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Abstract 

Artificial Intelligence (AI) is reshaping the energy sector by enabling predictive analytics, improving 

operational efficiency, and supporting sustainable resource management. Yet adoption remains uneven across 

demographic and institutional contexts. This study applies a statistical lens to examine determinants of AI 

adoption, using survey data from stakeholders, including technocrats, administrators, and consumers. Chi-

square tests assess associations between demographic variables and willingness to adopt, while Mann-Whitney 

U and Kruskal-Wallis H tests compare group differences. Spearman’s rank correlation further explores 

relationships among perception scores, readiness levels, and institutional support. Results indicate that 

education and organisational scale significantly influence adoption readiness, whereas trust and perceived cost 

act as moderating factors. Findings underscore that AI adoption is not solely a technological choice but a socio-

institutional process shaped by awareness, governance, and perceived value. The paper contributes empirical 

evidence to innovation diffusion and technology acceptance models, offering actionable insights for 

policymakers and enterprises seeking to accelerate AI integration in energy systems. 
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1. Introduction 

Artificial Intelligence (AI) has emerged as a pivotal technology reshaping the global energy sector. From 

predictive maintenance of power grids to optimising renewable energy integration, AI applications are 

increasingly seen as essential tools for achieving sustainability and efficiency. However, despite its 

transformative potential, the adoption of AI in energy systems remains uneven, influenced by demographic, 

institutional, and socio-economic factors. 

The energy sector, traditionally capital-intensive and with regulatory oversight, faces unique challenges in 

adopting emerging technologies. Concerns about cost, trust, and organisational readiness often act as barriers, 

while supportive governance and awareness programmes accelerate adoption. Understanding these dynamics 

requires not only theoretical exploration but also empirical validation through statistical analysis. 

This study addresses the research gap by applying statistical methods to examine determinants of AI adoption 

in the energy sector. By employing Chi-Square, Mann-Whitney U, Kruskal-Wallis, and Spearman correlation 

tests, the research investigates associations among demographic variables, organisational characteristics, and 

willingness to adopt. The analysis provides evidence of how education, organisational scale, and perceptions 

of cost and trust shape readiness for AI integration. 

The introduction thus situates AI adoption within the broader discourse of innovation diffusion and technology 

acceptance, emphasising the need for data-driven insights. It establishes the rationale for statistical analysis as 

a means to bridge theoretical frameworks with practical realities, offering actionable implications for 

policymakers, enterprises, and researchers working toward sustainable energy futures. 
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2. Objectives of the Study 

The primary objective of this study is to statistically examine the determinants of Artificial Intelligence (AI) 

adoption within the energy sector, with a focus on demographic, institutional, and perceptual variables. 

Specifically, the study seeks to: 

 Assess demographic influence: To analyse whether age, education, occupation, and 

organisational scale significantly affect willingness to adopt AI technologies. 

 Evaluate perceptual factors: To investigate the role of trust, perceived cost, and perceived 

advantages or barriers in shaping adoption behaviour. 

 Test statistical associations: To apply Chi-Square, Mann-Whitney U, Kruskal-Wallis, and 

Spearman correlation tests for identifying significant relationships among variables. 

 Validate theoretical models: To provide empirical evidence supporting frameworks such as the 

Technology Acceptance Model (TAM) and Diffusion of Innovation (DOI) in the context of energy 

systems. 

 Generate policy insights: To derive actionable recommendations for policymakers, enterprises, 

and stakeholders to accelerate AI integration in sustainable energy practices. 

3. Methodology 

3.1. Research Design 

The study adopts a quantitative research design, employing survey-based data collection to statistically 

examine determinants of AI adoption in the energy sector. This design enables systematic testing of hypotheses 

and identification of significant relationships among demographic, perceptual, and institutional variables. 

 

Figure 1: Conceptual Framework for AI Literacy and Adoption Challenges in the Energy Sector This framework illustrates the 

interrelationship among education level, organisational size, trust in AI, and cost concerns as key determinants of adoption readiness. 

It visually connects these independent variables to the central construct of adoption readiness, which subsequently leads to AI 

implementation outcomes such as integration, efficiency, and innovation. 
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3.2. Sampling and Respondents 

A purposive sampling method was used to target respondents directly engaged with AI adoption in energy 

systems, including technocrats, administrators, policymakers, and consumers. The sample size was determined 

to ensure adequate representation across demographic categories such as age, education, and occupation. 

3.3. Data Collection 

Primary data were collected through a structured questionnaire designed to capture perceptions, willingness, 

barriers, and demographic information. The questionnaire included categorical and ordinal variables suitable 

for non-parametric statistical testing. 

3.4. Statistical Tools 

 Chi-Square Test of Independence: To examine associations between categorical variables such 

as education level and adoption willingness. 

 Mann-Whitney U Test: To compare differences in adoption perceptions between two 

independent groups (e.g., technocrats vs. consumers). 

 Kruskal-Wallis H Test: To analyse differences across more than two groups (e.g., organisational 

size categories). 

 Spearman’s Rank Correlation: To measure the strength and direction of relationships among 

ordinal variables such as trust scores and readiness levels. 

3.5. Data Analysis Procedure 

Collected data were coded and processed using statistical software. Hypotheses were tested at a 5% 

significance level (α=0.05), ensuring reliability of results. Tables, charts, and clustered bar diagrams were 

employed to visually represent findings, enhancing clarity and interpretability. 

3.6. Ethical Considerations 

Respondents were assured of confidentiality, and participation was voluntary. The study adhered to ethical 

standards of academic research, ensuring transparency and integrity in data handling. 

4. Data Analysis 

4.1. Descriptive Statistics 

The dataset comprised responses from technocrats, administrators, policymakers, and consumers. Frequency 

distributions were generated for demographic variables such as age, education, occupation, and organisational 

scale. Initial descriptive analysis revealed that respondents with higher education levels and larger 

organisational affiliations reported greater willingness to adopt AI technologies 

4.2. Chi-Square Test Results 

Chi-Square tests were conducted to examine associations between categorical variables. Results indicated a 

significant relationship between education level and adoption willingness (p<0.05), while no significant 

association was found between age and adoption willingness. Chi-Square analysis confirmed a significant 

association between education level and adoption willingness (X2=18.72, p<0.05). 

4.3. Mann-Whitney U Test Results 

The Mann-Whitney U test compared adoption perceptions between technocrats and consumers. Findings 

showed that technocrats exhibited significantly higher readiness scores (p<0.05), suggesting professional 

exposure influences adoption willingness. 

4.4. Kruskal-Wallis H Test Results 

The Kruskal-Wallis test was applied to organisational size categories. Results demonstrated that larger 

organisations reported higher adoption readiness compared to smaller firms, with statistically significant 

differences across groups (p<0.05). 
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4.5. Spearman’s Rank Correlation 

Spearman’s correlation analysis revealed a positive relationship between trust in AI and adoption readiness 

(r=0.62, p<0.01). Conversely, perceived cost showed a negative correlation with adoption willingness 

(r=−0.48, p<0.05), indicating that affordability remains a critical barrier. 

 

Figure 2: Statistical Analysis Summary of AI Adoption Determinants in the Energy Sector 

5. Discussion of Findings 

5.1 Linking Results to Research Objectives 

The statistical analyses provided in Chapter 4 offer crucial insights into the determinants of AI adoption in the 

energy sector. The findings confirm that education level and organisational size are significant predictors of 

adoption willingness, while demographic factors such as age show limited influence. This aligns with the 

research objective of identifying socio-structural factors that drive or hinder AI adoption. 

5.2 Interpretation of Key Results 

 Education and Adoption Willingness: The significant Chi-Square association suggests 

that higher education enhances awareness and confidence in AI technologies. This supports the 

Technology Acceptance Model (TAM), where perceived ease of use and perceived usefulness 

are influenced by knowledge levels. 

 Professional Exposure: Mann-Whitney U results highlight that technocrats are more 

ready to adopt AI compared to consumers. This indicates that direct exposure to technological 

environments fosters trust and readiness. 

 Organisational Scale: Kruskal-Wallis results confirm that larger organisations are more 

inclined toward adoption, likely due to resource availability and strategic foresight. 

 Trust and Cost Perception: Spearman’s correlation emphasises that trust is a positive 

driver, while perceived cost acts as a barrier. This duality reflects the Diffusion of Innovation 

(DOI) theory, where relative advantage and compatibility determine adoption. 
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Figure 3: Conceptual Linkages of Key Findings with TAM and DOI Frameworks 

5.3 Comparison with Previous Studies 

 Prior studies in the energy sector have emphasised cost barriers as the primary deterrent. 

Our findings reinforce this but add nuance by showing that trust in AI can counterbalance cost 

concerns. 

 Literature on organisational innovation adoption often highlights scale effects; Our 

results corroborate this by showing that larger firms are statistically more ready. 

 Unlike some studies that found age to be a determinant, our analysis shows no 

significant association, suggesting contextual differences in the Indian energy sector. 

5.4 Policy and Practical Implications 

 Capacity Building: Training programs targeting administrators and consumers can 

bridge the education gap. 

 Trust Enhancement: Transparent AI governance frameworks can strengthen trust among 

stakeholders. 

 Cost Mitigation: Subsidies or shared infrastructure models may reduce affordability 

barriers for smaller organisations. 

6. Conclusion 

6.1 Summary of Study 

This research examined the determinants of AI adoption readiness in the energy sector, focusing on 

demographic, organisational, and perceptual variables. The statistical analyses revealed that education level, 

organisational size, trust in AI, and perceived cost are the most significant factors influencing adoption 

willingness. 

6.2 Key Findings 

 Education positively impacts adoption readiness, highlighting the role of knowledge 

and awareness. 

 Organisational scale significantly influences readiness, with larger firms showing 

greater willingness. 
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 Trust in AI emerged as a strong positive driver, while cost perception remains a critical 

barrier. 

 Age and occupation showed limited or no significant association, suggesting adoption 

is structurally rather than demographically driven. 

6.3 Contribution of the Study 

 It validates theoretical frameworks such as the Technology Acceptance Model (TAM) 

and Diffusion of Innovation (DOI) in the context of sustainable energy. 

 It highlights the importance of perceptual and organisational factors over demographic 

ones. 

 It provides empirical evidence that can guide policymakers, technocrats, and 

administrators in designing effective adoption strategies. 

6.4 Practical Implications 

 Capacity Building: Training initiatives can enhance awareness among administrators 

and consumers. 

 Trust Enhancement: Transparent governance and ethical AI frameworks are essential 

to build confidence. 

 Cost Mitigation: Policy interventions such as subsidies, shared infrastructure, or 

collaborative platforms can reduce affordability barriers. 

6.5 Future Research Directions 

 Expanding the study to include cross-sectoral comparisons (e.g., healthcare, 

manufacturing) for broader generalisation. 

 Incorporating longitudinal data to track changes in adoption readiness over time. 

 Exploring cultural and socio-economic influences that may moderate adoption 

willingness. 

7. Recommendations 

7.1 Policy Recommendations 

 Policy Support: Governments and regulatory bodies should introduce supportive 

policies such as tax incentives, subsidies, and regulatory frameworks to encourage AI adoption 

in the energy sector. 

 Ethical Governance: Establish transparent AI governance standards to build trust 

among stakeholders and ensure responsible implementation. 

7.2 Organisational Recommendations 

 Training Programs: Organisations should invest in structured training workshops to 

enhance administrators’ and consumers’ understanding of AI applications. 

 Cost Mitigation Strategies: Smaller firms can benefit from shared infrastructure, 

cloud-based AI solutions, and collaborative platforms to reduce affordability barriers. 

 Stakeholder Collaboration: Encourage partnerships between technocrats, policymakers, 

and consumers to foster collective readiness and knowledge exchange. 

7.3 Research Recommendations 

 Cross-Sectoral Studies: Future research should compare AI adoption readiness across 

sectors such as healthcare, manufacturing, and education to broaden generalisation. 

 Longitudinal Analysis: Incorporating longitudinal data will help track changes in 

adoption readiness over time. 

 Cultural and Socio-Economic Factors: Further studies should explore how cultural 

contexts and socio-economic conditions influence adoption willingness. 
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7.4 Awareness Recommendations 

 Public Awareness Campaigns: Launch campaigns to highlight the benefits of AI in 

achieving sustainability and net-zero goals. 

 Trust Building: Promote transparency in AI systems to strengthen stakeholder 

confidence and reduce scepticism. 

8. Limitations of the Study 

8.1 Reliance on Self-Reported Data 

The study is based on survey responses from technocrats, administrators, policymakers, and consumers. 

Self-reported data may be subject to response bias, social desirability effects, or misinterpretation of questions, 

which can affect the accuracy of findings. 

8.2 Scope of Demographic Coverage 

Although demographic variables such as age, education, occupation, and organisational scale were included, 

the study did not account for other potentially influential factors such as income levels, cultural background, 

or regional differences. This limits the generalizability of results across diverse populations. 

8.3 Sectoral and Geographical Boundaries 

The research was conducted within the energy sector and primarily focused on a specific geographical context. 

Findings may not be directly applicable to other industries or regions where adoption dynamics differ due to 

varying socio-economic and regulatory environments. 

8.4 Cross-Sectional Design 

The study employed a cross-sectional design, capturing perceptions at a single point in time. This approach 

restricts the ability to observe longitudinal changes in adoption readiness, especially as AI technologies evolve 

rapidly. 

8.5 Limited Variable Set 

While statistical tests such as Chi-Square, Mann-Whitney U, Kruskal-Wallis, and Spearman’s correlation 

provided robust insights, the study did not incorporate variables such as policy awareness, ethical concerns, 

or environmental sustainability perceptions, which may also influence adoption willingness. 

8.6 Generalizability Constraints 

The findings are context-specific and may not be universally applicable. The reliance on a particular sample 

group means that results should be interpreted cautiously when extending to broader populations or different 

sectors. 

8.7 Summary 

In summary, the limitations highlight that while the study provides valuable insights into AI adoption 

readiness, its reliance on self-reported data, restricted demographic scope, sectoral boundaries, and 

cross-sectional design constrain the breadth of generalisation. Future research should address these limitations 

by incorporating longitudinal data, broader demographic variables, and multi-sectoral comparisons. 
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