis of each element, helping to identify what is missing
and what the organization already has.

Adding to earlier observations, some key elements for the creation of systemic models
were compared; they were mainly taken from the system descriptions provided by Katz
and Kahn [80] and Bertalanffy [41]. In terms of inputs/outputs, internal/external con-
text, structure, transformation, process, objective feedback, and interconnection, Table 3
illustrates if TAM and TOE meet as viable models.
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Table 3. Systems features.

Framework Input/Output Inner/Outer Context Transformation Structure Process Feedback Aim Connections

TAM OK Fail Fail OK Fail Fail OK Fail

TOE OK OK Fail OK Fail Fail OK OK

Even if the process is unclear, implementing TOE involves assessing input and output
variables, such as technology, organization, and environment. It offers both internal and
external contextual perspectives and considers the interconnections between the structure
and the objective of AI adoption. However, it does not clearly illustrate the process and
transformation within organizations. Additionally, it lacks feedback, which is a fundamen-
tal feature for assessing a model’s viability. Therefore, although it exhibits more contextual
properties than TAM, it is not perceived as a truly viable model.

For its part, TAM has fewer green values, with an analysis aimed at the person who
will use the new technologies instead of the system. It lacks an external and internal vision
of the variables that can influence its processes. We segment only the TOE analysis to
understand how it promotes AI adoption in order to carry out the 2SLR.

3.3. Systematic Literature Review TOE Model

Once the most used models were identified and their characteristics understood, a sys-
tematic literature review (SLR) was performed on the TOE (Technological, Organizational
and Environmental) framework process, as shown in Figure 5. The aim was to determine its
usage and classify the primary barriers to AI adoption in organizations. After a thorough
analysis of 21 articles, summarized in Table 4, we sought to answer the following question:
How is the TOE framework used?

The 2SLR (second systematic literature review) reveals several key findings. First,
all of the articles focus on diagnosing factors that either facilitate or hinder a company’s
adoption of AI. These factors are typically validated through questionnaires and interviews
with experts in both technology and the specific industry of interest.

Figure 5. Systematic review process.

Secondly, most studies are conducted in first world countries with large economies
and advanced technological developments. There is limited research in less developed
regions, including Latin America, where this study originated.

Lastly, the articles reviewed primarily apply the TOE model to the areas of human
resources, management, and marketing. This suggests potential opportunities to introduce
adoption methodologies into a wider range of companies and organizations and promote
systemic thinking in Latin America.

The papers discuss several factors that determine an organization’s readiness to
incorporate AI gradually. However, there is a noticeable repetition of these factors in all
of the studies reviewed. For example, factors such as organizational culture, leadership
support, strategies, employee skills, investments, infrastructure, and data quality appear
repeatedly in every investigation.
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Table 4. Use of TOE.

# How Is It Used Author Origin Field Validation

1 Diagnosis Alsheiabni et al. [55] Australia Unfocused (general) Survey

2 Diagnosis Mahroof [81] UK Warehouse Empirical

3 Diagnosis Kruse et al. [82] Alemania Finance Interviews

4 Diagnosis AlSheibani et al. [54] Australia General No validation

5 Diagnosis Seethamraju and Hecimovic [83] Australia Audits and Accounting Interviews

6 Diagnosis AlSheibani et al. [84] Australia General Surveys

7 Diagnosis Chen et al. [85] USA General Surveys

8 Diagnosis Pillai and Sivathanu [63] India Human Resources Surveys

9 Diagnosis Nam et al. [64] Dubai General Surveys

10 Diagnosis Mikalef et al. [86] Germany General Surveys

11 Diagnosis Hamm and Klesel [87] Germany Government Surveys

12 Diagnosis Schaefer et al. [88] Germany, The Netherlands General Literature review

13 Diagnosis Lee et al. [89] Korea Human Resources Surveys

14 Diagnosis Pumplun et al. [90] Germany Government Interviews

15 Diagnosis Kong et al. [34] China E.commerce Survey

16 Diagnosis Chen et al. [91] USA Marketing Survey

17 Diagnosis Chatterjee et al. [33] India Manufacture Survey

18 Diagnosis Neumann et al. [92] Switzerland Government Interview

19 Diagnosis Nam et al. [64] USA Hotel Industry Interview

20 Diagnosis Wang and Su [93] China Manufacture Case study

21 Diagnosis Sivathanu [94] India Manufacturing industry Survey

Figure 6 displays the most relevant criteria factors for the model, ranked in descending
order according to their importance to organizations. The selection of these relevant
criteria factors is based on the work of Hamm and Klesel [87]. This information was also
cross-referenced with other studies that make use of the TOE model [33,34,54,92,95].

Figure 6. Proposal model TOE, adapted from Tornatzky et al. [78].

4. Stage Two: Testing and Results

In order to fully understand the TOE model under SS, a test was conducted at the end.
The test questionnaire consists of four sections (Appendix A). Note that the managerial
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perspective is sought, not a quantitative judgment. Each result obtained during the test is
to analyze TOE characteristics as a tool to provide managers with holistic views.

The first section consists of a set of open-ended questions on AI aimed at gauging how
Mexican companies perceive AI. The second, third, and fourth sections, which focus on the
three TOE areas of technology, organization, and environment, measure the organization’s
AIA capacity based on the interviewee’s assessment. The questionnaire is linked to Figure 6,
which contains representations of these sections. Expert opinions are rated on a scale from
1 to 6, with 1 representing complete disagreement and 6 representing complete agreement
for each nuanced criterion.

An overview of the findings from the directors’ interviews with Mexican enterprises is
shown in the Figure 7. Alpha numbers are displayed on the x-axis; the first ones, O1–O15,
represent the questions related to the questionnaire’s second section, while the letter O
stands for the organization’s requirements. The same applies to the questions T1–T8,
which stand for the technology portion, and E1–E7, which represent the environment.
Furthermore, the colors at the top of the representation correspond to the five companies,
labeled A to E, to help contrast their results.

Figure 7. Test answers.

Additionally, to provide a more detailed perspective, we analyzed each of the TOE
model criteria as illustrated in the following Figures 8–10. Each TOE criterion is represented
by two graphs: the first expresses the precise number chosen for each company in columns,
and the second is a radar graph to compare the companies. This analysis gave us insight into
how these companies perceived themselves and how their perspectives on their readiness
to incorporate artificial intelligence differed. For the purpose of distinguishing between
each company, we use five colors: blue for the first company, red for the second, and so on
until company “E” with orange color.

Figure 9 shows the most relevant criteria highlighted in technology: compatibil-
ity/availability/data quality, relative advantage, and tool ability. The initial description
explores how companies perceive that they have the necessary infrastructure to adopt
AI. However, this perception is contradicted by the absence of a comprehensive strategy
and the obvious need for external consultation, as illustrated in the consulting graphics in
Figure 10.

As we observe in the organization section (Figure 8), the evaluations of the companies
vary from one another, but there is information that contributes to the overall understand-
ing of the organization and also reveals factors that the stakeholders make apparent. First,
in terms of management support, most companies show an inclination towards implement-
ing AI to some extent. On the other hand, most also perceive that the costs and resources
involved are high, yet they are willing to invest in such initiatives. Finally, the companies
interviewed exhibit a distinctive gap in the area of strategies, which, if properly under-
stood, is an essential segment for achieving the adoption objective. Without a clear goal,
methodology, and strategy, accomplishing a task of this nature would be challenging.
In fact, during the interview, 100% of them stated that they did not have a clear strategy.
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Under the SC, the strategy (hence defined objectives) is a fundamental part, since it is the
part of the system that will allow for feedback and looks for the system’s homeostasis,
depending on what the objective they seek and the strategy that will take them towards the
system transformation.

Figure 8. Organization.

It is clear that managers are aware of the data pertaining to their organization and
think they have the necessary information at their disposal. However, from the perspective
of experts in the field of CCs, it becomes apparent that merely knowing what information
is required is insufficient. Instead, a comprehensive process of data storage, projection, and
visualization, as highlighted by [96], is necessary.

Upon examining the aforementioned two graphs, it becomes evident that there is a
correlation between the presence of managerial support and the perception of an organiza-
tion of the comparative benefits associated with the adoption of novel technologies. These
benefits include increased operational efficiency and mitigation of expenses. According
to [52], the assessment of AI adoption activities is frequently centered on this particular
aspect, which is of significant importance for most companies.

From this section, it is inferred that there is a perceived advantage within the organi-
zations, and the stakeholders are aware of their interest in promoting new technologies.
However, without expert support or guidance in decision-making, there is a risk that
managers may develop inefficient processes.

Ultimately, the diagram presented in Figure 10 illustrates environmental criteria, and
there exists a lack of legislation or standards specifically tailored to SMEs. This absence
can potentially offer certain benefits, such as increased flexibility in the implementation of
technological advancements. However, laws can also provide valuable information on the
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optimal functioning and seamless integration of technologies. In the field of SS, a notable
difficulty extends beyond the scope of individual firms and belongs to the Latin American
area. Specifically, this challenge revolves around the inadequacy of government initiatives
aimed at facilitating the proficient use of technology within small and medium enterprises
(SMEs) [97,98].

Hence, it is imperative to build a governance framework that fosters a facilitated
environment for the implementation and utilization of technology in SMEs. This may
help to mitigate the obstacles facing organizations and foster the widespread adoption of
technology in the region.

Figure 9. Technology.

Figure 10. Environment.

In contrast, within the context of the consultation chart, participants expressed agree-
ment on their need for guidance and support from experienced individuals in AI, as they
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lacked clarity regarding their specific needs. From this point of view, managers recognize
that external consultation plays a key role.

5. Discussion

Below we describe some of the main ideas that were being constructed throughout the
two phases of the research methodology, along with some of its limitations.

First, this study presents a comprehensive SLR aimed at identifying the models most
commonly used in interventions for the adoption of AI. Additionally, it explores innova-
tive suggestions that seek to drive changes in management paradigms. It is important
to acknowledge that a majority of managers are now attempting to tackle this difficulty
using models that were developed before the advent of Industry 4.0, the 3RI. Therefore, it
is crucial to develop models and proposals that are suitable for the fast rate of technologi-
cal advancements.

Within the context of the 1SLR, the community has consistently identified two signifi-
cant characteristics in the models presented: readiness models and process models. These
particular characteristics were exclusively found in a limited number of works, and the sys-
temic paradigm was not sufficiently explored or elaborated on in terms of its applicability
to the requirements of the systems in question.

Subsequently, a critical evaluation is conducted utilizing the SS methodology (Section 3.2)
for each pertinent model identified in Section 3.1. This enabled the demonstration of their
limited ability to effectively handle intricate technological advances, such as artificial intel-
ligence. The most innovative approaches suggest a reconfiguration of the business model
by incorporating new technology as an integral component of the organization, rather than
only as a tool. However, these sources do not provide a comprehensive elucidation of the
specific managerial roles required to effectively implement these novel organizational mod-
els. From a systemic point of view, these proposals persist in being implemented through
classical management approaches, disregarding the fact that contemporary organizations
are extremely complex and cannot be effectively governed solely through mechanistic,
hierarchical methods, and rigid processes that hinder adaptability to external fluctuations.

The critic’s discourse not only disregarded models based on SS concepts but also
included additional factors such as usability, acceptance within the community, and fre-
quency of utilization. This prompted our exploration of the TOE and TAM frameworks.
In the end, among all of the ideas discussed, TOE stands out as the most significant premise
of the inquiry.

Reviewing Section 3.3, which belongs to the 2SLR, it is evident that this particular
framework is of significant importance among the academic community. Numerous studies
rely exclusively on this model, as it effectively categorizes various dimensions that are
essential for governmental analysis, corporate evaluations, national assessments, and spe-
cific industrial sectors. This substantiates the significance of its incorporation in the third
industrial revolution, the fourth, and possibly even the fifth.

The most significant critique of the TOE model is that it has been applied mainly only
to business perception analysis conducted through manager questionnaires. However,
this type of questioning can be extended to include strategies, technical requirements,
infrastructure, information systems, and other components that a system and/or computer
specialist can use to their advantage.

In addition, in order not to limit the work to just a literary review process, the authors
proceeded to test the TOE model through interviews with companies located in the Valley
of Mexico (Section 4). During the interviews, it was determined that TOE works as a holistic
analysis tool for the business adoption of new technologies. However, we must not ignore
the fact that the results are too subjective and that managers’ perceptions are as complex as
their abilities to manage the variety of their own companies.

We highlight that entrepreneurs are willing to innovate and invest in new technologies
such as AI because they perceive that, over time, this will provide them with a competitive
and financial advantage in the market. However, the assistance of specialists in the field
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is essential. Because, without the insight of Industry 4.0 and SS technologies experts,
stakeholders’ perception of what to do during AI adoption could easily be lost.

Lastly, we acknowledge the limitations of the test, as it was limited to a smaller number
of managers than the articles discussed during the 2SLR. However, we made clear that the
goal of the article was to critique and identify opportunities to merge reliable models, such
as TOE and TAM with SS, to establish the foundations for a meta-model.

6. Conclusions and Future Works

The present study effectively identifies prevalent models used in interventions for the
AIA through the SLRs, highlighting the importance for models that can be modified to fit
the rapidly changing technological environment.

The study emphasizes the prevalence of readiness and process models within the
existing literature on AIA. However, it also emphasizes that these models have limited
application when it comes to modern and complex companies.

The study underscores the entrepreneurial perspective, highlighting that entrepreneurs
are driven to invest in AI based on their perception of gaining a competitive edge. However,
it also emphasizes the importance of seeking help from industry experts in Industry 4.0
and smart systems SS technologies to ensure the successful implementation and adoption
of AI.

TOE, which emerges as the most significant premise to analyze AI adoption in both
academic and practical contexts, is criticized for its primary application through man-
ager questionnaires. To enhance its effectiveness, the study recommends expanding its
application to encompass various branches of technical and systems.

Finally, this area of opportunity opens perspectives for other researchers to improve
the low capacity of AIA in companies and create a truly viable tool with the necessary
construct to handle the complexity that TOE allows us to see in its implementation as an
evaluation tool.

One proposal is to take, during TOE evaluation, the characteristics a manager ex-
presses and turn them into specific functions that must be fulfilled during their adoption
processes. That is, create a meta-model evaluated by TOE and design viable strategies with
systems principles.
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Appendix A. Questionnaire for Interviews

Part 1. Perspective

1. Do you have doubts about the interest in the research and interview process?
2. What do you mean by Artificial Intelligence?
3. Currently, how many artificial intelligence projects exist in your company?
4. What is the objective of the project?
5. What is the status of the project? Planning, In Process, Implemented
6. When will users be able to use the product?
7. Are partners/owners involved in the project?
8. Who else is involved in the project?
9. If possible, can you give me the approximate budget for the project?
10. Are other projects planned or awaiting execution?
11. Do you have an AIA strategy?

Evaluation range from 1 to 6, where 1 = completely disagree and 6 = completely agree

Table A1. Part 2. Organization.

Top Management Support

1 The managers and owners of the organization are interested in support-
ing and integrating AI in their projects 1–6

2 Innovation is promoted in your organization 1–6

3 In your organization, management is used to modifying structures and
workflow during projects 1–6

4 In your organization, It would be acceptable to modify software or work
tools to integrate AI into the current business model 1–6

(Technical) Competencies

5 The organization has personnel capable of understanding the concepts of
AI to integrate into its business model 1–6

6 The organization has personnel capable of handling AI tools (software) 1-6

7 In your organization they would be willing to train their staff to modify
their job profile in collaboration with AI 1–6

Resources

8 The application and AIA is expensive 1–6

9 Your organization would be willing to invest in training your staff 1-6

10 In your organization they would be willing to invest in infrastructure
capable of being introduced into your business model 1–6

Organization

11 The size of your organization (staff) limits the intention to adopt AI 1–6

12 A company with more staff will have more difficulty in AIA 1–6

13 A company with fewer staff will have greater ease of AIA 1–6

Strategy

14 Your organization’s business model contemplates the use of AI 1–6

15 They have an AI integration plan in their current work systems 1–6
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Table A2. Part 3. Technology.

Compatibility/Availability/Quality Data

1 AI is compatible with current production or service systems 1–6

2 The organization has the infrastructure to store business model information 1–6

3 The organization knows how to obtain quality information depending on
what it wants to analyze 1–6

Relative Advantage

4 The use of AI in my production will make my organization more efficient 1–6

5 The use of AI in my production will make my organization more competitive
in the market 1–6

6 The use of AI in my production will make my organization reduce costs 1–6

Tool Ability

7 The organization knows of AI tools on the market that I can use in
my production 1–6

8 The organization can have access to tools and knowledge of the management
and integration of artificial intelligence in a simple way 1–6

Table A3. Part 4. Environment.

Competitive Pressure

1 Some competitors are already implementing AI in their processes 1–6

2 Technology in our industry changes rapidly 1–6

3 New products and ideas are being created from the use of AI in our
industry and we are being displaced 1–6

Government/Regulations

4 The government encourages or provides facilities for companies to pro-
mote AIA 1–6

5 Government support is important for the use of AI in organizations 1–6

6 There are some kind of special regulations for using AI in the production
sector that your organization works 1–6

Consulting

7 In your organization, it is important to have external consulting, support
from a supplier, and/or a partner to assist in your process. 1–6
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