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1|Introduction    

The rapid growth of digital technologies has reshaped manufacturing, with Artificial Intelligence (AI) 

emerging as a cornerstone of Industry 4.0 [1], [2]. AI enables predictive maintenance, automated quality 
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Abstract 

Artificial Intelligence (AI) is reshaping Industry 4.0, offering major opportunities to enhance productivity, improve 

product quality, and reduce manufacturing costs. Yet its adoption is hindered by technological, organizational, 

economic, and social/ethical barriers. This study applies a Systematic Literature Review (SLR) (2020–2025), the 

Technology–Organization–Environment (TOE) framework, and the Analytic Hierarchy Process (AHP) to identify, 

classify, and prioritize these obstacles. Extending TOE, the environmental dimension is divided into economic and 

social/ethical categories, yielding four groups. AHP-derived weights rank technological barriers highest (0.466), 

followed by organizational (0.277), economic (0.161), and social/ethical (0.096). The review screened 52 records (41 

English and 11 Persian), with 24 studies meeting the inclusion criteria. From these, 16 sub-barriers were analyzed 

across the four categories. A TOE-based conceptual model connects each barrier group to targeted interventions 

and is reinforced by a practical roadmap with measurable KPIs, such as ≥ 95% data completeness, ≥ 12 training 

hours per employee, ROI payback ≤ 24 months, and 100% privacy compliance. The findings provide managers and 

policymakers with actionable guidance to focus resources on the most critical impediments and accelerate AI 

readiness in manufacturing industries. 
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  control, process optimization, and supply chain management, offering gains in productivity, quality, and cost 

efficiency [3], [4]. 

Despite these benefits, adoption remains slow due to diverse barriers. Technological challenges include poor 

data quality, limited ICT infrastructure, and cybersecurity risks [5–7]. Organizational issues such as resistance 

to change, weak managerial support, and insufficient skills further impede integration [3], [8], [9]. Economic 

concerns (high capital costs, uncertain ROI, and limited incentives) add complexity [10–12]. Social and ethical 

issues, including job displacement, privacy, and fairness, affect stakeholder trust [13–15].  

To address these challenges, this study applies the Technology–Organization–Environment (TOE) 

framework [16], extended by splitting the environmental dimension into economic and social/ethical 

categories. A Systematic Literature Review (SLR) (2020–2025) was conducted, and the Analytic Hierarchy 

Process (AHP) [17] was used to prioritize barriers. 

The study contributes by: 1) extending TOE into four dimensions for finer classification; 2) integrating global 

and local perspectives on AI adoption challenges; and 3) proposing a conceptual model that links prioritized 

barriers to targeted managerial and policy interventions. 

2|Literature Review 

2.1|Technological Barriers  

Technological barriers are among the most significant obstacles to AI adoption in manufacturing. These 

include insufficient ICT infrastructure, poor data quality and integration, algorithmic complexity, lack of 

interoperability, and cybersecurity vulnerabilities [5], [6], [18]. Poor data quality can hinder AI model training 

and deployment, while inadequate infrastructure limits computational capacity for real-time operations [4], 

[7]. In the Iranian context, limited technological readiness, outdated machinery, and weak integration of digital 

systems have been reported as major challenges [10], [19]. The absence of standardized data formats and 

inadequate IT support also impede AI-enabled predictive maintenance systems [20]. Recent studies further 

emphasize that insufficient ICT readiness, weak change management capabilities, and poor data governance 

can critically undermine AI adoption [8]. 

2.2|Organizational Barriers 

Organizational challenges include structural, managerial, and human resource factors influencing AI 

implementation. Commonly reported issues are resistance to change, lack of top management commitment, 

insufficient employee training, and weak change management strategies [3], [4], [9]. An organizational culture 

resistant to innovation can slow adoption even when technical resources are available [12]. In Iran, hierarchical 

decision-making structures, inadequate staff skill sets, and insufficient cross-departmental coordination have 

been identified as critical challenges [7]. Without targeted training programs, employees remain hesitant to 

engage with AI-driven changes [14]. In export-oriented SMEs, technological readiness and financial 

limitations are intertwined with insufficient managerial support and workforce shortages [9].  

2.3|Economic Barriers 

Economic barriers mainly relate to the cost and financial justification of AI adoption. High initial investment, 

ongoing maintenance expenses, and uncertain ROI often deter organizations from committing to AI projects 

[6], [11], [12]. Limited access to funding and lack of government incentives exacerbate the problem, 

particularly for SMEs [1]. In Iran, financial constraints and prioritization of short-term profitability over long-

term technological advancement delay AI integration [13]. Foreign exchange volatility and sanctions further 

increase acquisition and maintenance costs for advanced AI technologies [21]. Sustainable AI adoption also 

depends on long-term funding strategies, especially in resource-constrained SMEs [4].  
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  2.4|Social and Ethical Barriers 

Social and ethical concerns involve workforce impacts, data privacy, algorithmic bias, and public trust in AI 

[15], [22]. In manufacturing, fears of job displacement and a lack of transparency in AI decision-making can 

lead to employee and community resistance [3], [21]. Ethical practices such as explainability and fairness are 

essential for building stakeholder trust [6]. In Iran, fear of job loss and limited public awareness of AI’s 

benefits hinder adoption [20]. Weak data protection regulations create uncertainty and slow decision-making 

[5]. In sensitive sectors such as oil, privacy risks and ethical dilemmas in handling operational data further 

delay AI deployment [11].  

2.5|Summary 

The reviewed studies indicate that AI adoption in manufacturing is constrained by a complex interplay of 

technological, organizational, economic, and social/ethical barriers. International research highlights 

scalability, interoperability, and governance as critical factors [4], [8], [18], while local studies emphasize 

structural inefficiencies, financial limitations, and socio-cultural resistance [7], [13], [20]. These combined 

insights justify the need for a structured prioritization approach, such as the AHP, to identify the most critical 

barriers and inform targeted strategies [17]. 

3|Methodology 

3.1| Research Framework and Design  

This research adopts a structured Multi-Criteria Decision-Making (MCDM) approach to analyze barriers to 

AI adoption in manufacturing industries. The Technology–Organization–Environment (TOE) framework 

[16] was employed as the classification scheme, with a methodological extension in which the environmental 

dimension was divided into two categories (economic and social/ethical), resulting in four overall groups. 

The hierarchical AHP model was structured in three levels: 1) Goal: Prioritization of AI adoption barriers, 2) 

four barrier categories, and 3) sixteen sub-barriers. Given the scope and page limits of this paper, DEMATEL 

or other causal mapping approaches were not implemented. Instead, robustness was ensured through 

sensitivity analysis, which is sufficient for validating prioritization results in this study. 

3.2| Systematic Literature Review 

Barrier identification was conducted through an SLR covering January 2020–December 2025. Searches were 

performed in Scopus, Web of Science, IEEE Xplore, ScienceDirect, SID, and MagIran using combinations 

of: (“artificial intelligence” OR AI) AND (manufacturing OR “industrial sector”) AND (barrier OR 

challenge* OR adoption) AND (AHP OR prioritiz*). The initial search retrieved 52 records (41 English and 

11 Persian). After deduplication and eligibility screening, 24 studies met the inclusion criteria: peer-reviewed, 

focused on AI adoption barriers in manufacturing, and published in English or Persian. Exclusion criteria 

removed purely technical AI papers, duplicates, and non-manufacturing studies. A PRISMA-style flow 

diagram is reported in Appendix A.  

3.3|AHP Implementation and Analysis  

Pairwise comparisons were derived from textual evidence in the reviewed studies using explicit coding rules 

aligned with Saaty’s 1–9 scale [17]. Strong dominance (e.g., “barrier A is far more critical than barrier B”) was 

coded as 7–9, moderate dominance as 3–5, and near equality as 1–2. When multiple studies reported the same 

comparison, the geometric mean of the coded intensities was used. Coding was performed by the authors; 

ambiguous cases were re-checked after a time gap to ensure reliability. Local weights were calculated by 

normalizing the pairwise matrices, and global weights were obtained by multiplying local weights by their 

parent category weight. Consistency Ratios (CR) were checked to remain ≤ 0.10. Analysis was performed 
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  using Microsoft Excel. All pairwise matrices, eigenvectors, local/global weights, and CR values are reported 

in Appendix B for transparency. 

3.4|Sensitivity Analysis 

To examine the robustness of results, a sensitivity analysis was performed. The weights of each main barrier 

category were perturbed by ±10%, and the remaining categories were proportionally re-normalized. 

Additionally, two scenarios reflecting firm size were simulated: SMEs, characterized by higher cost sensitivity 

and lower ICT readiness, and large firms, characterized by stronger ICT infrastructure and lower relative cost 

constraints. The results confirmed that technological barriers consistently remained the top-ranked category 

under all perturbations. Minor rank swaps occurred between organizational and economic barriers under the 

SME scenario, while the overall order of priorities remained stable. Detailed results are reported in Appendix 

D. 

4.5|Data Sources and Analysis  

Tools: The study relied exclusively on secondary data from both global and Persian literature. Persian sources 

were translated and incorporated where relevant. Pairwise comparison matrices and weight calculations were 

performed in Microsoft Excel, and visualizations (hierarchy diagrams and bar charts) were generated to 

support interpretation [1], [3], [7], [8]. 

4|Findings 

4.1|AHP Results  

The AHP was applied to determine the relative importance of the four main barrier categories (technological, 

organizational, economic, and social/ethical) and their associated sub-barriers. Pairwise comparison matrices 

were developed for both the main categories and the sub-barriers within each category. 

The results in Table 1 show that technological barriers have the highest weight (0.466), followed by 

organizational (0.277), economic (0.161), and social/ethical barriers (0.096). All CR values are below the 0.1 

threshold, indicating reliable judgments. 

Table 1. Weights for main barrier categories. 

 

 

 

 

The hierarchical structure used in this paper is illustrated in Fig. 1, showing the goal at Level 1, the four main 

barrier categories at Level 2, and their respective sub-barriers at Level 3. 

4.2|Global Ranking of Sub-Barriers 

Table 2 presents the local weight of each sub-barrier within its category, the category’s overall weight, and the 

resulting global weight. The top-ranked sub-barriers are data quality and integration (0.191) and lack of ICT 

infrastructure (0.163), both in the technological category, followed by lack of skilled workforce (0.116) and 

resistance to change (0.091) in the organizational category. 

 

Barrier Category Weight 

Technological 0.466 

Organizational 0.277 

Economic 0.161 

Social/Ethical 0.096 
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 Fig. 1. Three-level AHP hierarchy for AI adoption barriers. 

 

Table 2. Global weights of sub-barriers. 

 

 

 

 

 

 

 

 

 

 

 

 

The distribution of weights across main categories is shown in Fig. 2, highlighting the dominance of 

technological and organizational challenges over economic andsocial/ethical ones.  

Fig. 2. Weights of main AI adoption barrier categories. 

  

The global weights for all sub-barriers are illustrated in Fig. 3, where technological barriers are visibly more 

significant compared to others.  

Rank Category Sub-Barrier (Code) Local Category Global 

1 Technological Data quality & integration (T1) 0.410 0.466 0.191 

2 Technological Lack of ICT infrastructure (T2) 0.350 0.466 0.163 

3 Organizational Lack of skilled workforce (O1) 0.419 0.277 0.116 

4 Organizational Resistance to change (O2) 0.329 0.277 0.091 

5 Economic High CAPEX (E1) 0.500 0.161 0.081 

6 Technological Cybersecurity vulnerabilities (T3) 0.120 0.466 0.056 

7 Economic Uncertain ROI (E2) 0.300 0.161 0.048 

8 Social/Ethical Data privacy & protection (S1) 0.400 0.096 0.038 

9 Social/Ethical Job-displacement concerns (S2) 0.350 0.096 0.034 

10 Organizational Top management commitment (O3) 0.120 0.277 0.033 

11 Technological Interoperability & standards (T4) 0.070 0.466 0.033 

12 Economic Limited incentives/financing (E3) 0.200 0.161 0.032 

13 Social/Ethical Fairness & transparency (XAI) (S3) 0.250 0.096 0.024 

14 Technological Legacy system integration (T5) 0.050 0.466 0.023 

15 Organizational Organizational culture (O4) 0.080 0.277 0.022 

16 Organizational Cross-departmental coordination (O5) 0.053 0.277 0.015 

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
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Fig.3. Global weights of sub-barriers. 

 

3.4|Conceptual Model 

Based on the AHP results and guided by the extended TOE framework, a conceptual model was developed 

(see Fig. 4) linking each barrier category to targeted solutions. For example, technological barriers can be 

addressed through ICT infrastructure upgrades and improved data governance, while organizational barriers 

require structured change management and workforce training. Economic barriers may be mitigated through 

government incentives and phased investments, and social/ethical concerns can be alleviated via 

transparency, Explainable AI (XAI), and robust ethical governance policies.  

To enhance practical applicability, the proposed TOE-based model is reinforced with measurable KPIs and 

a staged roadmap. Quick wins (short-term actions within 12 months) include data-quality audits and focused 

training modules. Structural initiatives (medium- to long-term) include ICT backbone upgrades, governance 

frameworks, and incentive schemes. KPIs such as data completeness (>95%), training hours per employee 

(>12 annually), ROI payback periods (<24 months), and privacy compliance rates (100%) are proposed to 

track progress. Table 3 summarizes the mapping of barrier groups to interventions and KPIs.  

Fig. 4. TOE-based conceptual model linking barriers to targeted solutions. 

 

Table 3. Mapping of priority barriers to interventions and KPIs. 

 

Barrier Group Intervention Sample KPIs (12–24 Month Targets) 

Technological Data governance & ICT upgrade ≥95% data completeness; ≥30% MTBF increase 
Organizational Change management & AI training ≥12 training hours/employee; ≥20% readiness ↑ 
Economic Phased CAPEX & financial incentives ROI payback ≤24 months; budget adherence ≥90% 
Social/Ethical XAI & privacy safeguards ≥90% explain ability coverage; 100% privacy compliance 

0 0.1 0.2 0.3 0.4 0.5 0.6

Data quality & integration (T1)

Lack of skilled workforce (O1)

High capital expenditure (E1)

Job-displacement concerns (S2)

Uncertain ROI (E2)

Cybersecurity vulnerabilities (T3)

Legacy system integration (T5)

Organizational culture (O4)

Global Ranking of  Sub-Barriers

Global Weight Category Weight Local Weight
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  5|Discussion and Conclusion 

The results indicate that technological barriers are the most influential impediments to AI adoption in 

manufacturing, followed by organizational, economic, and social/ethical barriers. This ranking aligns with 

prior studies highlighting the central role of technical readiness, particularly data quality and ICT 

infrastructure, in enabling effective AI integration [4], [6], [18]. Poor infrastructure and fragmented data 

systems hinder real-time AI deployment, while low-quality or inconsistent data reduce the accuracy of AI-

driven decisions. 

Sensitivity analysis confirmed the stability of findings. Even when weights were varied by ±10% or adjusted 

to simulate SMEs versus large firms, technological barriers consistently held the highest priority. Minor shifts 

occurred between organizational and economic barriers, but managerial implications remained unchanged: 

ICT upgrades, workforce training, financial incentives, and ethical AI governance remain the most critical 

interventions. 

The prominence of organizational barriers suggests that even with sufficient technical resources, resistance 

to change and insufficient workforce skills can delay adoption [3], [8], [9]. Economic constraints, while ranked 

third, remain decisive for SMEs facing high upfront costs and uncertain ROI [10], [12], [22]. Social and ethical 

concerns, including job displacement, data privacy, and fairness, may undermine stakeholder support [13], 

[15], [23]. 

By combining an SLR, the AHP method, and an extended TOE framework that separates economic and 

social/ethical dimensions, this study refines the classification of AI adoption barriers. To strengthen practical 

relevance, the conceptual model is complemented by a roadmap that links barriers to interventions and 

measurable KPIs. As summarized in Table 3 (findings section), quick wins include data-quality audits and 

targeted training, while structural initiatives require ICT backbone upgrades, governance frameworks, and 

incentive schemes. 

In conclusion, prioritizing resources toward ICT infrastructure, robust data governance, workforce 

development, change management, financial incentives, and ethical AI governance will accelerate AI readiness 

in manufacturing. 

6|Recommendations for Practice 

Based on the prioritization results, several actionable strategies are recommended: 

Technological: upgrade ICT infrastructure, establish data governance protocols, adopt standardized data 

formats, and implement cybersecurity measures [4], [6], [18]. 

Organizational: initiate structured change management, provide targeted AI training, and foster cross-

departmental collaboration [3], [8], [9].  

Economic: apply phased investments, secure subsidies, and create tax incentives [10], [12]. 

Social/ethical: implement transparency policies, adopt explainable AI frameworks, and establish ethical 

guidelines [13], [15], [23]. 

These recommendations should be tailored to each organization’s maturity, culture, and resources. 

7|Limitations and Future Research 

This study has several limitations. It relies exclusively on secondary data and literature-based pairwise 

comparisons, which may limit applicability in certain contexts. Inter-coder reliability was not assessed, as 

comparisons were coded by a single researcher. Moreover, causal mapping methods such as DEMATEL were 

not implemented due to space constraints; future work could integrate DEMATEL or fuzzy DEMATEL to 

capture interdependencies. 
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  Future studies should validate these findings with primary data (surveys, interviews, Delphi) and extend the 

analysis across regions, sectors, and firm sizes. Longitudinal research may capture evolving trends as AI 

adoption matures. Complementary MCDM methods such as fuzzy AHP, DEMATEL, or SEM could also 

provide deeper insights into barrier interrelationships. 
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Appendix A 

Systematic review protocol search strategy: A SLR was conducted to identify barriers to AI adoption in 

manufacturing. Searches were performed in Scopus, Web of Science, IEEE Xplore, ScienceDirect, and 

Persian databases (SID and MagIran) covering the period January 2020–December 2025. The following 

keywords and Boolean operators were applied: (“artificial intelligence” OR AI) AND (manufacturing OR 

“industrial sector”) AND (barrier OR challenge* OR adoption) AND (AHP OR prioritize*). 

Inclusion criteria: 

I. Peer-reviewed journal or conference articles. 

II. Explicit discussion of AI adoption barriers in manufacturing or industrial sectors. 

III. Published in English or Persian. 

IV. Full text available. 

Exclusion criteria: 

I. Purely technical AI studies without adoption issues. 

II. Non-manufacturing domains (e.g., healthcare, agriculture). 
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  III. Duplicates, abstracts without full text, or editorials. 

Screening results: The search initially retrieved 52 records (41 English, 11 Persian). After removing duplicates, 

45 de-duplicated records remained; title and abstract screening excluded 21 irrelevant items. Following full-

text review, 24 studies satisfied all criteria and were included in the final synthesis. 

Screening process: The process followed three stages: 1) title/abstract screening, 2) full-text eligibility check, 

and 3) snowballing from backward/forward references. 

Fig. A1. PRISMA flow diagram of the screening process. 

 

Appendix B 

B1. Main barriers:  

I. 4×4 matrix (Tech, Org, Econ, Soc/Eth). 

II. Local weights, CR.  

 

Table B1. Pairwise comparison of main barrier categories (CR = 0.06). 

 

 

 

 

B2. Technological sub-barriers:                                            

I. T1: Data quality & integration. 

II. T2: Lack of ICT infrastructure. 

III. T3: Cybersecurity vulnerabilities. 

IV. T4: Interoperability & standards. 

V. T5: Legacy system integration. 

Barriers Tech Org Econ Soc/Eth Weights  

Tech 1 2 3 5 0.466 

Org 1/2 1 2 3 0.277 

Econ 1/3 1/2  1 2 0.161 

Soc/Eth 1/5 1/3 1/2 1 0.096 
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  VI. 5×5 matrix (T1–T5). 

VII. Local weights (sum = 1.000). 

VIII. Global weights = Local × 0.466. 

Table B2. Pairwise comparison of technological sub-barriers (CR =  0.03). 

 

 

 

 

 

B3. Organizational sub-barriers:                                                    

I. O1: Lack of skilled workforce. 

II. O2: Resistance to change. 

III. O3: Top management commitment. 

IV. O4: Organizational culture. 

V. O5: Cross-departmental coordination. 

VI. 5×5 matrix (O1–O5). 

VII. Local weights (sum = 1.000). 

VIII. Global weights = Local × 0.277. 

Table B3. Pairwise comparison of organizational sub-barriers (CR = 0.07). 

 

 

 

 

 

B4. Economic sub-barrier: 

I. 3×3 matrix (E1–E3). 

II. Local weights. 

III. Global weights = Local × 0.161. 

IV. E1: High CAPEX. 

V. E2: Uncertain ROI. 

VI. E3: Limited incentives/financing. 

 

Table B4. Pairwise comparison of economic sub-barriers (CR = 0.001). 

 

 

 

B5. Social/ethical sub-barriers: 

 T1 T2 T3 T4 T5 Local w Global W 

T1 1 2 5 7 9 0.41 0.191 
T2 1/2 1 4 6 8 0.35 0.163 
T3 1/5 1/4 1 3 5 0.12 0.056 
T4 1/7 1/6 1/3 1 3 0.07 0.033 
T5 1/9 1/8 1/5 1/3 1 0.05 0.023 

 O1 O2 O3 O4 O5 Local w Global W 

O1 1 2 5 7 9 0.42 0.116 
O2 1/2 1 4 6 8 0.33 0.091 
O3 1/5 1/4 1 3 5 0.12 0.033 
O4 1/7 1/6 1/3 1 3 0.08 0.022 
O5 1/9 1/8 1/5 1/3 1 0.05 0.015 

 E1 E2 E3 Local w Global W 

E1 1 3 4 0.53 0.085 

E2 1/3 1 2 0.28 0.045 

E3 1/4 1/2 1 0.19 0.031 
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  I. S1: Data privacy & protection. 

II. S2: Job-displacement concerns. 

III. S3: Fairness/transparency (XAI). 

IV. 3×3 matrix (S1–S3). 

V. Local weights. 

VI. Global weights = Local × 0.096. 

Table B5. Pairwise comparison of social/ethical sub-barriers (CR = 0.02). 

 

 

 

Appendix C 

Sub-barriers and local/global weights: 

 

Table C1. Technological sub-barriers (Σ Local = 1.000). 

 

 

 

  

 

Table C2. Organizational Sub-barriers (Σ Local = 1.000). 

 

 

 

 

 

Table C3. Economic Sub-barriers (Σ Local = 1.000). 

 

 

 

 

Table C4. Social/Ethical Sub-barriers (Σ Local = 1.000). 

 

 

 

Sub-barrier weights:  

Tables C1–C4 present the complete list of sub-barriers within each category. Local weights in each category 

were normalized to sum to 1.000. Global weights were obtained by multiplying each local weight by the 

corresponding category weight (technological = 0.466, organizational = 0.277, economic = 0.161, 

 S 1 S 2 S 3 Local w Global W 

S1 1 2 3 0.50 0.048 

S 2 1/2 1 2 0.30 0.029 

S 3 1/3 1/2 1 0.20 0.019 

Code Sub-barrier Local Weight Global Weight (×0.466) 

T1 Data quality & integration 0.410 0.191 
T2 Lack of ICT infrastructure 0.350 0.163 
T3 Cybersecurity vulnerabilities 0.120 0.056 
T4 Interoperability & standards 0.070 0.033 
T5 Legacy system integration 0.050 0.023 

Code Sub-barrier Local Weight Global Weight (×0.277) 

O1 Lack of skilled workforce 0.419 0.116 
O2 Resistance to change 0.329 0.091 
O3 Top management commitment 0.120 0.033 
O4 Organizational culture 0.080 0.022 
O5 Cross-departmental coordination 0.052 0.015 

Code Sub-barrier Local Weight Global Weight (×0.161) 

E1 High capital expenditure 0.500 0.081 
E2 Uncertain ROI 0.300 0.048 
E3 Limited incentives/financing 0.200 0.032 

Code Sub-barrier Local Weight Global Weight (×0.096) 

S1 Data privacy & protection 0.400 0.038 
S2 Job-displacement concerns 0.350 0.034 
S3 Fairness & transparency (XAI) 0.250 0.024 
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  social/ethical = 0.096). The weighting procedure ensures internal consistency across the hierarchy and 

provides transparency for prioritization results. 

Appendix D 

D1. ±10% perturbation of category weights table: 

Table D1. Sensitivity of barrier rankings under ±10% perturbations. 

 

D2. SME vs. large firm scenarios: 

Table D2. Scenario-based sensitivity analysis. 

 

 

Sensitivity analysis results:  

Tables D1 and D2 present the results of sensitivity analyses. Under ±10% perturbations of category weights, 

technological barriers consistently remained the top-ranked group. Only minor variations were observed in 

the relative positions of organizational and economic barriers. Scenario testing between SMEs and large firms 

confirmed the robustness of the prioritization: While SMEs place slightly more emphasis on economic 

constraints and large firms emphasize technological readiness, the overall ranking (technological > 

organizational > economic > social/ethical) remains stable. These results demonstrate that the proposed 

prioritization framework is robust to moderate changes in assumptions. 

 

 

 

 

 

 

 

 

 

 

 

 

Scenario Technological Organizational Economic Social/Ethical Ranking Outcome 

Base case (AHP results) 0.466 0.277 0.161 0.096 T > O > E > S 
Tech +10% 0.513 0.251 0.146 0.090 T > O > E > S 
Tech –10% 0.419 0.305 0.178 0.098 T > O > E > S 
Org +10% 0.447 0.305 0.158 0.090 T > O > E > S 
Org –10% 0.483 0.249 0.172 0.096 T > O > E > S 
Econ +10% 0.455 0.271 0.177 0.097 T > O > E > S 
Econ –10% 0.474 0.286 0.145 0.095 T > O > E > S 
Soc/Eth +10% 0.458 0.272 0.158 0.112 T > O > E > S 
Soc/Eth –10% 0.471 0.280 0.163 0.086 T > O > E > S 

Scenario Technological Organizational Economic Social/Ethical Ranking Outcome 

SMEs 0.440 0.290 0.180 0.090 T > O > E > S 
Large firms 0.490 0.270 0.150 0.090 T > O > E > S 


