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Abstract 

Small and Medium Enterprises (SMEs) are crucial to global economies, but their adoption of Artificial 

Intelligence (AI) lags behind larger firms. This study aims to address this gap by developing a 

comprehensive model for AI adoption in SMEs. The study seeks to integrate the Technology-

Organization-Environment (TOE) model with the Diffusion of Innovations (DOI) model to understand 

AI adoption in SMEs. It also aims to test the causal relationships between AI adoption and Business 

Model Innovation (BMI) and Competitive Advantage (CA). The study uses survey data from 305 

SMEs and applies Partial Least Squares Structural Equation Modelling (PLS-SEM) to analyse the 

relationships between AI adoption determinants and business outcomes. The findings show that 

market pressures and sustainable human capital are the strongest predictors of AI adoption. Financial 

limitations are less impactful due to the availability of low-cost AI solutions. AI adoption significantly 

enhances economic performance, with a strong correlation between AI and revenue growth. AI is a 

strategic enabler for SMEs to achieve BMI and CA. The study proposes a six-phase roadmap for AI 

implementation, emphasizing talent development and responsible AI governance. Future research 

should explore the long-term dynamics of AI adoption in SMEs. 

Keywords: Artificial Intelligence (AI), Small and Medium Enterprises (SMEs), Technology-

Organization-Environment (TOE) Model, Diffusion of Innovations (DOI) Model, Business Model 

Innovation (BMI), Competitive Advantage (CA). 

 

Introduction  

Small and Medium Enterprises (SMEs) are the key to the whole economy of the world as about 90 

percent of all the companies are SMEs and play a crucial role in creating more jobs, contributing to 

Gross Domestic Product (GDP) and ubiquitous innovation(Wu et al., 2025). Their size and nimbleness 

is regularly taken as a strength, yet in a marketplace that is more digital and global competitive survival 

requires a faster path of digital transformation. Artificial Intelligence (AI) stands out as the most 

disruptive emerging technology that can provide unprecedented benefits to increase productivity, 

streamline innovativeness, and improve customer interaction(Ekrokpe et al., 2025). Although such a 

huge potential exists, there is a considerable difference in the rates of AI adoption between SMEs and 

larger companies. This gap is corroborated by statistical evidence of the European Union in 2024, 

41.17% of large enterprises actively used AI technologies whereas only 20.97% of medium enterprises 

and 11.21% of small ones (Michael, 2025). Such a broad difference highlights the key issue that 

without the successful implementation of AI into the SME sector, the long-term competitiveness and 
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core economic functions will be lost. The strategic value and readiness models to adopt AI have been 

already stressed by previous academic sources, but there is still a gap in operational guidance regarding 

the situation faced by SMEs, especially in terms of extreme resource limitations, lack of skills, and 

hindrances to implementation. More importantly, the lack of knowledge about the specific 

mechanisms of causation through which the resource-constrained SMEs manage to turn their simple 

AI adoption into sustainable Business Model Innovation (BMI) and measurable Competitive 

Advantage (CA) is present. A stringent and empirically tested model is needed that correctly discovers 

the internal and external drivers including the costs, skills, organizational support, and policy that is 

decisive in promoting scalable and responsible adoption.    

 

Research Objectives  

1. To develop a comprehensive structural model of AI adoption in SMEs by integrating the 

Technology-Organization-Environment (TOE) model with the perception-driven Diffusion of 

Innovations (DOI) model, incorporating new demands such as Responsible AI Governance. 

2. To test the causal relationships between the determinants of AI adoption and the achievement 

of multi-dimensional Digital Business Model Innovation (DBMI) using Partial Least Squares 

Structural Equation Modeling (PLS-SEM). 

3. To measure the connection between AI-driven innovation and the realization of sustainable 

Competitive Advantage, and to outline a six-step roadmap for practical implementation. 

Research Questions 

1: How can the integration of the TOE model and the DOI model provide a comprehensive 

understanding of AI adoption in SMEs, particularly in the context of Responsible AI Governance? 

2: What are the causal relationships between the determinants of AI adoption and the achievement of 

multi-dimensional Digital Business Model Innovation (DBMI) in SMEs, as identified through PLS-

SEM analysis? 

3: How does AI-driven innovation contribute to sustainable Competitive Advantage in SMEs, and 

what are the practical steps for implementing this innovation effectively? 

 

Conceptual Foundations 

Defining the Small and Medium Enterprise (SME) 

It is a prerequisite of any cross-regional analysis that there be an accurate and consistent definition of 

what exactly an SME is because this determines access to important financing and support schemes, 

as well as regulatory regimes (Balta et al., 2024a). Whereas a universal definition is yet to be 

established, major economic institutions use common criteria on the basis of the staff numbers, the 

staff turnover and the balance sheet values.    

Broadly, OECD considers SMEs to be firms with fewer than 250 employees and further divides them 

into Micro (less than 10 employees), Small (10-49 employees), and Medium (50-249 employees) 

(Raes, 2021). The definition of a medium sized enterprise in the European Union is a staff number 

that is less than 250 and annual turnover that does not exceed 50 million Euros or balance sheet amount 

that does not exceed 43 million Euros (Algan, 2019). By comparison, the Qualification criteria of the 

US Small Business Administration (SBA) largely depend on the industry but typically involve the 

business being independent, for-profit; it must not dominate its industry nationally; and it must be in 

the US(Marchese, 2023).    
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Table 1: Key Definitions and Criteria for Small and Medium Enterprises (SMEs) 

Criterion EU Definition (Medium-sized) OECD Definition 

(SMEs) 

US SBA Context 

Staff 

Headcount 

< 250 employees < 250 employees Varies by Industry 

(Generally, non-

dominant) 

Financial 

Threshold 

(EUR) 

Turnover ≤€50 million OR 

Balance Sheet 

Total ≤€43 million 

Not universally 

standardized 

Varies by Industry 

(Revenue or Asset base) 

Core Principle Access to finance/support 

programs; avoid 'cliff-edge' 

effect 

Uniform 

classification for 

economic statistics 

Independently owned, 

for-profit, not nationally 

dominant 

 

The table 1 outlines the criteria used to define medium-sized enterprises (SMEs) according to different 

organizational definitions and contexts. The European Union (EU) defines medium-sized enterprises 

by a staff headcount of fewer than 250 employees and a financial threshold of either a turnover of €50 

million or a balance sheet total of €43 million. The Organization for Economic Co-operation and 

Development (OECD) also sets a staff headcount limit of fewer than 250 employees but does not have 

a universally standardized financial threshold. In the context of the United States Small Business 

Administration (US SBA), the staff headcount varies by industry and is generally considered non-

dominant, while the financial criteria also vary by industry and are based on either revenue or asset 

base. The core principles behind these definitions differ: the EU focuses on ensuring access to finance 

and support programs while avoiding the 'cliff-edge' effect, the OECD aims for uniform classification 

for economic statistics, and the US SBA emphasizes independent ownership, for-profit status, and 

non-dominance at the national level. 

 

 
Figure 1: Key Definitions and Criteria for Small and Medium Enterprises (SMEs) 

 

One structural impediment that has been identified to exist in the EU context is the so-called cliff-edge 

effect, in which expansion after a specific size threshold leads to massive growth in compliance 

requirements. This administrative load may deter a firm to scale, as well as competitiveness. This 

organizational limitation highlights the reason why AI-based solutions, including Robotic Process 

Automation (RPA) or advanced compliance software, can have a disproportionately high Relative 

Advantage (a central DOI characteristic) to medium-size corporations (Jahanbakhsh, 2025). This type 

of application reduces the growth of non-productive overhead necessary to comply with regulations 
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to enable firms to increase revenue without encountering a corresponding increase in compliance 

costs.    

 

Business Model Innovation (BMI) as the Strategic Outcome 

Business models are critical in firms that want to benefit off innovation and technology. Technology 

integration does not only entail adoption but usage-based business modeling, a process through which 

companies generate and capture value out of the technology(Tetteh et al., 2025). Digital Business 

Model Innovation (DBMI) is a construct that is proved to be multidimensional, and the success of AI 

adoption is usually determined by this concept.   (Sabaruddin & Linsley, 2025) 

 

 
Figure 2: Business model Innovation (BMI) as the strategic outcome 

 

The Figure 2, illustrates the relationship between AI adoption and use within small and medium-sized 

enterprises (SMEs) and their strategic outcomes through Business Model Innovation (BMI). It begins 

with AI adoption and use, which is the starting point for driving innovation across various dimensions 

of Digital Business Model Innovation (DBMI). These dimensions include Value Proposition 

Innovation, focusing on the novelty of offerings such as generative AI for new, customized services 

and generative AI news; Operational Model Innovation, which emphasizes efficiency through process 

redesign and task automation; Revenue Innovation, involving subscriptions and dynamic, automorphic 

pricing; Customer Engagement Innovation, which includes personalization and conversational 

interfaces; and Ecosystem & Partnership Innovation, leveraging APIs, data-sharing, and platform 

alliances. The strategic outcome of this process is the creation of AI-Pivoting SMEs that achieve 

Business Model Innovation and Competitive Advantage. This outcome is contingent upon the 

successful integration of AI into the business model, which is facilitated by usage-based modelling. 

The important dimensions of DBMI are Value Proposition Innovation (that revolves around novelty), 

Operational Model Innovation (that revolves around efficiency), Revenue Model Innovation, 

Customer Engagement Innovation and Ecosystem and Partnership Innovation(Sabaruddin & Linsley, 
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2025). The requirement of AI is based on the fact that it helps to change the strategy. One such example 

is generative AI to bring new, customized services (Value Proposition Innovation), and workflow 

automation to introduce new subscription or dynamic pricing models (Revenue Model Innovation). 

The success in these areas characterizes the AI-Pivoting SME strategic pivot (Kaewcheed, 2025).    

 

Competitive Advantage (CA) Measurement 

The final strategic objective of AI adoption is called sustainable Competitive Advantage 

(SCA)(Farooq et al., 2024). Quantitative analysis is based on a set of scales that are validated and used 

to measure CA, which usually includes two primary elements:    

 

Cost Advantage: Based on maximizing efficiency, automation of repetitive processes, and 

optimization of use of resources and minimizing the number of errors. The results of operational 

efficiency are already evident by up to 2030 percent improvements in operational efficiency by those 

who have already adopted AI(Farmanesh et al., 2025).    

 

Differentiation Advantage: It is based on the delivery of unique value, creation of excellent customer 

experience, personalization, and speedy product development. Its effectiveness in creating 

differentiation is demonstrated by the difference in sales outreach effectiveness that improved 35 

percent over three months and is a high-impact finding that was attained by AI (Halim et al., 2024).    

These scales are proven to be reliable and valid, and internal consistency of such constructs as Cost 

(ꞵ=0.768) and Differentiation (ꞵ=0.860) was satisfactory, which gives a sound basis of quantitative 

measurement.    

 

Modelling AI Adoption: The Integrated TOE-DOI Framework 

A combined theoretical approach is applied in order to analyze the complex adoption dynamics in the 

SMEs. Combining the Technology-Organization-Environment (TOE) model with the Diffusion of 

Innovations (DOI) theory describes the structural level context (TOE) as well as the perception-based, 

human-focused decision-making experience associated with the centralized, SME-based leadership 

(DOI)(Sánchez et al., 2025). Moreover, the model should be broader to consider responsible and 

inclusive AI governance, which is a rising regulatory and ethical environment (Asante Boakye et al., 

2025).    

 

Technological Determinants (T-Factor) 

The technological aspect of the framework evaluates the properties of the AI solution in itself, such as 

its complexity, cost, relative advantage, and the compatibility with the existing systems(Madaki et al., 

2025). The AI technologies embraced by SMEs are listed as follows: Machine Learning, Deep 

Learning, Natural Language Processing (NLP), Robotic Process Automation (RPA), Computer 

Vision, and Generative AI (with specific reference to open-weight Large Language Models, i.e. 

LLaMA, Mistral, and FALCON)(Zhang et al., 2024).    

Experimental testing of assumptions on the determinants of technology brings out very critical results: 

• Relative Advantage and Compatibility: The relative advantage (perceived value and 

superiority) and compatibility (suitability with the current systems) have a significant influence 

on the adoption of AI. These relationships are confirmed as supported hypotheses by the path 

coefficients(Darmansyah et al., 2024).    

• Cost and Complexity: Stunningly, complexity and cost were not always discovered to play a 

major influence on AI adoption (Teshome et al., 2024).    

The fact that cost is not a major determinant is an indication that there is an underlying paradigm 
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change in the AI market by SMEs. The democratization of technology access has been achieved by 

the presence of low-cost, scalable technologies like the AI-as-a-Service model, cloud services, and 

free-of-charge toolkits. As such, financial resources are no longer the major barrier of entry 

(Balasooriya & Sedera, 2025). Rather, SMEs have turned to the maximization of the perceived value 

creation (Relative Advantage) and the seamless integration (Compatibility), which legitimizes a 

strategic choice of low-risk, gradual deployments(Hanafi et al., 2024).    

 

Organizational Determinants (O-Factor) 

Organizational characteristics are internal strengths or weaknesses that either enable or inhibit the 

implementation of AI such as leadership commitment, qualified staff, financial ability and cultural 

preparedness (Joseph Jerome et al., 2024).    

As it can be analysed, the positive effect of Sustainable Human Capital (SHC), as the indicator of 

skills and abilities and capacity to employ AI, on AI adoption is extremely high (β=0.223, p=0.000). 

This aspect comes out as the best internal predictor of AI adoption (Hasan et al., 2024). The excellent 

statistical significance of SHC proves that to resource-strained SMEs, it is not financial capital or 

formal structures of support (where the results are usually shown to be minimal ) but knowledge 

capacity, i.e. the capability to recruit, train, and keep talents that can operationalize and regulate AI 

systems(Wang et al., 2025). This confirms the fact that the shift towards an AI-Pivoting SME is 

primarily the problem of talent strategy, which requires special attention to upskilling and capability 

building.    

 

Environmental Determinants (E-Factor) 

External pressures or supports which affect adoption include environmental factors, which generally 

are the level of competition, government policies, regulations, and the market conditions in general 

(Ramalingam et al., 2025).    

The empirical findings prove that both of the key environmental factors are influential in AI adoption:    

• Market and Customer Pressure: Competitive intensity and customer demand on digital 

services presents a highly significant positive correlation, which appears to be overall the 

greatest cause of adoption among all tested factors (β=0.432, p=0.000)(Dong et al., 2025).    

• Government Support: There is also a positive relationship between government policies, 

subsidies and institutional frames with adoption of AI (β=0.080, p=0.006)(Kalafatis et al., 

1999).    

Although the role of the government as a factor in promoting adoption is statistically significant, the 

available data shows that the adoption and practical accessibility of such programs may remain low. 

As an example, the level of involvement of SMEs in government online services has even been 

reported to be low as 8.4% (Kherde et al., 2024). This gap implies that policies, although conceptually 

sound as incentives, have practical obstacles or complexity that hinders their coverage and requires 

policy optimization to achieve as high accessibility as possible and as high effectiveness as 

possible.       

 

Empirical Synthesis and Quantitative Validation 

In order to determine the potential of returning on investment (ROI) and strategic rationality of the AI 

pivot, one will have to synthesize quantitative performance results, which will be analyzed in terms of 

the causal relationships between the adoption of AI and its future economic results. 

 

Sample and Descriptive Statistics 

The survey data used in the quantitative analysis were based on 305 Small and Medium Enterprises 
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(SMEs). The descriptive profile of the respondents showed a targeted group of decision-makers and 

key implementers in these organizations(Aitipamula & Bolla, 2024). 
 

Table 2: Sample Descriptive Statistics (Demographics) 

Characteristic Detail Context 

Sample Size (N) 305 SMEs Multi-contextual survey population 

Respondent 

Gender 

Approximately 75% 

Male 

Reflects high concentration of male 

leadership/management 

Respondent Age Predominantly 20–39 

years old 

Suggests involvement of younger, digitally native 

managers/engineers 

Respondent 

Position 

Engineering or 

Management roles 

Confirms data collection from strategic decision-

makers and implementers 

 

The table provides an overview of the survey sample and respondent characteristics. The sample size 

consists of 305 small and medium-sized enterprises (SMEs), indicating a multi-contextual survey 

population. The gender distribution of respondents is heavily skewed towards males, with 

approximately 75% of respondents being male, which reflects a high concentration of male leadership 

and management within the surveyed organizations. The age range of respondents is predominantly 

between 20 and 39 years old, suggesting that the survey captures the perspectives of younger, digitally 

native managers and engineers. Additionally, the respondents primarily hold engineering or 

management roles, confirming that the data is collected from strategic decision-makers and 

implementers within these SMEs. 

 

Measurement Model Assessment (Reliability and Validity) 

A measurement model (connecting the observed variables (survey items) to the latent constructs (such 

as AI Adoption or Performance)) has to be tested on the reliability and validity prior to the evaluation 

of the structural relationships. This analysis is to make sure that scales used are consistent and they 

measure the concepts which are intended. The criteria that were validated include Composite 

Reliability (CR), which should be at least 0.7 to be satisfied with reliability; Cronbach Alpha (alpha), 

which should at least be 0.7 to be satisfied with internal consistency; and Average Variance Extracted 

(AVE), which should at least be 0.5 to prove convergent validity (that items are measuring the same 

thing). The validation also showed sufficient psychometric qualities in all the constructs employed, 

such as AI Adoption, Operational Efficiency, Cost Reduction, and Customer Satisfaction, which is 

that the measurement model is sound and can be used to continue the analysis. 
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Table 3: Measurement Model Reliability and Validity (Selected Constructs) 

Construct Internal 

Consistency (α) 

Validity Check Interpretation Source 

Differentiation 

Advantage 

0.860 Convergent Validity 

Confirmed (AVE ≥ 

0.5) 

Strong consistency in 

measuring unique value 

creation 

7 

Cost Advantage 0.768 Convergent Validity 

Confirmed (AVE≥  

0.5) 

Acceptable consistency in 

measuring efficiency 

gains 

7 

Overall 

Reliability Range 

0.883 to 0.920 General CR ≥ 0.7 High internal consistency 

for all latent constructs 

7 

 

Structural Model Results (Regression and Coefficient Analysis) 

The PLS-SEM test is used to evaluate the intensity and the direction of the hypothetically assumed 

relationships (path coefficients,ꞵ) and the statistical significance (t-values and p-values). The 

predictive accuracy of the model is supported by the values of the R², which shows the variance in the 

dependent construct, explained by its antecedents (similar to the overall fit in a regression model). 

Table 4: Summary of Structural Relationships Driving AI Adoption and Performance (PLS-

SEM Path Analysis) 
Hypothesis 

Path 

Antecedent 

Factor 

Consequence 

(Adoption/Outcome) 

Path 

Coefficient 

(β) 

t-

Value 

p-

Value 

Result 

T → AIA Relative 

Advantage 

AI Adoption 0.127 0.061 0.02 Supported 

T → AIA Compatibility AI Adoption 0.09 1.554 0.002 Supported 

T → AIA Cost AI Adoption 0.042 0.832 0.204 Not 

Supported 

T → AIA Complexity AI Adoption -0.036 0.041 0.195 Not 

Supported 

O → AIA Sustainable 

Human Capital 

AI Adoption 0.223 5.897 0 Supported 

O → AIA Organizational 

Support 

AI Adoption -0.025 0.625 0.267 Not 

Supported 

E → AIA Market & 

Customer 

Pressure 

AI Adoption 0.432 7.892 0 Supported 

E → AIA Government 

Support 

AI Adoption 0.08 1.566 0.006 Supported 

AIA → 

Performance 

Operational 

Performance 

Sustainable 

Performance 

0.557 14.25 0 Supported 

AIA → 

Performance 

Economic 

Performance 

Sustainable 

Performance 

0.672 19.643 0 Supported 
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Key Findings of Coefficient Analysis 

Strongest Predictor of AI Adoption Market and Customer Pressure was the strongest predictor of AI 

Adoption (ꞵ = 0.432, p=0.000) indicating that the first driver is external competitive necessity pushing 

AI Adoption. 

• Internal Bottleneck: The most significant internal predictor is Sustainable Human Capital 

with a strong beta (ꞵ= 0.223, p=0.000), which proves that specialized skills are of greater 

importance compared to formal organizational support or raw financial capital (which were 

insignificant). 

• Highest ROI Path: AI Adoption and Economic Performance had the largest path coefficient 

between the two variables (ꞵ= 0.672, p=0.000): AI brings maximum value through the market-

facing innovation and competitive differentiation as it results in the best revenue growth, and 

not the most efficiency of operations, alone. 

Quantified Performance Outcomes 

First movers in the SME space utilizing AI have already noticed significant, objective performance 

gains in key business operations, which supports the realness of the technological and organizational 

fit. 

 

Table 5: Quantified Performance Outcomes of AI Adoption in SMEs 

Business 

Function/Focus 

AI Application 

Type 

Quantified Result Timeframe/Context Source 

Economic 

Performance 

General AI 

Adoption 

>30% positive impact 

on revenue growth 

Empirical study finding, 

complementary to 

IoT/BDA 

21 

Operational 

Efficiency 

Customized 

Manufacturing 

Up to 20-

30%improvement 

(efficiency/defect 

reduction) 

Early adopters, 

reinforcing ROI 

potential 

2 

Sales 

Effectiveness 

AI-Powered 

Sales Outreach 

35% increase in 

results 

3 months, quick ROI for 

GenAI/NLP 

18 

Workflow 

Automation 

General/RPA 25 reduction in 

time/cost 

6 months 

implementation period 

18 

Resource 

Savings 

General AI Tool 

Adoption 

20+ hours / month 

saved (500 - 2,000 

month cost) 

Average usage, 

highlighting net value 

18 
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Strategic Discussion: AI as a Mechanism for Business Model Reconfiguration 

The Operational Pivot: Between Efficiency and Operational Model Innovation. 

The operational efficiency gains which could be quantified (including 25% workflow time reduction 

and 20-30 defects reduction) are the key drivers of Operational Model Innovation in their turn. This is 

possible through AI systems that automate main processes, optimize logistics, inventory control and 

reinforcing the supply chain (Nyamboga, 2025). The automation of the business can mean a lot to 

SMEs in terms of resource saving which are dedicated to concentrate on strategic management, 

resolving complex problems and customer value interactions rather than routine administration 

tasks(Balta et al., 2024b).  

In addition, the entire transformation capabilities of AI are achieved when it is deployed to a developed 

digital ecosystem. Research proves that the application of AI with the help of additional digital 

resources like Internet of Things (IoT) and Big Data Analytics (BDA) can further increase revenue 

growth(Aagaard & Tucci, 2024). Such a complementary asset advantage predetermines the idea that 

the data preparedness and modernization of the infrastructure should be one of the key priorities of the 

strategy of SMEs to make sure that AI opportunities are not implemented in the vacuum but are 

maximally utilized in the context of the prevailing digital environment.       

 

AI-Driven Differentiation and Revenue Model Innovation 

The overwhelming positive influence on Economic Performance (ꞵ =0. 672) demonstrates the role of 

AI as a major factor of Differentiation Advantage. The basic changes in customer interaction under 

AI applications consist of the opportunity to analyse the behaviour of customers in a more complex 

way and use personalized advertising. The ability stimulates Value Proposition Innovation as well as 

Customer Engagement Innovation. Additionally, AI can be used in the research and development 

process, which is faster to innovate and reduce the time-to-market of new products and services.    

One of the most interesting advantages to the SME leadership is that AI is not only used to predict but 

also to draw a visual map of the business ecosystem when abstract data is transformed to intuitive and 

strategic dashboards. It is a graphical method that makes AI insights more accessible, actionable and 

transparent to enhance a more in-depth, data-driven knowledge of non-technical executives. This 

would enhance tactical transparently and allow more confident decisions to shift to new business 

models, like the introduction of usage-based pricing or subscription services facilitated by granular AI 

tracking (Revenue Model Innovation) 1.    

 

The Role of AI Maturity in Sustaining Advantage 

To achieve and maintain a competitive advantage, SMEs will have to move forward in stages of 

specified AI maturity stages, past initial and fragmented pilots into a state of being AI future-ready. 

Organizations that have reached a high level of AI maturity i.e. those that have successfully 

implemented AI in their operations and their customer experience have shown better financial 

performance than their counterparts in the industry. The advanced level of AI use, including the indices 

of the Anthropic AI Usage Index (AUI), has a strong correlation with the national economic income. 

This relation affirms that the actual value capture is based on how intense and sophisticated usage is 

and not just the first usage adoption. As such, the strategic mandate is to transform the organizational 

culture and technical capacity required to integrate AI in all fundamental processes and the strategic 

decision-making processes. 

 

The Implementation Imperative: Governance and the Six-Phase Roadmap 

Given the constraints typical of SMEs, a structured, phased methodology is required to mitigate risk 

and maximize ROI potential. The 6 stages roadmap below offers practical guidance based upon 

technology and organizational preparedness.    
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The Six-Phase Roadmap for AI Adoption 

Current State Assessment: This is the first step, which is a strict assessment of the SME regarding 

the level of the technological base, the level of the current workforce skills, the leadership strategic 

orientation and the state of general maturity and financial opportunities. The concept is to determine 

some of the organizational strengths and weaknesses against AI preparedness.    

Strategic Objectives: The management is to set specific and quantifiable business objectives of the 

AI project with direct correlation with the overall business strategic priorities, like customer 

experience improvement, reduced efficiency, or data-cantered decision-making.    

AI Solution Selection: This step is aimed at the selection of the suitable AI tools and models of 

deployments. The choice should be made based on business requirements, capability of resources, and 

scalability, which tend to thrive with low-risk solutions such as cloud-based AI-as-a-Service 

applications, or open-weight LLMs, which authenticate scalability and strategic congruency.    

Pilot Project Implementation: There are small pilot projects that are implemented to prove the 

selected AI solutions, determine feasibility, and develop relevant internal trust and organizational 

familiarity before proceeding to full-fledged implementation. This is a risk-minimizing strategy.    

Training and Change Management: An important step that aims at mitigating the Sustainable 

Human Capital bottleneck (ꞵ =0.223). It entails the continuous training of employees to increase skills 

on AI-related matters and the establishment of strong change management practices to overcome 

possible culture shock. The communication strategy must also emphasize the fact that AI is not 

supposed to remove human capabilities but to complement them.    

Measurement and Scaling: The final step will entail the formulation of stringent Key Performance 

Indicators (KPIs) that will fill the gap between the technical depth and the model performance and the 

reality of financial outcomes at the start of value creation. The successful pilot insights are then 

considered to streamline the organizational strategies and extrapolate the AI solutions across the larger 

functional areas.   

 

Addressing Implementation Barriers and Responsible AI 

Despite the benefits, implementation problems particularly in data availability, quality, systemic skills 

deficiency, infrastructure inadequacy, and change resistance particularly the culture have still been 

identified during the implementation of the TOE dimensions.    

To ensure that it can be responsible in the implementation environment, the framework must echo 

some of the aspects of Responsible AI Governance. This is a reaction to emerging ethical concerns, 

including what to do with data bias, algorithm transparency, data security, and managing new 

regulatory pressures. The principle of conducting responsible practices is not merely an ethical 

necessity, but also a strategic need to stay within the consumer confidence and achieve the sustainable 

competitive advantage in the marketplace that is increasingly more sensitive with fairness and 

compliance.    

 

Conclusion, Managerial Implications, and Policy Directions 

Conclusion 

This study validates that Artificial Intelligence is one of the most important strategic enablers of Small 

and Medium Enterprises, which enables them to attain multi-dimensional Business Model Innovation 

and Sustainable Competitive Advantage. Quantitative synthesis is based on the PLS-SEM findings 

that indicate that external market pressures (β=0.432) and internal talent capacity (Sustainable Human 

Capital, β=0.223) are the main factors determining AI adoption. More importantly, the data indicate 

that the traditional financial limitation is less relevant when it comes to the choice of adoptions, 

presumably, owing to the democratization of low-cost, scalable AI solutions. Once acquired, the idea 

of adoption is strongly correlated with economic performance (ꞵ=0.672), which confirms the urgency 

of the strategic use of AI pivot. 
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Managerial Implications 

The leadership of SMEs needs to change its attitude towards AI investment: the development of talents 

is the main priority, and it should not be committed to purchasing tools. Since the relative Advantage 

of all technological investment will be optimized by prioritizing focused upskilling (Phase 5 of the 

roadmap), this is the best place to start with.    

In addition, AI impact should be measured holistically. Managers need to adopt stringent assessment 

frameworks which help to relate technical standards (e.g. model accuracy) to concrete monetary 

performance and process enhancements. The ability of leaders to justify AI spending beyond basic 

internal cost-cutting is measured by measuring particular aspects of Digital BMI, including customer 

engagement or product launch speed improvement. Lastly, SMEs need to follow the systematic 

roadmap, starting with low-risk, roll-out of activities (AI-as-a-Service, RPA) to quickly test the value 

proposition and establish organizational trust prior to making a significant investment in changing the 

infrastructures.    

 

Policy Directions 

The institutional and government backing should be streamlined to close the established human capital 

gap. Traditional financial barriers (cost) may be insignificantly impactful on the adoption, so the focus 

of the policy should be on measures that directly contribute to the process of special AI training, access 

to professional advisors at a subsidized price, and creation of collaborative platforms.    

In the quest to improve the effectiveness of the currently existing support mechanisms, policy bodies 

need to simplify access to programs, which will result into less administrative complexity that leads 

to low participation rates. Moreover, regulatory bodies should proactively address the non-intended 

economic impacts of the so-called cliff-edge regulatory effect, in which case rising medium-sized 

businesses will not be taxed with an excessive compliance cost, which will increase their motivation 

to scale and use AI to achieve efficiency benefits. These policy frameworks should also give succinct, 

streamlined advice on the Responsible AI workings to fit within resource-strained SMEs so that they 

can undergo changes in an inclusive and ethical manner.    

 

Limitations and Future Research 

The research employs an intensive synthesis of the quantitative cross-sectional data; therefore, it is not 

able to conclusively identify a long-term causal relationship as well as the dynamic nature of the effect 

of maturing AI with time. Future studies are recommended to use longitudinal designs to monitor the 

development of DBMI and CA in several years, taking special attention to the mediating effect of the 

level of AI use sophistication (AUI) and the relative effectiveness of the designed narrow-focus models 

of governmental assistance in narrowing the knowledge capital gap. More studies on how to 

effectively integrate Responsible AI practices in micro- and small businesses are an essential field of 

interest.    
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