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Abstract

Artificial intelligence (AI) adoption is increasingly viewed as a driver of business compet-
itiveness, yet firms in emerging economies face structural barriers that adoption models 
built for advanced economies rarely capture. This study aims to examine how organiza-
tional context (OC) and environmental context (EC) mediate the relationship between 
technological context (TC) and firms’ intention to adopt AI. Grounded in the Technology–
Organization–Environment (TOE) framework and Diffusion of Innovation (DOI) theory, 
the study surveyed 302 Colombian companies across multiple economic sectors and ana-
lyzed the data using partial least squares structural equation modeling (PLS-SEM) with 
a higher-order, sequential double-mediation specification. The results show that, in the 
main specification, technological context has no significant direct effect on AI adoption 
intention; instead, its influence is channeled through environmental and organizational 
context in a sequential mediation pathway. This finding indicates that technological readi-
ness alone is insufficient to drive adoption in the study’s context, and that environmental 
pressures must first be internalized through organizational capabilities before firms trans-
late technological potential into adoption intention. The study contributes to TOE theory 
by reframing technology-adoption relationships as context-dependent rather than direct, 
and offers evidence-based implications for managers and policymakers seeking to promote 
AI adoption in resource-constrained, emerging-economy settings.

Keywords: artificial intelligence adoption; emerging markets; environmental factors; 
organizational factors; technological context

1. Introduction
The integration of artificial intelligence (AI) into business operations is increasingly 

seen as essential to innovation, agility, and data-driven decision-making [1,2]. In account-
ing, for example, generative AI is seen as offering significant opportunities alongside key 
challenges [3]. Despite this growing interest, AI adoption in emerging economies presents 
unique challenges due to socioeconomic inequality, weak digital infrastructure, and limited 
policy coherence [4,5]. These structural barriers deepen the digital divide and constrain 
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firms’ ability to participate in data-driven economic transformation [6]. While some barriers 
such as technological constraints, lack of leadership support, competitive intensity, and 
employee resistance persist [7,8], many studies continue to model adoption as a direct out-
come of these factors. This approach may be insufficient to capture the interdependent and 
often mediated pathways through which adoption occurs in constrained environments [6].

The Technology–Organization–Environment (TOE) framework [9] and the Diffusion 
of Innovations (DOI) theory [10] offer robust theoretical foundations for understanding the 
drivers of AI adoption, including technological characteristics (e.g., compatibility, relative 
advantage), organizational readiness (e.g., management support, employee capability), and 
environmental pressures (e.g., competition, regulation, ecosystem maturity). However, the 
complexity of AI adoption in emerging economies means that one should not oversimplify 
direct relationships between TOE factors and AI Adoption Intention risks. For example, 
recent findings suggest that technological readiness alone does not lead to adoption unless 
activated by enabling organizational and environmental conditions—such as internal capa-
bilities, strategic leadership, and supportive regulatory ecosystems [11,12]. Yet empirical 
studies that model these mediation effects remain scarce, particularly in under-researched 
regions such as Latin America. In response, this study addresses two research questions: 
Critically, where mediation has been examined, prior work has generally tested parallel 
or single-stage mediating effects, leaving unexamined whether organizational and envi-
ronmental context operate as sequential, cumulative conditions rather than independent 
moderators of the technology-adoption link. This distinction matters theoretically: a sequen-
tial mediation pathway implies that environmental legitimacy must first be internalized 
organizationally before technological potential translates into adoption intent—a boundary 
condition that single-stage or parallel-mediation models cannot detect. Recent evidence 
from outside the private sector reinforces the plausibility of this boundary condition: a 
mixed-methods configurational study of AI adoption within environmental governance 
bureaucracies similarly finds that institutional antecedents, cognitive shifts, and technologi-
cal enablers interact rather than act independently, explicitly challenging linear models of 
technology adoption [13]. Our sequential double-mediation design responds to this same 
challenge with a mediation-based, rather than configurational, empirical strategy.

RQ1: How do technological, organizational, and environmental contexts influence the 
AI Adoption Intention in emerging economy firms?

RQ2: To what extent do organizational and environmental contexts mediate the rela-
tionship between technological context and AI adoption intention?

Accordingly, this study uses the TOE framework to investigate AI adoption in an emerg-
ing economy. Drawing on responses from 302 Colombian firms, we model technological 
context as an independent variable, organizational context and environmental context as 
mediators, and AI Adoption Intention as a dependent variable. Moreover, organizational 
and environmental conditions are specified as second-order reflective constructs to account 
for internal complexity and external heterogeneity. This approach enables the examination 
of both direct and indirect pathways linking technological readiness to adoption intent.

This study expands upon the Technology–Organization–Environment (TOE) frame-
work by shifting the focus from a linear adoption logic to a contingency-based mediation 
model, tailored to emerging economies. First, we challenge the traditional assumption 
that technology readiness (TD) is a key driver of adoption. In the Colombian context—an 
emerging Latin American economy characterized by institutional gaps, regulatory uncer-
tainty, and fragmented digital infrastructure—technological attributes appear to remain 
latent within our sample. We theorize that, in these environments, technology lacks in-
herent agency; instead, its observability and probability are socially and organizationally 
constructed. This means that the technological context only triggers adoption intent when 
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activated through the dual filter of organizational capabilities and environmental pressures. 
Second, by demonstrating a mediation-dependency logic, this research provides a nuanced 
understanding of multilevel adoption dynamics in constrained environments. While in 
developed economies the decision to adopt AI may be driven by technical superiority, our 
findings suggest that in emerging economies, the Organizational Context (OC) acts as a 
meaning-making mechanism that translates technical potential into strategic intent, while 
the Environmental Context (EC) provides the external legitimacy and competitive pressure 
necessary to overcome local market inefficiencies. Finally, this study offers a theoreti-
cally informed boundary condition for the Technology–Organization–Environment (TOE) 
framework, suggesting that, within our sample of Colombian firms, the direct technology-
to-adoption pathway was not statistically significant, while several indirect pathways were; 
whether this pattern generalizes to other resource-constrained, high-volatility contexts is 
an empirical question that requires replication across countries rather than a general claim 
established by a single cross-sectional sample. The remainder of this paper is organized as 
follows: Section 2 reviews the theoretical background and develops the study’s hypotheses; 
Section 3 describes the methodology and presents the empirical results; Section 4 discusses 
the findings; and Section 5 concludes with theoretical and practical implications, limitations, 
and directions for future research.

2. Theoretical Background
The Technology–Organization–Environment (TOE) model [9], postulates that an 

effective organization must have a structure that is consistent with its needs and those of its 
context. The Diffusion of Innovations (DOI) theory [10] proposes that innovation entails 
certain technological characteristics, such as relative advantage, compatibility, complexity, 
testability, and observability. These frameworks are widely used to understand technology 
adoption [14,15], although their application in developing countries remains limited [16]. 
This difficulty arises from factors such as economic restrictions, low investment in digital 
infrastructure, and unstable regulatory frameworks. This creates scenarios in which the 
factors that favor technological adoption in developed contexts do not manifest themselves 
with the same intensity or effectiveness as in emerging economies.

This study conceptualizes it as a multidimensional construct where the interaction 
between perceived attributes determines organizational readiness [17,18]. In this sense, 
relative advantage and compatibility are not merely static characteristics; they function as 
critical precursors to efficiency and cost reduction, provided they align with the company’s 
existing strategic values and prior technological experiences [14,19–21].

By integrating these dimensions into a higher-order framework, we argue that the 
adoption of complex technologies such as AI requires more than a simple perception of 
superiority. It demands a high degree of systemic compatibility to mitigate internal resis-
tance and ensure that the technological leap is consistent with the company’s operational 
needs [22]. Therefore, the technological context is analyzed here as a latent factor that 
requires organizational and environmental synergy to translate its potential into a concrete 
AI Adoption Intention.

Beyond technical attributes, the organizational context acts as the internal engine of 
adoption, where senior management support, financial backing, and employee capabilities 
combine to form what we call “organizational readiness” [20,23,24]. In this framework, 
leadership is not merely a facilitator but a strategic catalyst that synchronizes human 
talent and financial resources to manage the disruptive nature of AI [18,25]. This internal 
alignment is particularly critical in emerging business ecosystems, where the demand for 
multimodal digital technologies requires organizations to transcend traditional management 
silos and foster continuous innovation through a robust set of digital skills [15,24].
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At the same time, the environmental context exerts external pressures that redefine 
organizational positioning. Rather than viewing competitive intensity and regulatory 
frameworks as mere constraints, this study conceptualizes them as sources of institutional 
legitimacy [26–29]. For companies in emerging markets, strategic alliances and regulatory 
support are essential to mitigate the ethical and security risks inherent in AI, thereby 
establishing the trust necessary for responsible innovation [20,30–33].

Consequently, the AI Adoption Intention is not simply an adaptive response, but a 
structural commitment to sustainability and competitive advantage in the face of the unique 
challenges of emerging economies [24]. In these contexts, characterized by gaps in digital 
infrastructure and institutional fragility, the intention to adopt is often hampered by cultural 
and operational barriers that can dilute the impact of technological potential [18,21,22,29]. 
Therefore, contextualized empirical analysis is required to understand how these multi-
dimensional factors converge to overcome resistance and drive systemic organizational 
transformation [27,34,35].

2.1. Model and Hypothesis Formation
2.1.1. Environmental Context and Organizational Context EC

The environmental context (EC) includes factors such as competitive pressure, pres-
sure from business partners, and government regulations, which are associated with the 
organizational context (OC) [36]. Competitive pressure drives organizations to adopt tech-
nologies when their competitors do so [20,22]. Likewise, pressure from business partners 
influences OC, encouraging adoption when suppliers and allies show high competence 
and strengthen trust [1,21]. Government policies also influence technological adoption, 
highlighting the role of public support in the diffusion of AI [37]. In summary, EC affects 
elements of OB such as culture, readiness, and resource availability, balancing external 
pressures and internal capabilities to integrate AI. Consequently, the following hypothesis 
is proposed:

H1.  EC has a direct and positive influence on OC.

2.1.2. Technological Context and Organizational Context TC → OC
The technological context (TC) encompasses internal and external factors that can facil-

itate or hinder technological advancement within the organizational context (OC) [38,39]. 
Competition for resources and market conditions, shaped by the OC, influence the adoption 
of new technologies through interdependencies along the value chain [40]. OC, which 
encompasses leadership, employee skills, and financial support, acts as a critical channel 
for technology adoption by managing threats and vulnerabilities according to resource 
availability [40]. Top management plays a vital role in decision-making, communicating 
technological benefits, and allocating sufficient resources to improve absorptive capacity 
and organizational maturity [38,39]. Financial support, improved infrastructure, and or-
ganizational capacity are equally key for technological innovation [24,41]. Therefore, the 
interaction between CT and OC is crucial in AI adoption. Based on this, the following 
hypothesis is proposed:

H2.  TC has a direct and positive influence on OC.

Technological context (TC) includes elements such as technological compatibility and 
relative advantage, which are closely linked to key aspects of the environmental context 
(EC) [41]. Technological compatibility refers to the degree of integration between a new 
technology and existing practices, needs, and values [37], which directly influences its 
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use [18,42]. When perceived as compatible, it increases the likelihood of adoption. Mean-
while, relative advantage, defined as the benefit of implementing a new technology over 
previous methods [20], is a critical predictor of innovation and adoption readiness [10,21]. 
In Central America, competitive pressure accelerates technology adoption, while competent 
suppliers and partners enhance innovation and adaptability [27]. Finally, the regulatory 
environment, together with top management support, plays a decisive role in technology 
adoption in emerging economies, although studies on this subject remain scarce [18,22]. 
We specify this relationship as TC → EC, rather than the reverse ordering or a parallel, 
non-causal association, because the TC dimensions measured here—perceived technologi-
cal compatibility and relative advantage—are firm-level cognitive appraisals of available 
technology that logically precede, and give rise to, the firm’s reading of external condi-
tions such as competitive pressure, partner pressure, and regulatory salience: a firm that 
perceives AI as compatible and advantageous is thereby positioned to perceive rivals’ adop-
tion, partners’ expectations, and regulatory signals as more pressing, whereas the reverse 
ordering (EC → TC) would imply that external pressure itself alters firms’ appraisal of 
the technology’s compatibility and advantage independently of firm-level cognition, a 
mechanism not supported by the DOI literature underlying our TC measures [10,20]. We 
acknowledge, however, that our cross-sectional design cannot fully rule out this alternative 
ordering or a reciprocal relationship between TC and EC, and we return to this limitation 
in the Discussion. Accordingly, the following hypothesis is proposed:

H3.  TC has a direct and positive influence on EC.

2.1.3. Technological Context and the Intention to Adopt Artificial Intelligence TC → AI
Technological context (TC) encompasses factors that affect the functionality of 

technological innovation, focusing on the technological attributes that influence AI 
adoption [10]. TC shapes adoption intentions by influencing perceptions, expectations, 
and practical feasibility [20], with perceived compatibility and relative advantage being 
key variables [24,42]. There is a strong association between these variables and innovative 
behavior toward AI adoption [20]. Furthermore, organizational cultures that promote 
innovation and leadership that actively support such initiatives facilitate resource allocation 
and foster positive employee attitudes. While TC is crucial, organizational and environ-
mental factors that interact with technological aspects also need to be considered [40]. 
Likewise, the human element, including user attitudes and trust, plays a significant role in 
AI adoption [24]. Consequently, the following hypothesis is proposed:

H4.  TC has a direct and positive influence on AI.

2.1.4. Environment Context and the AI Adoption Intention EC → AI
EC encompasses external factors such as competitive pressure, partner pressure, and 

regulatory frameworks that influence AI, determining the external pressures and opportu-
nities faced by organizations [35]. In the case of corporate technology network operations, 
EC factors were found to have the greatest influence on productivity and service stability, 
underscoring the impact of external conditions on AI adoption [41]. Regulatory considera-
tions also play an essential role in shaping the environment for AI adoption by affecting 
how organizations perceive and manage AI-related risks [18,22]. While EC influences AI, it 
is important to recognize that in emerging countries, EC influences organizational behavior, 
as regulatory changes, market dynamics, and technological advances can lead organizations 
to adapt their internal processes and strategies through the use of AI. Consequently, the 
following hypotheses are proposed: In the Colombian context specifically, CONPES 3975 
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establishes a national digital transformation and artificial intelligence policy that incorpo-
rates ethical, data-governance, and security considerations for AI adoption [43], while the 
Inter-American Development Bank’s regional strategic framework highlights governance, 
data-infrastructure, and human-capital barriers that Latin American organizations must 
overcome to adopt AI effectively [29]. These concrete regulatory and institutional condi-
tions illustrate the kind of environmental pressures conceptualized in EC and motivate the 
hypotheses developed below.

H5.  EC has a direct and positive influence on AI.

2.1.5. Organizational Context and the AI Adoption Intention (OC → AI)
Organizational context (OC) factors influence an organization’s ability to adopt and 

implement AI [35]. This scenario, determined by variables such as resource availabil-
ity, market conditions, and policy support, impacts innovation development [40,44]. OC 
specifically shapes how firms interact with their environment, mediated by factors such 
as top management support, organizational size, and available resources, significantly 
affecting innovation adoption and organizational performance [34]. Top management 
involvement in AI projects, along with employees’ cognitive and affective attitudes and 
financial support, are critical in organizational readiness by increasing absorptive capacity 
and maturity [22,24]. Therefore, the following hypothesis is proposed:

H6.  OC has a direct and positive influence on AI.

2.1.6. Mediate the Organizational Context with the AI Adoption Intention: EC → OC → AI 
and TC → OC → AI

OC elements serve as mediators between AI adoption and sustainability performance, 
determining that firms with high digital capabilities and innovative cultures are more 
effective in leveraging AI to improve sustainability performance [34]. Research by [28] 
empirically supports the impact of EC on machine learning adoption, both as a predictor 
and by suggesting that external pressures can lead to hasty adoption of ML when the firm 
is not yet ready to adapt to it. Consequently, the presence of OC enhances the elements of 
TC, EC, and AI, making it essential in the AI adoption process. However, OC as a mediating 
variable between EC and AI has not been fully explored [34]. Consequently, the following 
hypotheses are proposed:

H7a.  OC is a mediating variable in the positive relationship between EC and AI adoption intention.

H7b.  OC is a mediating variable in the positive relationship between TC and AI adoption intention.

2.1.7. Mediation of the Environmental and Organizational Context with the AI Adoption 
Intention: TC → EC → OC → AI

AI adoption in organizations cannot be understood solely as a process driven by techno-
logical advancement but is mediated by a complex set of environmental and organizational 
factors that act as facilitators or barriers in this process [11]. Environmental factors such as 
competitive, commercial, and political pressures, and government regulations influence 
how organizations perceive and adopt AI technologies [12,41]. Simultaneously, the or-
ganizational context, which includes factors such as top management support, employee 
capabilities, or financial availability, determines an organization’s ability to effectively inte-
grate and leverage new AI solutions. The proposed model is shown in Figure 1, and the 
hypotheses are summarized in Table 1.
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H8. EC and OC are mediating variables in the positive relationship between TC and AI 
adoption intention.

Figure 1. Second-order trajectory model B—Adop_AI.

Table 1. Hypotheses raised.

Hypothesis Relationship Authors Effect

H1 EC has a direct and positive influence on OC [20,27] positive
H2 TC has a direct and positive influence on OC [38,39] positive
H3 TC has a direct and positive influence on EC [3,18,24] positive

H4 TC has a direct and positive influence on AI 
adoption intention [20,40] positive

H5 EC has a direct and positive influence on AI 
adoption intention [35,41] positive

H6 OC has a direct and positive influence on AI 
adoption intention [22,35] positive

H7a OC is a mediating variable in the positive 
relationship between EC and AI adoption intention. [28,34] positive

H7b OC is a mediating variable in the positive 
relationship between TC and AI adoption intention. [28,34] positive

H8 EC and OC are mediating variables in the positive 
relationship between TC and AI adoption intention. [37,41] positive

3. Methods and Results
The study initially drew on the “Super Databases” platform due to its extensive cov-

erage of firm-level information in the country. After refining the dataset, 1080 firms were 
identified as eligible for the study. A simple random sampling technique was employed, 
ensuring equal selection probability for all units in the target population [45,46]. From this 
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population, a sampling frame of 511 firms across the analyzed sectors was established, and 
a structured questionnaire was distributed via email using Google Forms, with follow-up 
contact conducted through phone calls and messaging platforms such as WhatsApp or 
LinkedIn. We acknowledge that the detailed records of the random-selection procedure 
used to draw the 511-firm sampling frame from the 1080 eligible firms (e.g., the random-
ization seed and firm-by-firm selection log) are no longer available, so this step cannot be 
documented beyond confirming that simple random sampling was applied; this limitation 
is also noted in Section 5.

Firms were not stratified by legal structure, revenue level, or number of employees, 
and all identified sectors were included. Respondents comprised a mix of managerial 
or decision-influencing roles (owners, shareholders, managers, administrators, directors, 
heads of department, and coordinators; 49.7%) and employee and/or administrative staff 
(50.3%); the implications of this composition are examined in Section 3.6. After data 
cleaning, unreliable or inconsistent responses were removed, resulting in a final sample 
of 302 firms. This represents a response rate of 59.1% relative to the sampling frame. To 
ensure representativeness and rule out non-response bias, a t-test was conducted comparing 
early and late respondents; no significant differences were found (p > 0.05), suggesting 
that the sample shows no evidence of significant non-response bias across subsectors such 
as IT, construction, healthcare, and education, among others. Stratified sampling by legal 
structure, revenue, or firm size was not employed because the study’s exploratory objective 
was to capture AI adoption intention across the broadest possible cross-section of the 
target population rather than to produce sector-specific estimates; simple random sampling 
was therefore considered appropriate at this stage. We acknowledge, however, that this 
choice has consequences for sectoral representativeness, which we address explicitly in the 
Limitations section.

Regarding statistical power, recommended sample sizes for Structural Equation Mod-
eling (SEM) typically range between 200 and 400 observations [47]. The required min-
imum sample size was assessed using the inverse square root method [48], expressed 
as: nmin  > (2.486/|pmin |)2 ; assuming a 5% significance level and a minimum path coeffi-
cient of 0.2, the estimated minimum sample size was 155. Therefore, the final sample of 
302 observations is sufficient to test the proposed structural relationships with 80% statistical 
power [48].

To address potential common method bias (CMB) inherent in cross-sectional self-
reported data, two approaches were used. Procedurally, the questionnaire guaranteed 
respondent anonymity and emphasized that there were no right or wrong answers to 
reduce social desirability bias. Statistically, a full collinearity assessment approach was 
employed. The variance inflation factors (VIF) for all constructs in the inner model were 
below the 3.3 threshold, indicating that the study is free from common method bias [48]. 
The analytical phase was carried out using the partial least squares structural equation 
modeling (PLS-SEM) method with higher-order double mediation. This approach allows 
for verification of the reliability and validity of the results using consistent and composite 
reliability indicators (α > 0.7; ρa,ρc > 0.7), discriminant and convergent validity (AVE > 0.5; 
HTMT < 0.85) [47]. The target audience as Colombian companies in the manufacturing, 
services, and commercial sectors. Data were collected through instruments validated in 
previous technology adoption studies, using 5-point Likert scales.

The methodology includes a higher-order double mediation analysis to identify indi-
rect effects [49]. Double mediation in PLS-SEM integrates two mediating constructs that 
intervene in the relationship between an exogenous construct and an endogenous one. In 
this type of analysis, the effect of the independent variable is transmitted through multiple 
mediators, allowing the impact to be broken down into different indirect pathways [50]. 
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Incorporating double mediation into the model provides a deeper understanding of the 
mechanisms of influence, allowing us to examine how different interrelated factors act 
simultaneously to explain a given outcome [51,52].

Studies confirm that the organizational and environmental context acts as a mediator 
in the adoption of AI and that this mediating effect is moderated by internal and external 
environmental factors [28,34,53]. Regarding employee skills, they are a mediating element 
in the adoption of new technologies, even influencing employee retention [54]. Finally, 
the study by [24] found a partial mediation of financial aspects between technology and 
innovation. To build predictive models, pilot tests (20 surveys) and validations by AI 
experts were conducted, along with a Kolmogorov–Smirnov test for data normality. Table 2 
presents demographic results of the sample.

Table 2. Characteristics of companies and participants by sector.

Sector to Which the Company Belongs

Manufacture % Trade % Services %

Count Count Count

Time of incorporation of 
the company

Less than 1 year 1 4.2% 6 7.6% 13 6.5%
Between 1 and 6 years 3 12.5% 23 29.1% 41 20.6%

Between 7 and 12 years old 4 16.7% 19 24.1% 28 14.1%
Between 13 and 19 years old 3 12.5% 8 10.1% 21 10.6%

More than 20 years 13 54.2% 23 29.1% 96 48.2%

Total 24 8% 79 26% 199 66%

Company classification

Micro (0–10 workers) 4 16.7% 49 62.0% 58 29.1%
Small (11–50 workers) 5 20.8% 12 15.2% 22 11.1%

Medium (51–200 workers) 4 16.7% 13 16.5% 28 14.1%
Large (more than 200 workers) 11 45.8% 5 6.3% 91 45.7%

Total 24 8% 79 26% 199 66%

Participant’s gender Male 8 33.3% 35 44.3% 121 60.8%
Female 16 66.7% 44 55.7% 78 39.2%

Total 24 8% 79 26% 199 66%

Educational level of 
the participant

Doctorate 0 0.0% 0 0.0% 8 4.0%
Mastery 5 20.8% 5 6.3% 36 18.1%

Specialization 8 33.3% 13 16.5% 42 21.1%
Professional 5 20.8% 39 49.4% 75 37.7%
Secondary 1 4.2% 0 0.0% 2 1.0%

Technical and Technological 5 20.8% 22 27.8% 35 17.6%
Basic Studies 0 0.0% 0 0.0% 1 0.5%

Total 24 8% 79 26% 199 66%

Role of the Participant in 
the Organization

Partner, shareholder or owner 2 8.3% 17 21.5% 25 12.6%
Manager and/or administrator 3 12.5% 13 16.5% 19 9.5%

Director 1 4.2% 4 5.1% 8 4.0%
Head of department or area 5 20.8% 9 11.4% 17 8.5%

Coordinator 6 25.0% 4 5.1% 17 8.5%
Employee and/or 

administrative 7 29.2% 32 40.5% 113 56.8%

Total 24 8% 79 26% 199 66%
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Table 2. Cont.

Sector to Which the Company Belongs

Manufacture % Trade % Services %

Count Count Count

Experience and Time in 
the Organization

Less than 1 year 4 16.7% 9 11.4% 41 20.6%
Between 1 and 6 years 7 29.2% 46 58.2% 86 43.2%

Between 7 and 12 years old 4 16.7% 13 16.5% 36 18.1%
Between 13 and 19 years old 7 29.2% 6 7.6% 18 9.0%

More than 20 years 2 8.3% 5 6.3% 18 9.0%

Total 24 8% 79 26% 199 66%

Level of knowledge and use of 
Artificial Intelligence (AI) 

technologies

High 0 0.0% 3 3.8% 21 10.6%
Advanced 0 0.0% 0 0.0% 11 5.5%

Low 14 58.3% 30 38.0% 66 33.2%
Half 8 33.3% 38 48.1% 84 42.2%
None 2 8.3% 8 10.1% 17 8.5%

Total 24 8% 79 26% 199 100%

Note. Percentages are calculated within each sector column (e.g., 113/199 = 56.8% of respondents 
in the services sector); across the full sample, 152 of 302 respondents (50.3%) are employee and/or 
administrative staff.

3.1. Validation of the Measurement Model
The measurement instruments were developed based on scales previously validated 

in the literature and widely used in studies on technology adoption and organizational 
behavior. All items were originally formulated in English and subsequently translated into 
Spanish through a back-translation process to ensure semantic equivalence and content 
validity within the study context. The translated version was reviewed by a panel of three 
subject matter experts to assess clarity, relevance, and contextual appropriateness for the 
target population. Before full data collection, a pilot test was conducted with 20 participants 
to evaluate the comprehensibility and reliability of the items, resulting in minor wording 
adjustments. Cronbach’s alpha values in the pilot study exceeded 0.70, confirming the initial 
reliability of the Spanish scales before their full distribution. These procedures ensured 
that the measurement instruments were both linguistically and conceptually appropriate 
for the study’s empirical context. The complete questionnaire is presented in Appendix A 
(Table A1).

Initially, the research dimensions were treated as independent (first order) constructs, 
then for each hypothesized relationship of the construct, they were related to the higher 
order for each dimension, arriving at the 3 s-order constructs, where the two-stage method 
was used. In the second stage, the scores of the latent variables were determined using 
them as indicators of the second-order constructs, thus eliminating the need for the first 
order of measurement for modeling purposes. The exploratory nature of the study and the 
consideration of OC as a mediating variable require a PLS-SEM analysis. The technological, 
organizational, and environmental contexts are independent variables or predictors that 
influence AI Adoption Intention. This is a consistent approach under the TOE framework, 
where these contexts explain adoption behavior by being determinants (associated factors) 
of the AI Adoption Intention. All three second-order constructs (TC, OC, EC) were speci-
fied as reflective-reflective higher-order constructs, consistent with the reflective nature of 
their underlying first-order dimensions, and were estimated using the repeated-indicators 
approach in Stage I, whereby each first-order indicator loads simultaneously on its own 
first-order dimension and, for diagnostic purposes, on the corresponding second-order 
construct. Stage I loadings and cross-loadings were computed to verify that each indica-
tor’s primary loading on its own dimension exceeded its cross-loading on the higher-order 
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construct, prior to extracting latent variable scores for the Stage II structural model. All 
analyses were conducted in SmartPLS 4.1. The supplementary sensitivity analysis reported 
in Section 3.6 was conducted outside SmartPLS, using Python (NumPy/SciPy). The tested 
model is shown in Figure 2.

Figure 2. Tested model.

3.2. Reliability and Validity of the Measurement Model
Table 2 shows the reliability of the scales measuring the adoption of emerging AI 

technologies in relation to technological, organizational, and external environments. Cron-
bach’s alpha, the composite reliability index (CI), and the average variance extracted (AVE) 
are determined.

In the Stage I repeated-indicators analysis reported in Table 3, each indicator’s loading 
on its own first-order dimension exceeded 0.70 in nearly all cases, while cross-loadings on 
the corresponding second-order construct—computed only for diagnostic purposes at this 
stage—ranged lower, from 0.625 to 0.699 in a small number of items; this pattern is expected 
under the repeated-indicators method and does not indicate a reliability problem, since 
the second-order structural model is estimated from Stage II latent variable scores rather 
than from these first-stage cross-loadings. In the Stage II higher-order measurement model 
reported in Table 3b, all factor loadings exceeded the threshold of 0.70 (0.716–0.928) [55], 
and the Fornell and Larcker test confirmed the composite reliability (CR > 0.70) and AVE 
values between 0.704 and 0.843, exceeding the threshold of 0.50 [50]. These results confirm 
convergent validity and high internal consistency between the constructs at the level relevant 
to the structural model. Note that AI, also reported in Table 3b for reference, is not modeled 
as a higher-order construct like TC, EC, and OC; it is the first-order reflective outcome 
construct (AI adoption intention).
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Table 3. (a) Results, reliability and validity of the measurement model—Stage I. (b) Results, reliability 
and validity of the measurement model—Stage II (higher-order constructs).

(a)

Latent 
Variable Indicators Loads/

Weights t-Statistic p-Value Cronbach’s 
Alpha

Reliability 
Composite 

(rho_a)

Reliability 
Composite 

(rho_b)

Average 
Variance 
Extracted 

(AVE)

Competitive 
pressure

EPC1 ← EPC 0.767 25.009 <0.001

0.908 0.911 0.932 0.733

EPC1 ← OC 0.651 15.893 <0.001
EPC2 ← EPC 0.843 25.847 <0.001
EPC2 ← OC 0.742 36.870 <0.001
EPC3 ← EPC 0.896 64.470 <0.001
EPC3 ← OC 0.746 26.103 <0.001
EPC4 ← OC 0.770 76.686 <0.001
EPC4 ← EPC 0.908 24.992 <0.001
EPC5 ← OC 0.747 20.003 <0.001
EPC5 ← EPC 0.858 33.170 <0.001

Government 
policies and 
regulations

EPG1 ← OC 0.671 27.909 <0.001
EPG1 ← GR 0.820 18.394 <0.001
EPG2 ← GR 0.876 43.431 <0.001
EPG2 ← OC 0.628 13.580 <0.001
EPG3 ← OC 0.625 36.071 <0.001
EPG3 ← GR 0.881 12.910 <0.001 0.923 0.924 0.942 0.766
EPG4 ← OC 0.685 14.707 <0.001
EPG4 ← GR 0.908 66.209 <0.001
EPG5 ← OC 0.664 54.831 <0.001
EPG5 ← GR 0.889 15.881 <0.001

Pressure from 
trading 
partners

EPS1 ← OC 0.823 41.068 <0.001
EPS1 ← EPS 0.870 55.002 <0.001
EPS2 ← EPS 0.908 62.119 <0.001
EPS2 ← OC 0.806 30.697 <0.001
EPS3 ← EPS 0.899 54.961 <0.001 0.895 0.914 0.924 0.712
EPS3 ← OC 0.791 26.297 <0.001
EPS4 ← EPS 0.636 11.436 <0.001
EPS5 ← OC 0.814 47.732 <0.001
EPS5 ← EPS 0.875 33.247 <0.001

AI adoption 
intention

AI1 ← AI 0.871 49.069 <0.001
AI2 ← AI 0.920 84.660 <0.001
AI3 ← AI 0.889 57.217 <0.001 0.928 0.930 0.946 0.777
AI4 ← AI 0.907 68.319 <0.001
AI5 ← AI 0.816 22.419 <0.001

Support from 
senior 

management

OAD1 ← OC 0.786 43.449 <0.001
OAD1 ← OAD 0.894 29.872 <0.001
OAD2 ← OAD 0.924 60.587 <0.001
OAD2 ← OC 0.810 33.275 <0.001
OAD3 ← OC 0.768 42.191 <0.001

OAD3 ← OAD 0.870 26.524 <0.001 0.943 0.943 0.956 0.813
OAD4 ← OC 0.795 32.745 <0.001

OAD4 ← OAD 0.905 44.408 <0.001
OAD5 ← OC 0.820 76.661 <0.001

OAD5 ← OAD 0.915 42.777 <0.001
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Table 3. Cont.

Financial 
support

OAF1 ← OAF 0.903 61.971 <0.001
OAF1 ← OC 0.797 31.782 <0.001

OAF2 ← OAF 0.921 31.808 <0.001
OAF2 ← OC 0.799 76.178 <0.001

OAF3 ← OAF 0.931 36.012 <0.001
OAF3 ← OC 0.819 90.611 <0.001 0.937 0.939 0.952 0.800
OAF4 ← OC 0.732 21.514 <0.001

OAF4 ← OAF 0.802 27.202 <0.001
OAF5 ← OC 0.791 55.517 <0.001

OAF5 ← OAF 0.908 31.151 <0.001

Employee 
capabilities

OCE1 ← OCE 0.881 19.860 <0.001
OCE1 ← OC 0.698 45.060 <0.001
OCE2 ← OC 0.680 59.565 <0.001

OCE2 ← OCE 0.898 17.722 <0.001
OCE3 ← OC 0.659 16.315 <0.001

OCE3 ← OCE 0.868 41.591 <0.001 0.929 0.930 0.946 0.779
OCE4 ← OCE 0.887 16.115 <0.001
OCE4 ← OC 0.670 52.238 <0.001
OCE5 ← OC 0.658 14.262 <0.001

OCE5 ← OCE 0.880 29.341 <0.001

Perceived 
compatibility

TCT1 ← TC 0.721 21.862 <0.001
TCT1 ← TCT 0.774 27.710 <0.001
TCT2 ← TCT 0.753 23.461 <0.001
TCT2 ← TC 0.672 17.407 <0.001

TCT3 ← TCT 0.765 18.939 <0.001
TCT3 ← TC 0.680 25.575 <0.001 0.886 0.890 0.913 0.638
TCT4 ← TC 0.814 51.798 <0.001

TCT4 ← TCT 0.859 42.509 <0.001
TCT5 ← TC 0.738 21.875 <0.001

TCT5 ← TCT 0.816 31.223 <0.001
TCT6 ← TC 0.776 31.454 <0.001

TCT6 ← TCT 0.819 27.112 <0.001

Relative 
advantage

TVR1 ← TC 0.677 16.542 <0.001
TVR2 ← TVR 0.828 41.421 <0.001
TVR2 ← TC 0.777 30.250 <0.001

TVR3 ← TVR 0.834 27.534 <0.001
TVR3 ← TC 0.715 21.348 <0.001
TVR4 ← TC 0.691 17.847 <0.001

TVR4 ← TVR 0.809 28.359 <0.001 0.889 0.890 0.918 0.692
TVR5 ← TVR 0.852 21.095 <0.001
TVR5 ← TC 0.719 37.696 <0.001

TVR6 ← TVR 0.834 40.448 <0.001
TVR6 ← TC 0.784 30.627 <0.001

(b)

AVE rho_c rho_a Cronbach’s 
Alpha p-Value t-Statistic Loading Indicator Latent 

Variable

0.703 0.875 0.825 0.787 <0.001 17.277 0.716 EPG ← EC EC
<0.001 51.580 0.866 EPC ← EC EC
<0.001 92.049 0.920 EPS ← EC EC

0.712 0.881 0.817 0.797 <0.001 83.190 0.889 OAD ← OC OC
<0.001 43.804 0.873 OAF ← OC OC
<0.001 23.633 0.765 OCE ← OC OC

0.843 0.915 0.822 0.814 <0.001 104.026 0.928 TCT ← TC TC
<0.001 50.641 0.908 TVR ← TC TC

0.777 0.946 0.929 0.928 <0.001 49.047 0.871 IA1 ← AI AI
<0.001 84.483 0.920 IA2 ← AI AI
<0.001 57.368 0.889 IA3 ← AI AI
<0.001 68.258 0.907 IA4 ← AI AI
<0.001 22.466 0.816 IA5 ← AI AI
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3.3. Convergent and Discriminant Validity
Discriminant validity was assessed using the HTMT (heterotrait–monotrait) matrix, 

whose values must be less than 0.85 (strict criterion) or 0.9 (more flexible criterion) [47]. 
As Table 4 shows, all HTMT values are below the threshold of 0.85, confirming that the 
constructs are conceptually distinct from each other.

Table 4. Heterotrait-monotrait (HTMT) ratio criterion.

Latent Variable EC AI OC TC

EC
AI 0.793
OC 0.799 0.819
TC 0.676 0.662 0.841

The criterion establishes that a construct must share more variance with its indicators 
than with other constructs, the diagonal values (square roots of the AVE) are greater than 
the correlations between constructs, which confirms the discriminant validity according to 
this criterion, as shown in Table 5 [56].

Table 5. Fornell–Larcker discriminant validity.

Variable EC AI OC TC

EC 0.839
AI 0.686 0.881
OC 0.636 0.781 0.844
TC 0.557 0.575 0.684 0.918

In Table 5 it is determined that the values of the diagonal in comparison with its rows 
and columns are greater, then it is validated that the constructs differ from each other being 
independent of each other [56].

3.4. Endogeneity Analysis
Endogeneity in PLS-SEM occurs when an explanatory variable is correlated with 

the error term, which can lead to biased parameter estimates and compromised causal 
inferences [57,58]. In this study, addressing endogeneity was essential because factors 
influencing AI adoption, such as technological readiness and environmental pressure, are 
often intertwined with unobserved organizational characteristics that are not captured in 
the model (omitted variable bias). Furthermore, since the data are based on respondents’ 
perceptions (a mix of managerial and non-managerial staff; see Section 3.6), there is a 
risk that their overall attitude toward innovation could simultaneously influence both 
perceived benefits (CT) and AI Adoption Intention creating a correlation that could inflate 
the path coefficients.

To mitigate these risks and ensure the robustness of the findings, a Gaussian copula 
approach was employed. This method was specifically chosen because, unlike traditional 
instrumental variable (IV) techniques, it does not require searching for external instruments, 
which are often difficult to identify in management research. Furthermore, Gaussian copulas 
are ideal for PLS-SEM, as they relax the normality assumptions, adapting to the typical 
non-normal distribution of latent variable scores [57,59]. The results of the endogeneity 
test are reported in Table 6.
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Table 6. Endogeneity test with Gaussian copulas for AI.

Latent Variable Indicators Sample Mean 
(M)

Standard 
Deviation 
(STDEV)

Statistics t 
(|O/STDEV|) p-Values

AI
GC (OC → AI) → AI 0.308 0.285 1.022 0.307
GC (TC → AI) → AI 0.171 0.146 1.260 0.208
GC (EC → AI) → AI −0.521 0.270 1.979 0.064

By applying this correction, potential distortions in the estimated path coefficients 
caused by omitted variables or endogenous measurement error are mitigated, allowing the 
resulting structural relationships to be interpreted with greater confidence as estimated 
effects within the specified model, net of the specific form of endogeneity addressed by 
the Gaussian copula procedure. We note that this procedure does not establish temporal 
ordering or convert our cross-sectional observational design into a causal one; it addresses 
a specific statistical threat to inference (endogeneity bias from omitted variables) rather 
than causal identification more broadly. The fact that the structural relationships remained 
stable and significant after the Gaussian copula transformation provides empirical evidence 
of the model’s robustness to this specific threat, and indicates that the observed mediating 
associations of organizational and environmental contexts are unlikely to be artifacts of this 
form of endogeneity bias. This reinforces the credibility of our conclusions regarding the 
role of these contexts in the AI adoption process [60].

Accordingly, the test results indicate that the target variable AI (intention to use AI) is 
not significant; therefore, there is no evidence of endogeneity. The Variance Inflation Factor 
(VIF) values in Table 7 complement the data, which express the absence of collinearity in 
the research results.

Table 7. Multicollinearity assessment using VIF.

Variable EC AI EC TC

EC 1.762 1.449
AI
OC 2.284
TC 1.000 1.971 1449

3.5. Evaluation of the Structural Model and Mediating Variables
In the analysis of the structural model, we determine the linearity between the struc-

tural variables present in the model [61]. With this, we proceed to evaluate the structural 
model, once the assumptions of the measurement model have been confirmed by analyz-
ing 4 aspects: evaluation of collinearity, evaluation of the algebraic sign, magnitude and 
statistical significance of the Path coefficients, evaluation of R2  and the predictive power 
Q2 . The VIF is used, applying the more conservative threshold of 3.3 recommended for full 
collinearity testing that also addresses common method bias [50], rather than the more 
permissive threshold of 5 sometimes used for structural-model collinearity alone. Subse-
quently, the Bootstrap process is run with 10,000 subsamples to determine the significance 
of the standardized regression weights [62,63]. Table 7 shows that all VIF values range from 
1.000 to 2.284, well below both thresholds; therefore, there is no multicollinearity present in 
the structural model.

To determine the magnitude of each latent variable’s contribution to the variance of 
the endogenous latent variables, the path coefficient or standardized regression coefficient 
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is used. The proposed hypotheses are evaluated using the coefficient, sign, and statistical 
significance obtained.

A significant relationship is present since the p-values are less than 0.05, indicating 
that the relationships are statistically significant. In this case, all relationships are, except 
TC → AI. Higher coefficients indicate a stronger relationship, such as TC → EC, which has 
the highest coefficient (0.557), suggesting a very strong relationship. In terms of model 
accuracy, high t-values (greater than 1.96) indicate precise relationships. Table 8 shows that 
all significant relationships have high t-values, except TC → AI, which indicates that the 
hypothesis is not supported by the research.

Table 8. Relationship of variables and validation of the hypotheses.

Relationship H
Original 

Coefficient 
(O)

Media (M)
Standard 
Deviation 
(STDEV)

t Values 
(IO/STDEV)

Confidence 
Interval 2.5%

Confidence 
Interval 
97.5%

p-Values Supported

EC → OC H1 0.370 0.368 0.065 5.69 0.239 0.491 <0.001 Supported

TC → OC H2 0.478 0.48 0.061 7.834 0.359 0.599 <0.001 Supported

TC → EC H3 0.557 0.559 0.050 11.15 0.456 0.657 <0.001 Supported

TC → AI H4 0.073 0.073 0.060 1.210 −0.045 0.193 0.226 Not 
Supported

EC → AI H5 0.370 0.366 0.071 5.242 0.227 0.502 <0.001 Supported

OC → AI H6 0.433 0.437 0.065 6.645 0.437 0.566 <0.001 Supported

EC → OC →
AI H7a 0.160 0.161 0.039 4.153 0.091 0.241 <0.001 Supported

TC → OC →
AI H7b 0.207 0.209 0.04 5.142 0.135 0.293 <0.001 Supported

TC → EC →
OC → AI H8 0.089 0.09 0.022 3.993 0.05 0.136 <0.001 Supported

TC → EC →
AI

Additional 
specific 

indirect effect 
(not hypothe-

sized)

0.206 0.204 0.043 4.818 0.124 0.293 <0.001 Supported

Likewise, the study of structural relationships is determined by indices such as the 
explained variance R2  and the Stone—Geisser Text Q2 , which measures the predictive 
capacity of the model and is obtained through the blindfolding procedure. (cross-validation 
with data omission) [64]. The explained variance of the endogenous variables R2  must 
be equal to or greater than 0.1, and the interpretation of Q2  indicates that if Q2  > 0 → The 
model has predictive relevance for the endogenous variable and if Q2 ≤ 0 → The model 
lacks predictive relevance, suggesting that the explanatory variables do not predict the 
dependent variable well [65]. The Q2  results are reported in Table 9.

Table 9. Geisser test.

Build R2 Q2 

EC 0.310 0.302
AI 0.607 0.323
OC 0.562 0.463

The coefficient of determination (R2 ) for EC indicates that the model explains 31% 
of the variance in this construct. The AI construct presents a high explanatory power 
(R2  = 0.60) and the OC construct an R2  of 0.562, indicating that the model explains more 
than half of the variance in both dependent constructs. In addition, the Q2  values obtained 
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through the blindfolding procedure are greater than zero for all endogenous constructs 
(Q2  = 0.463 for OC), which, following standard PLS-SEM practice, indicates that the model 
has predictive relevance for these constructs. We note that Q2  is a measure of in-sample 
predictive relevance rather than a percentage of variance explained, and that a Q2  value 
closer to its corresponding R2  should not, by itself, be interpreted as evidence of superior 
out-of-sample predictive performance; establishing such performance would require a 
dedicated out-of-sample procedure such as PLSpredict, which we identify as a direction for 
future validation of this model.

The results shown in Table 8 reveal that EC (Competitive pressure; Partner pressure; 
Government regulatory issues) (β = 0.370; p < 0.001) has an influence on the AI Adoption 
Intention, just as CE has an influence on OC (Top Management support, Employee capability, 
Perceived availability of financial support) (β = 0.370; p < 0.001), in turn OC has a direct 
influence on AI) (β = 0.433; p < 0.001). Therefore, it was shown that hypotheses H1, H5 
and H6 are statistically acceptable. TC (perceived compatibility, relative advantage) has a 
direct influence on OC (β = 0.478; p < 0.001 and EC (β = 0.557; p < 0.001). However, TC in 
relation to AI adoption was insignificant (β = 0.073; p = 0.226), therefore Hypothesis H4 
is rejected. This conclusion depends on how broadly the dependent construct is specified 
(see Section 3.7).

Regarding the mediating variables, the mediating effect of OC between EC & AI 
(β = 0.160; p < 0.001) and of OC between TC & AI (β = 0.207; p < 0.001) are identified. 
In turn, the double higher-order mediation of EC and OC between TC & AI is identified 
(β = 0.089; p < 0.001), confirming hypotheses H7a, H7b, and H8.

3.6. Sensitivity Analysis: Robustness to Respondent Role (Key-Informant Check)
Because a substantial share of respondents (152 of 302, 50.3%) occupied a non-

managerial, administrative role rather than an explicit managerial or decision-influencing 
position, we conducted a post hoc sensitivity analysis to assess whether this heterogeneity in 
respondent seniority affects the substantive conclusions of the study. Respondents were split 
into a managerial/decision-influencing group (partner/shareholder/owner, manager/ad-
ministrator, director, head of department, or coordinator; n = 150) and a non-managerial 
group (employee and/or administrative staff; n = 152). The two groups differed signifi-
cantly in industry-sector composition (χ2 (2) = 10.67, p = 0.005) and firm-size composition 
(χ2 (3) = 15.76, p = 0.001), which is expected given that seniority correlates with firm 
structure, and is reported here for transparency.

We first compared construct-level means between groups using Welch’s t-test and the 
Mann–Whitney U test (Table 10). Managerial respondents reported significantly higher 
AI Adoption Intention (M = 3.62 vs. 3.37; t(293.5) = 2.49, p = 0.013; Mann–Whitney 
p = 0.028; Cohen’s d = 0.29) and higher perceived top-management support (M = 3.58 vs. 
3.33; t(295.0) = 2.43, p = 0.016; d = 0.28) than non-managerial respondents, whereas non-
managerial respondents perceived significantly stronger government regulatory pressure 
(M = 3.11 vs. 3.44; t(297.9) = −3.52, p < 0.001; d = −0.40). No other construct (TC, 
EC, OC, Employee Capability, Financial Availability, Technological Compatibility, Relative 
Advantage, Competitive Pressure, Partner Pressure) differed significantly between groups 
(all p > 0.14).
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Table 10. Construct-level group comparison (managerial vs. non-managerial respondents).

Construct M Managerial
(n = 150)

M 
Non-Managerial 

(n = 152)
Welch’s t p Mann–Whitney p Cohen’s d

AI (adoption 
intention) 3.62 3.37 2.49 0.013 0.028 0.29

Top management 
support 3.58 3.33 2.43 0.016 0.015 0.28

Government 
policy/regulation 3.11 3.44 −3.52 <0.001 0.001 −0.40

TC, EC, OC and 
remaining first-order 

dimensions
— — — all > 0.14 all > 0.09 <0.17

We then re-estimated the structural model’s three endogenous equations (EC on TC; 
OC on TC and EC; AI on TC, EC, and OC) separately within each group, using standardized 
composite scores as proxies for the second-order constructs, and tested path invariance 
through a moderated-regression specification with group × predictor interaction terms 
(Table 11). All hypothesized paths kept the same sign and remained significant (p < 0.001) 
in both groups, except TC → AI. That path was already the weakest in the full sample 
(β = 0.073, p = 0.226; Table 8): it stayed non-significant among non-managerial respon-
dents (β = 0.019, p = 0.790) and was only marginally significant among managerial ones 
(β = 0.150, p = 0.032). None of the group × predictor interaction terms reached conventional 
significance (all p ≥ 0.085), including for TC → AI.

Table 11. Path coefficients by respondent group and moderated-regression test of invariance.

Path 𝛃 Managerial 𝛃 Non-Managerial Interaction t Interaction p

TC → EC (H3) 0.452 *** 0.619 *** −1.73 0.085
TC → OC (H2) 0.539 *** 0.410 *** 1.39 0.167
EC → OC (H1) 0.357 *** 0.395 *** −0.41 0.681
TC → AI (H4) 0.150 * 0.019 (ns) 1.30 0.193
EC → AI (H5) 0.335 *** 0.428 *** −0.98 0.328
OC → AI (H6) 0.335 *** 0.479 *** −1.33 0.185

Note. * p < 0.05, *** p < 0.001. Interaction t = difference in the standardized coefficient (managerial 
minus non-managerial) from the pooled model with group × predictor terms. Joint F-tests of the 
interaction terms per equation: EC equation F(1,298) = 2.98, p = 0.085; OC equation F(2,296) = 1.04, 
p = 0.353; AI equation F(3,294) = 1.58, p = 0.194.

Taken together, managerial and non-managerial respondents differ somewhat in the 
reported level of AI adoption intention and top-management support, a pattern consistent 
with managerial respondents’ closer proximity to strategic decision-making. The pattern 
and strength of the hypothesized relationships among TC, EC, OC, and AI are not statistically 
distinguishable between the two groups. This provides empirical reassurance against the 
key-informant concern raised by the sample’s 50.3% non-managerial share. We note that 
this is a composite-score, regression-based robustness check rather than a formal PLS-SEM 
multigroup analysis (MGA) with prior measurement-invariance (MICOM) testing.

3.7. Sensitivity Analysis: Narrower Specification of AI Adoption Intention
Items AI3 (recommending AI to other companies), AI4 (developing internal skills) 

and AI5 (collaborating with external partners) arguably capture constructs adjacent to 
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the focal firm’s own intention to adopt AI (see Section 5), and statistical loadings alone 
do not establish content validity. We therefore re-estimated the structural model with 
three alternative composites of the dependent construct: a narrow specification restricted 
to the two items that refer directly to the organization’s intention to adopt and regularly 
use AI (AI1–AI2; inter-item r = 0.78), a specification excluding only AI3 (AI1, AI2, AI4, 
AI5), and a specification retaining AI1–AI3. As in Section 3.6, the estimates are OLS-based 
path coefficients on standardized composite scores rather than SmartPLS estimates, with 
5000-sample percentile bootstrap intervals for the indirect effects (Tables 12 and 13).

Table 12. Direct effects on AI Adoption Intention under alternative specifications of the dependent 
construct (standardized coefficients and p-values).

Specification of AI R2 TC → AI (H4) EC → AI (H5) OC → AI (H6)

Full construct (AI1–AI5) 0.592 0.098 (p = 0.057) 0.349 (p < 0.001) 0.428 (p < 0.001)
Narrow (AI1–AI2) 0.509 0.145 (p = 0.011) 0.297 (p < 0.001) 0.376 (p < 0.001)

Excluding AI3 (AI1, AI2, AI4, AI5) 0.592 0.089 (p = 0.084) 0.342 (p < 0.001) 0.441 (p < 0.001)
Excluding AI4 and AI5 (AI1–AI3) 0.534 0.141 (p = 0.010) 0.321 (p < 0.001) 0.376 (p < 0.001)

Table 13. Indirect effects on AI Adoption Intention under alternative specifications of the dependent 
construct (estimate and 95% bootstrap interval).

Specification of AI EC → OC → AI (H7a) TC → OC → AI (H7b) TC → EC → OC → AI (H8)

Full construct (AI1–AI5) 0.154 [0.086, 0.235] 0.208 [0.131, 0.305] 0.082 [0.044, 0.128]
Narrow (AI1–AI2) 0.136 [0.069, 0.215] 0.183 [0.103, 0.283] 0.072 [0.035, 0.118]

Excluding AI3 (AI1, AI2, AI4, AI5) 0.159 [0.088, 0.239] 0.214 [0.134, 0.308] 0.085 [0.045, 0.131]
Excluding AI4 and AI5 (AI1–AI3) 0.135 [0.069, 0.216] 0.183 [0.104, 0.280] 0.072 [0.036, 0.119]

EC → AI and OC → AI remained positive and significant (p < 0.001) under every 
specification, and the indirect effects H7a, H7b and H8 kept 95% bootstrap intervals that 
exclude zero. The only conclusion sensitive to the specification is the direct effect TC → AI 
(H4). It was positive throughout but not significant under the full construct (β = 0.098, 
p = 0.057) or the AI3-excluded composite (β = 0.089, p = 0.084), and became significant 
under the narrow (β = 0.145, p = 0.011) and AI1–AI3 (β = 0.141, p = 0.010) composites. The 
rejection of H4 reported in Table 8 should therefore be read as dependent on the breadth 
of the dependent construct rather than as evidence of a robustly null direct technological 
effect. Two cautions apply: the OLS proxy for the full construct yields p = 0.057 for TC → AI, 
against p = 0.226 in the SmartPLS estimation of Table 8, so the proxy is more liberal than 
the PLS estimates, and re-estimating these specifications in SmartPLS is recommended for 
future work.

4. Discussion
The empirical evidence indicates that, within emerging economies, artificial intelli-

gence (AI) adoption does not constitute a linear decision driven exclusively by technological 
attributes. Instead, it reflects a multilevel process of institutional legitimization and or-
ganizational capability alignment. Although environmental pressures such as increasing 
customer sophistication, competitive dynamics, and evolving regulatory frameworks func-
tion as catalysts within the Environmental Context (EC), their influence does not translate 
directly into AI adoption intention. Rather, these pressures generate competitive urgency 
that must be internalized and operationalized through the Organizational Context (OC) to 
become strategically actionable. In practice, this internalization is not automatic; it depends 
on specific organizational mechanisms rather than the mere presence of environmental 
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pressure. Three such mechanisms appear particularly relevant in our findings. First, top-
management support functions as a decision-making routine that translates external signals 
(e.g., competitive or regulatory pressure) into resource allocation for AI initiatives; with-
out an explicit sponsorship process, environmental urgency dissipates before it reaches 
technology decisions. Second, employee capability-building routines—training programs, 
cross-functional AI task forces, or formal knowledge-sharing practices—convert perceived 
external pressure into feasible internal action, effectively operationalizing organizational 
readiness. Third, a cultural shift toward treating AI adoption as a strategic rather than 
purely technical initiative appears necessary for firms to reinterpret environmental signals 
as opportunities rather than threats. This reading is consistent with broader sociotech-
nical accounts of AI-driven organizational change, which similarly emphasize that AI’s 
impact on organizations is mediated by shifts in decision-making authority, labor struc-
tures, and institutional accountability rather than by technological capability alone [66]. 
This pattern of configurational, non-linear joint effects—rather than single-factor linear 
determinism—is consistent with recent evidence from other technology-related organiza-
tional outcomes: in a fuzzy-set qualitative comparative analysis of Chinese textile firms, 
no single organizational, technological, or environmental factor was individually neces-
sary for sustained green innovation outcomes, which instead emerged from synergistic 
combinations of conditions [67]. Although that study addresses green patenting rather 
than AI adoption and relies on a configurational rather than a mediation-based method, its 
central conclusion—that technological, organizational, and environmental factors operate 
jointly rather than in isolation—corroborates our own finding that TC alone is insufficient 
to explain adoption-related outcomes.

A central and theoretically significant finding of this study is the absence of a direct 
relationship between Technological Context (TC) and AI adoption intention. This outcome 
diverges from evidence reported in developed economies [21,42,68], where technological 
readiness, perceived relative advantage, and compatibility typically exert direct and sig-
nificant effects on adoption behavior. The present findings suggest that, in the Colombian 
emerging-market setting, technological attributes alone lack sufficient explanatory power 
to trigger adoption intention.

This phenomenon may be conceptualized as technological latency. In environments 
characterized by institutional voids, infrastructural asymmetries, regulatory ambiguity, and 
constrained access to specialized digital capabilities, technological characteristics do not 
automatically reduce uncertainty. Even when AI solutions are perceived as advantageous 
or compatible, high perceived risk and structural uncertainty inhibit their direct translation 
into strategic commitment. Under such conditions, technological potential remains dormant 
unless supported by complementary contextual mechanisms.

Two interrelated mechanisms help explain this absence of direct effect. First, institu-
tional gaps attenuate the signaling value of technological advantages. The absence of clear 
AI governance standards, data protection enforcement clarity, and stable digital infrastruc-
ture increases perceived implementation risk. Consequently, technological attributes fail to 
function as decisive signals capable of independently shaping adoption intention. Second, 
capability constraints within firms limit the internalization of technological opportunities. 
Insufficient absorptive capacity limited digital leadership, and scarcity of specialized human 
capital restrict the organization’s ability to convert technological potential into structured 
adoption strategies.

Within this framework, the influence of Technological Context becomes contingent 
upon sequential mediation processes. The empirical results indicate that TC exerts influence 
on AI adoption intention indirectly by first shaping Environmental Context perceptions and 
subsequently reconfiguring Organizational Context conditions. Technology thus operates 
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as a catalytic resource that stimulates environmental alignment and organizational pre-
paredness rather than as a direct behavioral driver. The mediating role of OC underscores 
the importance of managerial commitment, resource allocation, structural readiness, and 
cultural orientation toward innovation as conditions that facilitate the translation of techno-
logical awareness into strategic intent. For completeness, we report all pathways through 
which TC relates to AI adoption intention. In addition to the two previously discussed 
indirect pathways (TC → OC → AI, β = 0.207; and the full sequential path TC → EC → OC 
→ AI, β = 0.089), the specific indirect pathway TC → EC → AI is also statistically significant 
(β = 0.206, t = 4.818, p < 0.001, 95% CI [0.124, 0.293]). Summing these three specific indirect 
effects yields a total indirect effect of TC on AI adoption intention of 0.502; combined with 
the non-significant direct effect (β = 0.073), this produces a total effect of 0.575. Because 
the direct effect TC → AI is not statistically significant while the total indirect effect is, the 
pattern is consistent with full (indirect-only) mediation rather than partial mediation.

The positive association between Technological Context and Organizational Context 
further suggests that, in emerging markets, technological exposure contributes to capabil-
ity formation. Rather than functioning solely as an efficiency-enhancing tool, technology 
operates as a developmental mechanism that fosters learning dynamics, enhances digital 
competencies, and strengthens organizational commitment to innovation. In this sense, 
technological investment precedes adoption intention by building the organizational foun-
dations required for strategic implementation.

The observed pattern of total and sequential mediation indicates that, in institution-
ally constrained environments, environmental legitimacy and organizational readiness 
are not merely auxiliary facilitators but important contextual conditions associated with 
technological adoption. Technological attributes require external validation and internal 
alignment before influencing strategic intent. These findings challenge prior research [20] 
that reports direct technological effects and extends the TOE framework by introducing 
a contextual activation logic. Specifically, the explanatory power of technological factors 
appears contingent upon institutional stability and organizational capability maturity.

Overall, the findings suggest that AI adoption in emerging economies should not be 
conceptualized as a technology-push phenomenon. Instead, it represents an ecosystem-
mediated and organization-enabled transformation process, in which technological potential 
becomes effective only when supported by environmental legitimacy signals and internal 
capability development. This perspective highlights the importance of boundary conditions 
within the TOE framework and underscores the context-sensitive nature of technological 
adoption dynamics in Latin American business environments.

5. Conclusions
This study set out to answer two research questions. RQ1 asked how technological, 

organizational, and environmental contexts influence AI Adoption Intention in emerging-
economy firms; RQ2 asked to what extent organizational and environmental contexts 
mediate the relationship between technological context and AI adoption intention. In 
response to RQ1, the results show that the hypothesized direct relationships among the 
technological, organizational and environmental contexts were largely supported, whereas 
the hypothesized direct relationship between technological context and AI adoption in-
tention was not statistically significant. In response to RQ2, the analysis confirms that 
organizational and environmental contexts jointly and sequentially mediate the relationship 
between technological context and AI adoption intention, with the indirect pathway from 
technological to environmental to organizational context to AI adoption intention emerg-
ing as statistically significant. Taken together, these findings indicate that technological 
readiness is insufficient on its own as a condition for AI adoption intention among the 

https://doi.org/10.3390/su182111119

https://doi.org/10.3390/su182111119


Sustainability 2026, 18, 11119 22 of 30

firms studied, and that its translation into adoption intention depends on the sequential 
activation of environmental and organizational context.

Within the framework of digital technology adoption, understanding how technologi-
cal, organizational, and environmental contexts influence the AI Adoption Intention is even 
more necessary in emerging markets, given that these elements shape internal capabilities 
and external conditions that facilitate or restrict the incorporation of technologies, reducing 
the digital divide in developing economies. The main conclusion shows that, while the 
technological context provides the infrastructure and knowledge necessary for adoption, 
organizational factors such as top management support, employee capabilities, and finan-
cial availability, along with environmental factors such as competitive pressure, partner 
pressure, and policy and regulatory frameworks, can mediate the relationship between 
technological adoption, facilitating or blocking the conversion of technological capabilities 
into actual AI Adoption Intention. Therefore, identifying and analyzing these mediating ef-
fects is key to designing comprehensive strategies that promote the effective and sustainable 
adoption of AI in companies in developing countries. This study advances the literature 
on digital transformation and the adoption of artificial intelligence in emerging economies 
through three interrelated theoretical contributions. We use the term “sustainable adop-
tion” throughout this study to refer to adoption processes that are enduring, contextually 
appropriate, and responsibly managed—not to an empirically measured sustainability 
performance outcome, which this study does not assess. Establishing whether AI adoption 
intention, as modeled here, translates into measured environmental, social, or economic 
sustainability performance is an important direction for future research rather than a claim 
advanced by the present findings.

First, it reconceptualizes the Technology–Organization–Environment (TOE) framework 
by introducing a logic of contextual activation that challenges the traditional assumption 
of linear and direct technological effects. Rather than considering technological attributes 
as the primary determinants of adoption intention, the findings demonstrate that their 
influence depends on sequential mediation through environmental legitimacy and the 
development of organizational capabilities. The higher-order PLS-SEM approach reveals 
that the Technological Context functions as a catalytic, but not autonomous, resource in 
institutionally constrained environments. This expands the TOE framework by specifying 
the boundary conditions under which technological readiness does not directly translate 
into strategic intention, thereby refining the framework’s explanatory scope in environments 
characterized by uncertainty and capability asymmetries.

Second, the study addresses a significant geographical and institutional gap in the 
AI adoption literature by providing empirical evidence from an emerging Latin American 
economy. Most existing AI adoption models have been validated in advanced economies 
with stable regulatory systems, mature digital infrastructure, and abundant technology 
intermediaries. In contrast, the Colombian context illustrates how institutional gaps, regula-
tory ambiguity, and infrastructure fragmentation shape the structural relationships among 
adoption mechanisms. The findings demonstrate that, under such conditions, organizations 
rely more heavily on managerial leadership, cultural readiness, and competitive signaling to 
mitigate perceived risks. This contributes to contextualizing digital transformation theory 
and highlights the importance of institutional environments in shaping adoption dynamics.

Third, the study reframes the intention to adopt AI as a structurally mediated orga-
nizational commitment, rather than a purely technology-driven decision or a pursuit of 
efficiency. The evidence suggests that, in emerging markets, access to technological infras-
tructure is insufficient to guarantee adoption. In contrast, adoption depends on ecosystem 
alignment, including partner expectations, competitive intensity, and regulatory clarity. By 
empirically demonstrating total and sequential mediating effects, the study positions AI 

https://doi.org/10.3390/su182111119

https://doi.org/10.3390/su182111119


Sustainability 2026, 18, 11119 23 of 30

adoption as an interorganizational and systemic process in which environmental validation 
and internal readiness operate as important facilitating conditions. This reconceptualization 
offers a diagnostic perspective for policymakers and managers by identifying the specific 
contextual levers that must be strengthened to achieve effective digital transformation.

Taken together, these contributions promote an understanding of how technologi-
cal potential becomes strategically viable in institutionally constrained environments and 
provide a more contextualized explanation of AI adoption in developing economies.

This finding is consistent with Colombia’s institutional context: as noted in the theoret-
ical background, CONPES 3975 [43] and the Inter-American Development Bank’s regional 
AI governance framework [29] together indicate that regulatory clarity and public-sector 
data infrastructure are still maturing in Colombia, which may explain why environmental 
legitimacy—rather than technological readiness alone—emerges as the pathway through 
which AI adoption intention is shaped. This underscores that public policies and govern-
ment regulation do not act in isolation from organizational capabilities: their influence on 
AI diffusion is conditional on how firms internalize external pressures and balance them 
with internal capacity.

Despite the robustness of the mediation model, this study presents limitations that 
offer fertile ground for future research. First, while the sample of 302 Colombian companies 
provides a significant picture of an emerging economy, the cross-sectional nature of the data 
prevents establishing long-term causal evolution. Future studies could employ longitudinal 
designs to observe how the activation of the technological context changes as the AI market 
matures and institutional gaps are filled. This limitation also bears directly on our causal 
ordering of TC and EC (H3): although we provide a theoretical rationale for specifying 
TC → EC, our cross-sectional design cannot definitively rule out a reverse or reciprocal 
relationship between these constructs, and longitudinal or experimental designs would be 
needed to establish temporal precedence conclusively. Second, the final sample is heavily 
concentrated in the services sector (199 of 302 firms, 65.9%), relative to trade, manufacturing, 
and other sectors; because firms were not stratified by sector, this composition reflects 
the structure of the sampling frame rather than a deliberate design choice, and it may 
bias the estimated mediation effects toward service-industry dynamics. We cannot rule 
out that the strength or significance of the sequential mediation pathway would differ 
in samples dominated by manufacturing or trade firms, where technology compatibility 
and organizational readiness may be shaped by different operational constraints. Future 
research should test whether the sequential mediation pattern reported here holds across 
sectors using stratified sampling designs.

Third, while the TOE framework enabled a systemic organizational analysis, the AI 
decision-making process often involves individual cognitive biases. We recommend that 
future research integrate theories at the individual level, such as the Unified Theory of 
Technology Acceptance and Use (UTAUT) or the Theory of Planned Behavior (TPB), to 
explore how the personality traits of CEOs or employees’ AI readiness interact with the 
organizational factors identified here.

Fourth, our model focused on AI Adoption Intention as the primary outcome. However, 
in emerging markets, a gap often exists between intention and actual implementation due 
to sudden macroeconomic or regulatory changes. Future research should investigate the 
moderating role of institutional agility and financial volatility in ensuring that the AI 
Adoption Intention successfully translates into effective operational use. Finally, expanding 
this study to other emerging markets in Latin America or Africa would allow for comparative 
analysis to validate whether the overall mediating effect observed in Colombia is a universal 
characteristic of constrained innovation ecosystems.
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Fifth, a substantial share of respondents (50.3%, 152/302) were classified as “Employee 
and/or administrative” rather than occupying an explicit managerial or decision-influencing 
role, which raises a key-informant concern: constructs such as top management support, 
organizational financial availability, and organization-level adoption intention presume 
a vantage point that non-managerial respondents may not reliably have. In response, we 
conducted a post hoc sensitivity analysis (Section 3.6) comparing managerial/decision-
influencing respondents (n = 150) against the remaining non-managerial respondents 
(n = 152). Managerial respondents reported modestly higher AI Adoption Intention and 
top-management support, and lower perceived regulatory pressure; however, a moderated-
regression test of the structural paths found no statistically significant group differences 
in any of the six hypothesized relationships, including the already-weak TC → AI path. 
We therefore find no statistical evidence that the key-informant composition of the sam-
ple drives the study’s substantive conclusions, although this check relies on composite-
score regression proxies rather than a formal PLS multigroup analysis (MGA) with prior 
measurement-invariance (MICOM) testing. We recommend that future replications of 
this model, informed by integrated informant-validity approaches such as [69] and by 
firm-level evidence on AI diffusion in Colombia such as [70], apply a formal PLS-MGA 
with MICOM to this managerial-versus-non-managerial comparison. Sixth, a closer exami-
nation of the measurement items indicates that a small number of indicators may not map 
perfectly onto their assigned first-order dimension. Specifically, TCT3 (staff support and 
training) arguably reflects organizational readiness as much as technological compatibility; 
TVR6 (compatibility with organizational culture and values) is conceptually closer to a 
compatibility item than to relative advantage; AI3 measures willingness to recommend 
AI adoption to other firms rather than the focal firm’s own adoption intention; and AI4 
and AI5 (development of internal skills; willingness to collaborate with external partners) 
overlap conceptually with organizational and environmental readiness, respectively. We 
retained these items because they loaded above conventional thresholds in the estimated 
model and are consistent with prior TOE-based instruments, but we acknowledge this as a 
content-validity limitation and recommend that future studies revisit the conceptual bound-
aries of these items, potentially through respecification and re-estimation. We also confirm 
that EPS4, the only negatively worded item in the environmental context battery (“business 
partners are against AI adoption”), was reverse-coded prior to analysis; its positive loading 
on the same construct as the remaining, positively worded partner-pressure items (0.636, 
comparable in direction to loadings of 0.870–0.908 for the other items) is consistent with 
this reverse-coding having been applied correctly. Because AI3, AI4 and AI5 may capture 
constructs adjacent to the organization’s own adoption intention, AI Adoption Intention 
should be interpreted as a broad construct covering adoption intention and adoption-related 
preparedness; the sensitivity analysis in Section 3.7 shows that the findings for EC → AI, 
OC → AI and the indirect effects are unchanged under narrower specifications, whereas 
the direct TC → AI path (H4) is sensitive to the specification.
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Appendix A. Measurement Instrument
Table A1 presents the structured questionnaire items used to measure each latent 

construct, together with the supporting literature.

Table A1. Structured questionnaire.

Technological context
Technological compatibility.

Article ASK Authors
TCT1 The technical aspects of AI fit into the way the organization works.

[10,18,21,24]

TCT2 AI can enhance an organization’s current data, hardware, and software infrastructure.

TCT3 The organization will have sufficient support and training staff to support the 
implementation of AI-related processes.

TCT4 AI is compatible with the organization’s corporate philosophy, goals, standards, 
and values.

TCT5 AI is compatible with existing work procedures.
TCT6 The improvements that AI brings are in line with what we already do in the organization

Relative advantage.
Article ASK Authors

TVR1 The organization is aware of the opportunities and threats that come with adopting or 
not adopting AI in the organization.

[18,21,25]

TVR2 It is more favorable for the organization to adopt AI than other technologies.
TVR3 AI will help organizations complete their projects faster.

TVR4 The organization will effectively communicate the products and/or services it offers 
through AI.

TVR5 AI can expand an organization’s adaptability.

TVR6 The organization perceives AI as compatible with our organization’s culture, values, 
needs, and work.
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Table A1. Cont.

Organizational context
Support from senior management

Article ASK Authors
OAD1 The senior management team is interested in implementing AI in the organization.

[21,23,25]

OAD2 The organization’s senior management is willing to provide the necessary resources for 
AI adoption.

OAD3 Senior management is prepared to accept the potential risks associated with 
AI implementation.

OAD4 Senior management understands the importance of implementing AI in the organization.

OAD5 The organization’s senior management is prepared to provide the necessary support and 
assistance when AI adoption encounters difficulties.

Employee capabilities
Article ASK Authors
OCE1 Employees could develop knowledge and skills related to AI.

[24,25]
OCE2 Employees could easily solve problems in the organization with the adoption of AI.
OCE3 Employees could interact with customers and suppliers by adopting AI.
OCE4 Employees could contribute new ideas to the organization by adopting AI.
OCE5 Employees could effectively improve their work activities by adopting AI.

Financial support received
Article ASK Authors
OAF1 The organization would have prior financial resources for the AI adoption study.

[24,25]

OAF2 The organization would have the appropriate budget to implement AI.
OAF3 The organization could ensure the necessary funding for the effective adoption of AI.

OAF4 The organization would obtain financial support from financial institutions or other 
entities for the adoption of AI.

OAF5 The organization would have the financial capacity to cover the initial costs associated 
with AI.

Environmental context
Perceived competitive pressure

Article ASK Authors
EPC1 Adopting AI is a strategic necessity to compete in the market.

[22,25]

EPC2 Competitive pressure makes us believe that we could lose customers if we don’t use AI.
EPC3 If we don’t embrace AI in the digital transition, we fear losing market share.

EPC4 If we don’t implement AI in our organizations, we fear our customers will turn to the 
competition.

EPC5 The organization believes that to gain competitiveness it is important to use AI, especially 
when making strategic decisions.
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Table A1. Cont.

Pressure from trading partners
Article ASK Authors
EPS1 Adopting AI will increase our business partners’ trust in us.

[21,25]
EPS2 The organization’s business partners are recommending AI adoption.
EPS3 The organization will use AI to improve coordination between trading partners.
EPS4 The organization’s business partners are against AI adoption.
EPS5 The organization’s business partners are in favor of adopting AI.

Government policies and regulations
Article ASK Authors
EPG1 Government policies and regulations encourage us to adopt AI.

[18,21,22]

EPG2 The government encourages the introduction of new technologies such as AI into 
organizations.

EPG3 The government offers incentives to organizations for the use of AI.
EPG4 Government policies are in favor of AI adoption.

EPG5 Government policies and incentive programs help overcome barriers to the adoption and 
effective use of AI.
AI Adoption Intention

Article ASK Authors
AI1 The organization intends to adopt Artificial Intelligence technologies.

[20,22,24,35]

AI2 The company intends to use Artificial Intelligence technologies on a regular basis.

AI3 The company would strongly recommend that other companies adopt artificial 
intelligence technologies.

AI4 The company prioritizes developing the internal skills needed to efficiently utilize 
Artificial Intelligence technologies.

AI5 The organization is willing to collaborate with external partners to facilitate the adoption 
of Artificial Intelligence technologies.
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