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FROM VALUES TO INNOVATION: BEHAVIORAL DYNAMICS OF ENERGY 

EFFICIENCY AND AI-ADOPTION IN SMALL AND MEDIUM-SIZED ENTERPRISES 

Abstract 

This study addresses innovation-adoption of organizations by examining the behavioral and 

organizational mechanisms underlying energy-efficiency practices and artificial intelligence 

adoption among SMEs in New York State. Integrating Value-Belief-Norm theory with Diffusion 

of Innovation theory, we develop and test a framework linking values, responsibility beliefs, 

industry norms, innovation perceptions, behavioral intentions, and organizational adoption. The 

findings reveal a sequential behavioral pathway in which biospheric values strengthen 

responsibility beliefs, which reinforce industry norms and subsequently promote energy-

efficiency behaviors. Perceived benefits also significantly strengthen intentions to adopt AI for 

energy management. However, these intentions do not consistently translate into actual AI 

adoption, revealing an intention–adoption gap in the organizational implementation of emerging 

technologies. By integrating values-based behavioral mechanisms with innovation diffusion 

processes, this study extends innovation-adoption research beyond technology perceptions and 

intentions to account for the normative and behavioral foundations of organizational innovation. 

The findings further demonstrate that favorable perceptions of an innovation may be necessary 

but insufficient for implementation in resource-constrained organizations, highlighting the 

importance of distinguishing between innovation acceptance and realized organizational 

adoption. 

Key words: Artificial intelligence; innovation adoption; small and medium-sized enterprises; 

organizational behavior; energy efficiency; diffusion of innovation 

INTRODUCTION 

This study examines the relationship among three key concepts: small and medium-sized 

enterprises (SMEs), energy efficiency, and artificial intelligence (AI) driven technology 

adoption. SMEs are the focus of this investigation due to their substantial energy consumption 

and their growing need for energy-related innovations to achieve sustainable operations. SMEs 

as for-profit organizations with fewer than 500 employees (United States International Trade 
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Commission, 2010) has central role in economic activity (Thurik & Wennekers, 2004; Gherghina 

et al., 2020) make substantial contributions to economic growth, job creation, employment, 

innovation, and export participation in the United States (Gherghina et al., 2020; Kongolo, 2010; 

Varum & Rocha, 2013; Saunila, 2020; United States International Trade Commission, 2010).  

Additionally, although individual SMEs generally have relatively low energy demands and 

smaller carbon footprints, their collective energy consumption is considerable due to their large 

number (Fresner et al., 2017; Gennitsaris et al., 2023). Therefore, energy efficiency has become a 

critical issue for SMEs in the context of sustainable economic and environmental development. 

AI-driven technologies have the potential to reduce energy consumption and emissions as a key 

contributor to energy reduction (Zhou et al., 2024), intelligent energy management (Khan et al., 

2023), smart energy systems (Cheng & Yu, 2019), and sustainable energy management (Ahmad 

et al., 2021).  

There is still limited understanding of how SMEs consume energy (Hampton & Fawcett, 2017; 

Fawcett & Hampton, 2020). While the challenges faced by SMEs in adopting new technologies 

are well documented (Bressler et al., 2011), the underlying factors influencing technology 

adoption in this context remain largely understudied (Akpan et al., 2022; Enriquez et al., 2025). 

Therefore, the purpose of this research is to explore the behavioral dynamics shaping SMEs’ 

approaches to energy efficiency through the adoption of advanced technologies like AI.  

BACKGROUND  

The role of SMEs in the United States economy has been described as the “backbone” (Office of 

the United States Trade Representative, 2026) and the “lifeblood” (U.S. Small Business 

Administration Office of Advocacy, 2019). There are approximately 36.2 million SMEs in the 

United States, and they make substantial contributions to economic activity. SMEs comprise 

97.2% of exporters and contribute 33.0% of known export value ($588.4 billion). They employ 

45.9% of the private-sector workforce (62.3 million workers), contribute 43.5% of U.S. GDP, 

generate 38.7% of private-sector payroll (approximately $3.5 trillion), and account for 35.0% of 

private-sector receipts ($17.8 trillion) (U.S. Small Business Administration Office of Advocacy, 

2026). 
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Energy efficiency is particularly important in SMEs because, although individual firms consume 

relatively small amounts of energy, their collective consumption is substantial (Fresner et al., 

2017). Despite their significant energy use and potential for energy savings, understanding of 

SME energy consumption remains limited (Hampton & Fawcett, 2017; Fawcett & Hampton, 

2020). Janda et al. (2014) describe this challenge as “learning from poor data,” reflecting the fact 

that SMEs remain understudied and often data poor. 

The International Energy Agency (IEA) (2015) estimates that SMEs account for more than 13% 

of global energy demand and approximately one-third of industrial and service-sector energy 

use. In the United States, the industrial sector accounts for 35% of total energy consumption and 

the commercial sector for 13% (Energy Information Administration - EIA, 2025). Given that 

SMEs represent 99.9% of all businesses, they are estimated to account for nearly 48% of total 

business-sector energy consumption. These figures demonstrate that SMEs are significant energy 

users and should play a central role in energy-efficiency strategies. 

This study is grounded in two theoretical foundations. First, the Value-Belief-Norm (VBN) 

theory provides a framework for understanding how energy-efficiency behaviors are shaped by 

values, beliefs, and personal norms (Stern et al., 1999). Although VBN theory has been widely 

applied to explain pro-environmental behavior across diverse populations (Whitley et al., 2018; 

Lebrument et al., 2025; Fornara et al., 2016; Choi et al., 2015; Ünal et al., 2019; Fauzi et al., 

2024), relatively few studies have examined SMEs (Jain et al., 2024; Ketprapakorn & 

Kantabutra, 2019; Fatoki, 2024). This study applies VBN theory to explain how SME decision-

makers’ values, beliefs, and norms relate to energy-efficiency practices. 

Second, the study examines perceptions of AI adoption and innovation profiles using Diffusion 

of Innovation (DOI) theory (Rogers, 2003). AI, defined as the focal innovation (Acemoglu & 

Restrepo, 2019), is examined in relation to its adoption for energy efficiency within SMEs. DOI 

theory provides a framework for understanding how new technologies are perceived, spread, and 

adopted within a social system over time. 

Decision-makers serve as key agents responsible for making and implementing decisions related 

to energy use and technology adoption. The VBN and DOI theories provide complementary 
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perspectives for understanding how decision-makers sociocultural factors, innovation 

understanding, and organizational contexts associate with energy-efficiency practices and AI 

adoption in SMEs. Therefore, this study uses survey data collected from SME decision-makers, 

including owners, co-owners, managers, and full-time employees responsible for organizational 

operations. These individuals are defined as those who play a primary role in strategic decision-

making processes within SMEs (Huang, 2009; Musso & Francioni, 2012). Their behaviors are 

influenced by the organizational cultures in which they operate (Gao et al., 2017; Xie et al., 

2021; Su et al., 2022). Prindle and Finlinson (2011) emphasize the close relationship between 

organizational behavior and organizational culture in the context of energy management. 

METHODOLOGY 

The purpose of this study is to investigate the drivers of energy-efficiency behaviors and 

innovation approaches in SMEs and to explain how these factors shape workplace practices and 

technology-adoption decisions within organizational settings. Specifically, this study addresses 

two research questions: (1) How do values, beliefs, and norms relate to energy-efficiency 

behavior in SMEs? and (2) How do perceived innovation attributes relate to SMEs’ current use 

and future intention to use AI technologies, and what are the innovation profiles of SMEs?  

The surveys were conducted in the State of New York with the approval of the Institutional 

Review Board (IRB) of the author’s institution in August 2025. Participants who met the 

eligibility criteria were presented with an informed consent form at the beginning of the survey. 

Participants were allowed to proceed to the survey questions only after providing informed 

consent. An online questionnaire was administered through the Qualtrics platform. The survey 

was collected between September and November 2025. Data were collected using a purposive 

sampling technique, which enabled the researcher to reach individuals have the characteristics 

relevant to the research objectives (Barratt et al., 2015; Rai & Thapa, 2015). 

The recruitment strategies were (1) in-person outreach, including business visits and 

participation in business-related events; (2) online distribution through digital platforms; and (3) 

email and phone outreach. Email and phone outreach proved largely ineffective. In contrast, in-

person outreach and online distribution were more successful in reaching SME decision-makers. 
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Approximately 950 businesses were contacted through in-person outreach, including site visits 

and attendance at business-related events. Approximately 76% of these businesses declined to 

participate in the survey. A total of 303 survey entries were recorded in Qualtrics during the 

data-collection period, of which 155 were complete (Figure 1).  

Sociocultural Measures 

An adapted VBN model is employed in which personal moral norms are replaced with industry 

norms (Prawesh et al., 2021; Roxas, 2022), which better reflects the organizational decision-

making context of SMEs. This approach is based on the idea that organizational behavior is 

shaped by the values (Meglino & Ravlin, 1998) and beliefs (Schein, 1985) of decision-makers, 

whose perceptions guide strategic choices and operational practices within organizations. The 

model (Figure 4) assumes that each variable in the relationship directly related the subsequent 

variable. Based on this assumption, 4 hypotheses were formulated.  A total of 12 statements were 

used to assess participants’ latent psychological constructs related to energy efficiency behaviors 

in their workplaces (Table 1). All measurement items were adopted from previous literature to 

ensure validity. The constructs included biospheric values, egoistic values, energy efficiency 

responsibility beliefs, and industry norms from sector, business, and customers. Measures for 

biospheric values, egoistic values, and beliefs were adapted from Stern et al. (1999), and norms 

were adapted from Cialdini (2003) and Whitley et al. (2016). Altruistic values were excluded due 

to their high correlation and conceptual overlap with biospheric values (Steg & De Groot, 2012; 

Sockhill et al., 2022).  

H1. SME decision-makers’ biospheric values (BV) are related to their energy efficiency 

responsibility beliefs (EERB).  

Egoistic values relate to self-interest, which in a business context is highly connected to business 

survival, cost reduction, and competitiveness. When energy efficiency is perceived as a means to 

achieve economic benefits, decision-makers with strong egoistic values can develop 

responsibility beliefs toward energy efficiency based on its instrumental value (Ruepert et al., 

2017). 



 6 

H2. SME decision-makers’ egoistic values (EV) are related to their energy efficiency 

responsibility beliefs (EERB). 

Decision makers who perceive energy efficiency as an organizational responsibility are more 

likely to recognize, internalize, and respond to industry norms promoted by peers, competitors, 

and other key stakeholders. Stakeholder pressures, industry expectations, and competitive 

dynamics are key dynamics for internalization of environmental responsibility (Bansal & Roth, 

2000).  

H3. SME decision-makers’ energy efficiency responsibility beliefs (EERB) are related to their 

industry norms (IN). 

Firms adopt energy efficiency practices in response to pressures from competitors and normative 

pressures from customers and suppliers to maintain competitiveness and legitimacy (Lee et al., 

2022). When energy efficiency is widely supported or expected within an industry, SME 

decision makers become more interested in adopting energy efficiency practices in order to 

maintain legitimacy, competitiveness, and alignment with industry standards. 

H4. SME decision-makers’ industry norms are related to their energy efficiency behaviors 

(EEB). 

Validity was established by selecting items measuring biospheric values, egoistic values, and 

beliefs from previously validated scales reported by Stern et al. (1999). Similarly, the norm scale 

items were adapted from prior studies using validated measures (Cialdini, 2003; Whitley et al., 

2016). Construct validity was assessed using confirmatory factor analysis (CFA), following 

established guidelines for measurement model evaluation (Brown & Moore, 2012). Convergent 

validity was supported by statistically significant standardized factor loadings exceeding 0.60, 

composite reliability (CR) values above the recommended threshold of 0.70, and average 

variance extracted (AVE) values greater than 0.50. Discriminant validity was evaluated using the 

Fornell–Larcker criterion, with results indicating that the square root of the AVE for each 

construct exceeded its correlations with other constructs. For the values scale, participants were 

asked to rate the importance of each item on a 5-point Likert scale, ranging from 1 (not at all 

important) to 5 (very important). For beliefs and norms, participants indicated their level of 
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agreement or disagreement using a 5-point Likert scale, ranging from 1 (strongly disagree) to 5 

(strongly agree).  

Diffusion of Innovation Measures 

This section includes 17 measurement items that represent the attributes of innovation as framed 

by the DOI Theory, including relative advantage, compatibility, complexity, observability, and 

trialability (Rogers, 2003). Participants rated their level of agreement using a 5-point Likert 

scale, ranging from 1 (strongly disagree) to 5 (strongly agree). These 5 constructs were selected 

because Rogers (2003:211) identifies them as the core perceived attributes of innovations. 

The proposed model includes intention and behavior as adoption outcomes (Figure 5). 

Complexity is treated as a separate construct, while the remaining four constructs are grouped 

under the category of perceived benefits. The model also assumes direct causal relationships 

between each variable and the subsequent variable in the causal chain. Based on these 

assumptions, 3 following hypotheses were formulated. 

Although Rogers (2003) conceptualizes relative advantage, compatibility, observability, and 

trialability as distinct constructs, he acknowledges that these attributes collectively represent the 

perceived favorability of an innovation. Furthermore, Arts et al. (2011) emphasize that 

consumers tend to adopt innovations that are perceived as less complex. Tornatzky and Klein 

(1982) similarly argue that innovation characteristics are not necessarily perceived as 

independent by technology adopters. In the context of SMEs, decision-makers are therefore 

unlikely to evaluate each attribute separately; instead, they tend to form a holistic judgment 

regarding the overall usefulness of an innovation. 

H5. Perceived benefits of AI are related to future AI adoption intention.  

According to Rogers (2003, pp. 238–240), relative advantage, compatibility, trialability, and 

observability are positively associated with the rate of adoption, while complexity is negatively 

related to adoption. Relative advantage, compatibility, observability, and trialability contribute to 

participants perceived benefits of AI, thus complexity is treated as a different construct. Rogers 

(2003) defines complexity as the degree to which an innovation is perceived as difficult to 
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understand and use. Dwivedi et al. (2021) emphasize that the complexity and opacity of AI 

technologies increase perceived difficulty.  

H6. Complexity is related to future AI adoption intention. 

From the perspective of Venkatesh et al. (2003), behavioral intention is a key determinant of 

actual technology use. It was underlined that individuals who intend to use a technology are 

more likely to translate that intention into real usage behavior. 

H7. Future AI adoption intention is related to AI adoption behavior. 

The measurement items (Table 2) used in this study were adapted from Al-Jabri and Sohail 

(2012), who adapted them from previously validated scales (Tan & Teo, 2000; Lin, 2011; Poon, 

2008; Fain & Roberts, 1997; Laukkanen & Cruz, 2009), thus ensuring content validity. Al-Jabri 

and Sohail (2012) further validated these scales through focus group discussions and pilot 

testing. A total of 17 items were used to measure participants’ perceptions of AI adoption 

attributes, including relative advantage (5 items), compatibility (3 items), observability (4 items), 

complexity (3 items), and trialability (2 items). Although trialability was measured using only 

two items adapted from prior studies, it exhibited strong factor loadings and high internal 

consistency (λ > 0.70).  

Innovation Profile Measures 

In this section, innovation adoption is conceptualized as a self-perceived innovation orientation 

inspired by Rogers’ (2003) DOI adopter orientations toward innovation adoption. Accordingly, 

the measurement instrument was designed to reflect respondents’ relative alignment with 

different DOI-inspired adoption orientations. The winner-takes-all procedure (Haykin, 2009) 

served as an initial rule to identify cases with a clearly dominant adoption orientation. For 

respondents without a uniquely dominant orientation, a second-stage dominance-based heuristic 

abstraction (Puppe, 1993) was applied to preserve theoretically meaningful variation.  

The innovation adoption items were adapted from Savery (2005:58) (Table 3) and were 

theoretically grounded in Rogers’ (2003) DOI framework, thus supporting content validity. The 
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scale follows a categorical measurement logic, in which each item represents a theoretically 

different adoption profile rather than serving as an indicator of a single latent construct.  

FINDINGS 

Demographics of participants and their firm profiles are presented in Table 4 and Table 5. 

Participants are mainly managers (50.3%), owners (36.1%) and co-owners (9.7%). The category 

“other” refers to employees who hold operational management responsibilities and are involved 

in decision making and business practices as an employee (3.9%). Most participants were 

between 25 and 44 years of age (62.6%), with relatively fewer respondents in the youngest and 

oldest age groups. The sample was predominantly male (76.8%). In terms of education, more 

than two-thirds of respondents have least a bachelor’s degree, indicating a relatively high level of 

educational background. Participants also reported considerable work experience, with more than 

half (54.8%) having over 10 years of professional experience.  

The largest proportion of respondents operate in buildings housing 2-5 businesses (31.6%), 

followed by those in single-business buildings (22.6%). This suggests that most participants 

conduct their operations in less densely populated commercial environments. The industry 

distribution of survey participants demonstrates representation across a wide range of sectors, 

indicating a diverse sample. The largest proportion of respondents operate in accommodation 

and food services (36.1%), followed by retail trade (9.0%), while several other industries 

including art, entertainment, and recreation, finance and insurance, and construction are also 

represented. The distribution of firm age indicates the mix of young and well-established 

businesses among the survey participants. The largest proportion of firms has been operating for 

1–5 years (29.0%), suggesting a strong presence of early-stage businesses.  

Participants were asked about their political orientation and their views on climate change 

(Figure 2). These two questions were adopted from Carlisle et al. (2025). The results indicate 

that most respondents identified as politically moderate, with moderates representing the largest 

group (38.1%). This was followed by conservatives (21.3%) and liberals (20%), while smaller 

proportions identified as very conservative (11.6%) or very liberal (9%). With respect to climate 

change, there was strong agreement that it is a serious problem. A majority of respondents either 
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agreed (30.3%) or strongly agreed (32.9%) with this statement. A small proportion strongly 

disagreed (1.3%), and 10.3% of the participants disagreed.  

They were also asked on energy efficiency behavior, current and future AI adoption, and energy 

program awareness (Figure 3). It was asked whether businesses have implemented any energy-

efficiency measures specifically related to their HVAC (heating, ventilation, and air 

conditioning) systems. From the 155 participants, 41 respondents (26.5%) reported using energy 

efficiency measures currently, while 69 participants (44.5%) indicated that they did not use any 

such measures. An additional 45 participants (29.0%) reported that they were unsure whether 

energy efficiency measures were in place. 

Another question in the survey asked participants whether their businesses currently use AI in 

their HVAC systems. The majority of respondents indicated that they do not use AI-based 

HVAC technologies. Specifically, 117 participants (75.5%) reported “No,” 27 participants 

(17.4%) indicated that they were unsure, and only 11 participants (7.1%) reported yes, using AI.  

Participants were also asked about their intentions to adopt AI-driven HVAC technologies in the 

future. When asked whether they would consider implementing AI-enabled HVAC systems in 

their workplaces, 48 participants (31.0%) indicated that they would be willing to do so, while 31 

participants (20.0%) reported that they would not. A substantial proportion of respondents, 76 

participants (49.0%) reported that they were undecided. 

The final survey question examined participants’ awareness of New York State energy programs 

that support the use of technologies like AI to improve energy efficiency among SMEs (this part 

will be discussed in greater detail in the policy chapter). A total of 152 participants responded to 

this question, while 3 did not provide a response. Among those who responded, only 5 

participants (3.3%) reported being aware of such programs. In contrast, 103 participants (67.8%) 

indicated that they were not aware of these programs, and 44 participants (28.9%) reported being 

unsure.  

VBN Findings 
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The following findings are about the adopted models from the VBN and DOI theories. 

Reliability of the sociocultural measures was evaluated by examining the internal consistency of 

the items within each construct of the VBN framework. Specifically, Cronbach’s alpha was used 

as the reliability indicator, with values of 0.70 or higher considered acceptable. The biospheric 

values scale demonstrated high reliability (α = 0.862), indicating strong internal consistency 

among its items. Egoistic values also showed good reliability (α = 0.831), suggesting that the 

indicators coherently capture the same underlying construct. The beliefs scale exhibited 

acceptable reliability (α = 0.739), exceeding the recommended threshold and supporting the 

aggregation of these items into a single beliefs construct. Finally, the norms scale showed high 

internal consistency (α = 0.865), indicating that the norms items reliably represent a common 

latent dimension. 

CFA was used (Brown & Moore, 2012) to test whether the observed variables appropriately 

represent the latent constructs of the VBN theory. The CFA results indicate that all standardized 

factor loadings exceeded the recommended threshold of 0.60, and all were statistically 

significant, demonstrating an acceptable measurement model. As shown in Table 6, Cronbach’s 

alpha and Composite Reliability (CR) values for all constructs ranged from 0.739 to 0.892, 

indicating satisfactory internal consistency and construct reliability. Additionally, the Average 

Variance Extracted (AVE) values ranged from 0.504 to 0.742, exceeding the recommended 

minimum criterion of 0.50 and confirming adequate convergent validity. All factor loadings were 

substantially above 0.50, providing further support for convergent validity. Discriminant validity 

(DV) was also established using the HTMT criterion. All HTMT values were below the 

recommended threshold of 0.85, with values ranging from 0.195 to 0.753. These findings 

confirm that the constructs demonstrate adequate discriminant validity and are conceptually 

distinct from one another.  

Table 7 presents the results of the structural model. It examines the hypothesized relationships 

among biospheric values, egoistic values, energy efficiency responsibility beliefs, and industry 

norms. The behavior component in the structural model represents energy efficiency behavior 

and was measured through the survey question asking whether participants use energy efficiency 

measures or not. The results indicate that biospheric values have a significant positive 

relationship with energy efficiency responsibility beliefs (β = 0.732, z = 9.075, p < 0.001), which 
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is supporting H1. In contrast, the relationship between egoistic values and energy efficiency 

responsibility beliefs is positive but not statistically significant (β = 0.118, z = 1.885, p = 0.059), 

not supporting H2. Furthermore, energy efficiency responsibility beliefs significantly and 

positively relate to industrial norms (β = 0.581, z = 3.338, p = 0.001)), supporting H3. Lastly, 

industry norms have a significant positive relationship with energy efficiency behavior (β = 

0.469, z = 3.552, p < 0.001), thereby supporting H4. These findings highlight a sequential 

pathway in which biospheric values shape beliefs, beliefs associated with norms, and norms 

associated with energy efficiency behavior in SMEs workplace settings. Additionally, it suggests 

that energy efficiency behavior is primarily driven by environmentally oriented value 

motivations rather than self-interested considerations, reinforcing the importance of biospheric 

values within the value–belief–norm pathway. 

DOI Findings 

In the second model, internal consistency reliability for the DOI constructs was evaluated using 

Cronbach’s alpha. All constructs exceeded the recommended threshold of 0.70, indicating 

satisfactory reliability and supporting the aggregation of items into their respective scales. 

Specifically, relative advantage demonstrated high reliability (α = 0.905), reflecting strong 

consistency among items measuring perceived innovation benefits. Compatibility showed 

excellent reliability (α = 0.925), suggesting that its indicators coherently capture the alignment of 

the innovation with existing values and practices. Observability also exhibited high internal 

consistency (α = 0.893), exceeding the acceptable threshold and supporting its use as a single 

construct. Similarly, complexity demonstrated strong reliability (α = 0.871), indicating consistent 

measurement of perceived difficulty associated with the innovation. Finally, trialability showed 

high internal consistency (α = 0.889), suggesting that the items reliably measure opportunities to 

experiment with the innovation prior to adoption. 

CFA was conducted (Brown & Moore, 2012) to assess whether the observed items properly 

represented their respective latent constructs (Table 8). The results show that all standardized 

factor loadings exceeded the recommended threshold of 0.70 and were statistically significant, 

indicating a satisfactory measurement model. Cronbach’s alpha and CR values for all constructs 

ranged from 0.871 to 0.925, demonstrating strong internal consistency and construct reliability. 
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In addition, the AVE values ranged from 0.689 to 0.803, exceeding the recommended minimum 

value of 0.50 and confirming adequate convergent validity. These results in general indicate that 

the measurement model exhibits acceptable reliability and convergent validity and is suitable for 

further structural model analysis. Discriminant validity was assessed using the HTMT criterion. 

Perceived Benefits was specified as a higher-order construct comprising Relative Advantage, 

Compatibility, Observability, and Trialability, while Complexity was retained as a separate 

construct. The HTMT value between Perceived Benefits and Complexity was 0.212, which is 

well below the recommended threshold of 0.85. Therefore, the results provide strong evidence of 

discriminant validity, indicating that Perceived Benefits and Complexity are empirically distinct 

constructs. 

The results (Table 9) indicate that perceived benefits of AI have a strong and positive 

relationship with intention to use AI (β = 0.368, z = 4.455, p < .001). This finding supports H1 

and points out that benefit perceptions such as relative advantage, compatibility, observability, 

and trialability play a central role in shaping AI adoption intentions. In this study, participants 

who perceived greater benefits of AI were significantly more likely to express an intention to use 

AI. Perceived complexity of AI did not have a significant relationship with intention to use AI (β 

= 0.067, z = 0.857, p = .392). Therefore, H2 is not supported. It means that in the context of this 

study, complexity is not a decisive factor once perceived benefits are considered. Lastly, the 

relationship between intention to use AI and AI use behavior was positive but weak (β = 0.177, z 

= 1.706, p = .088) and therefore did not provide support for H3 at the 0.05 significance level. As 

a result, these findings suggest that SMEs’ intentions to adopt AI are primarily driven by 

perceived benefits rather than perceived complexity, while the transition from intention to actual 

AI use may depend on additional external, organizational and structural factors beyond 

individual perceptions alone. 

Innovation Profile Findings 

As an initial exploratory step of the analysis for the innovation profiles, a highest-score (winner-

takes-all) classification procedure (Haykin, 2009:37) was applied to examine whether any 

respondents demonstrated a clearly dominant self-perceived adoption orientation. When a single 

innovation measurement item received a uniquely highest score, the respondent was associated 



 14 

with the corresponding adoption orientation for descriptive purposes. The Figure 6 shows the 

distribution of respondents’ adopter categories. 13 respondents were classified as Innovators, 

indicating very early engagement with AI technologies. 11 respondents fell into the Early 

Adopter category, while 7 were categorized as Early Majority, representing individuals who 

show interest in AI but tend to adopt it after observing others. 3 respondents were classified as 

Late Majority, who typically delay adoption until the technology is widely accepted, and 5 

respondents were identified as Laggards, reflecting a higher level of resistance to innovation. 3 

participants did not provide a response.  

The first procedure resulted in dominant orientation identification for 39 respondents, while 113 

respondents demonstrated highest scores across multiple innovation categories. The observed 

distribution of adopter categories does not correspond to Rogers’ (2003) theoretical adopter 

distribution; First, the data were collected using purposive sampling aligned with the study’s 

objectives, rather than sampling intended to represent a general population. Second, the total 

sample size (N = 155) is relatively small. Importantly, this deviation is not a limitation but a 

meaningful outcome. Rogers’ adopter distribution reflects population-level diffusion processes 

over time, whereas the present study focuses on a purposively selected group of SME decision 

makers. Innovation adoption was examined as a mixed orientation combining multiple adopter 

profiles. A substantial number of respondents (n = 113) were identified as having a mixed 

adopter orientation, indicating that they demonstrated traits associated with more than one 

adopter category.  

A second-stage heuristic classification and abstraction procedure was applied (Puppe, 1993) to 

determine the dominant orientation of the 113 mixed-oriented participants (Figure 7). Because 

these respondents showed similarly high levels of agreement across multiple adopter categories, 

they could not be meaningfully assigned to a single profile and were initially classified as mixed 

oriented. To further differentiate their adoption tendencies, a dominance threshold of 0.50 was 

established to ensure substantive orientation differences rather than marginal variation.  

The mixed-oriented participants were classified into three composite categories: (1) early 

innovators, (2) late innovators, and (3) balanced (Table 10). This approach follows Puppe’s 

(1993, pp. 131–148) suggestion that constellations of related observations can be meaningfully 
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combined into a single conceptual classification. Early oriented respondents exhibited higher 

mean scores on the Innovator (Time_1) and Early Adopter (Time_2) items, indicating a pro-

innovation orientation. Late-oriented respondents demonstrated higher mean scores on the Late 

Majority (Time_4) and Laggard (Time_5) items, reflecting a more cautious or anti-innovation 

orientation. Balanced respondents showed approximately equivalent mean scores across early 

and late adoption items, suggesting neither a dominant pro- nor late-adoption tendency. One 

respondent could not be assigned to any of these composite categories due to missing data, which 

prevented determination of a dominant innovation orientation. The results indicate that the 

innovation profiles of SME decision makers are predominantly characterized by mixed adopter 

orientations (n=113) rather than clear alignment with a single adopter category (n=39). Most 

respondents exhibited overlapping characteristics across multiple adopter categories, with a 

prevailing tendency toward early-oriented (n=77) and balanced (n= 30) profiles.  

DISCUSSION 

The discussed results are presented in two stages: (1) the behavioral and organizational patterns 

of energy-efficiency and AI adoption among SMEs, and (2) the theory-tested results of energy-

efficiency practices and technology adoption in SMEs. The inclusion of managers, owners, co-

owners, and operationally responsible employees suggests that the findings reflect the 

perspectives of individuals directly involved in organizational operations, energy-related 

decision-making, strategic planning, and technology adoption (Huang, 2009; Musso & Francioni, 

2012). Since decision-makers reflect organizational culture through processes of external 

adaptation and internal integration (Schein, 1984), these dimensions are also evident in their 

approaches to energy efficiency and technology adoption. The predominance of male 

participants is consistent with research highlighting the underrepresentation of women in SME 

leadership positions (Hoobler et al., 2011; Madison et al., 2022). The sample also captured a 

diverse range of SMEs across multiple industries, broadening representation across 

organizational contexts. 

Respondents generally identified with moderate political views, suggesting that the sample was 

not highly polarized and reflected a broad middle segment of the political spectrum. SMEs with 

fewer than 500 employees account for approximately 36 million businesses in the United States 
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and contribute substantially to economic growth, employment, innovation, and exports 

(Kongolo, 2010; United States International Trade Commission, 2010; Varum & Rocha, 2013; 

Gherghina et al., 2020; Saunila, 2020). Given their importance, politicians across ideological 

perspectives frequently emphasize SME contributions and seek support from SME owners 

(Malhotra et al., 2025). 

Previous studies have documented increasing political polarization surrounding climate change 

in the United States (Dunlap et al., 2016; Carmichael et al., 2017). However, respondents in this 

study expressed strong concern about climate change, suggesting that climate awareness is 

widely shared regardless of political orientation. In contrast, awareness and adoption of HVAC-

related energy-efficiency practices were relatively low. Only about one in four businesses 

reported using such measures, while many either did not use them or were uncertain whether 

they were implemented. 

The low adoption of energy-efficiency measures may be explained by financial barriers and 

tenancy arrangements. High investment costs remain a major obstacle to energy-efficiency 

improvements in commercial buildings (Marquez et al., 2012). Furthermore, because more than 

52% of commercial building space in the United States is rented, split incentives often 

discourage investment in energy-efficiency upgrades (Bird & Hernández, 2012). In these 

situations, owners bear investment costs while tenants receive most of the financial benefits, 

reducing incentives for both parties (White et al., 2020; Castellazzi et al., 2017). 

The large proportion of respondents who were unsure whether energy-efficiency measures 

existed may reflect informational gaps (De Ayala et al., 2021). Previous research suggests that 

both building owners and tenants often have limited understanding of energy systems and 

associated costs (Palmer & Walls, 2015). As a result, limited knowledge of alternative 

technologies and energy consumption patterns remains a barrier to adoption (Marquez et al., 

2012). Similarly, the large, undecided group regarding AI-enabled HVAC systems suggests that 

these technologies remain unfamiliar to many SMEs. The prevalence of uncertainty indicates 

caution rather than rejection and represents a potential market if supported by effective 

communication, awareness campaigns, and financial incentives. From Rogers’ (2003:164) 

perspective, many SME decision-makers have not yet acquired sufficient knowledge about AI 
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applications for energy efficiency, and attitudes toward AI-enabled systems are still developing. 

The findings also reveal very low awareness of New York State energy policies and programs 

supporting technology-based energy-efficiency initiatives. This creates information asymmetry 

(Liu et al., 2019), potentially limiting informed technology-adoption decisions. 

The current and future AI adoption for energy efficiency remains limited, reflecting the early 

stage of diffusion. AI adoption is not yet socially patterned, indicating that diffusion has not 

progressed sufficiently for systematic differences across firms or individuals to emerge. From 

Rogers’ (2003:164) perspective, many SME decision-makers still lack adequate knowledge 

about AI applications for energy efficiency, and attitudes toward these technologies are still 

forming. The absence of significant predictors further suggests limited organizational readiness 

and continued uncertainty regarding AI-based energy technologies. 

The findings suggest that SMEs generally demonstrate environmental values and openness 

toward innovation; however, the actual adoption of energy-efficiency and AI technologies 

remains constrained by limited knowledge, organizational barriers, and informational 

uncertainty. The individual and organizational patterns related to energy efficiency and 

technology adoption reflect 5 main findings. 

1. Awareness & Adoption Gap: SMEs demonstrate higher levels of awareness and concern 

than actual adoption behavior.  

2. Uncertainty Hesitation: Uncertainty and limited familiarity are more common barriers 

than direct resistance to energy and technology-related decisions.  

3. Strategic and Pragmatic Decision-Making: SMEs approach innovation selectively, 

cautiously, and pragmatically rather than ideologically.  

4. Incomplete Knowledge Diffusion: The diffusion of information regarding energy-

efficiency technologies and policies remains limited among SMEs.  

This section discusses the results related to energy-efficiency behavior tested with VBN theory, 

technology adoption tested with DOI theory, and the innovation profiles of SMEs. The VBN 

analysis reveals three important findings. First, the results support the sequential pathway 

proposed by VBN theory (Stern, 2000), linking values, beliefs, norms, and behaviors. Biospheric 
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values are associated with responsibility beliefs, responsibility beliefs are associated with 

industry norms, and norms subsequently relate to energy-efficiency behavior. Second, consistent 

with previous studies, biospheric values play an important role in shaping environmental 

responsibility beliefs (Al Mamun et al., 2022). Individuals who hold environmentally oriented 

values tend to develop stronger perceptions of responsibility regarding energy use and 

conservation. 

Third, egoistic values did not show a meaningful relationship with responsibility beliefs. While 

previous studies often report a negative relationship between egoistic values and environmental 

responsibility (Steg et al., 2005; De Groot & Steg, 2007), no significant association was observed 

in this study. Unlike household consumers, SME decision-makers must balance economic 

survival, organizational continuity, and environmental concerns simultaneously. As a result, 

egoistic values may coexist with environmental responsibility beliefs within a pragmatic 

organizational context. 

The DOI analysis also produced three important findings. First, perceived benefits play a central 

role in shaping SMEs’ intentions to adopt AI technologies, consistent with Rogers’ (2003) 

argument that perceived advantages increase adoption rates. Relative advantage, compatibility, 

observability, and trialability were all important in shaping AI adoption intentions, suggesting 

that SMEs are primarily motivated by the practical and organizational value of AI technologies. 

Second, perceived complexity was not significantly associated with intention to use AI, 

indicating that concerns about difficulty may become less important when perceived benefits are 

strong. Although prior studies emphasize simplicity as a facilitator of adoption (Cadarette et al., 

2017) and identify complexity as a barrier (Dwivedi et al., 2021), SME decision-makers may be 

willing to overlook complexity when AI is viewed as useful for organizational operations and 

energy management. Third, intention alone was not a strong predictor of actual AI use behavior 

(Bhattacherjee & Sanford, 2009). This suggests that external factors such as cost, infrastructure, 

regulatory requirements, and organizational decision-making authority may constrain the 

translation of positive intentions into actual adoption (Venkatesh et al., 2003; Liang et al., 2007). 

Regarding innovation profiles, SME decision-makers were predominantly characterized by 

early-adopter and balanced orientations. This pattern is consistent with research highlighting the 
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strong relationship between SMEs and innovation (Parrilli & Elola, 2012; Indrawati et al., 2020). 

However, SMEs appear to approach adoption strategically rather than automatically, as reflected 

in the relatively low level of actual AI adoption. Limited resources, uncertainty, operational 

risks, competition, and organizational constraints (Hanadi & Aruna, 2013) likely encourage 

careful evaluation of new technologies before implementation. 

The divergence between the observed adopter distribution and Rogers’ (2003) theoretical 

distribution further highlights the contextual nature of innovation adoption among SMEs. 

Because the study employed purposive sampling within specific commercial and energy-related 

settings, the findings are not intended to replicate population-level diffusion patterns. Instead, 

they provide insight into how SME leaders perceive and position themselves toward innovation 

in real organizational contexts. Overall, SMEs are willing to adopt environmentally responsible 

and AI-supported practices when organizational value is evident; however, implementation is 

often moderated by practical and structural constraints. Positive attitudes toward innovation and 

sustainability do not automatically translate into actual adoption behavior. 

CONCLUSION 

This study aimed to understand energy-efficiency behaviors and technology adoption in SMEs. 

The first academic implication is that the findings demonstrate the applicability of both VBN and 

DOI theories within SME contexts, a relatively underexplored area in energy research. The 

second implication is that the findings differ from some theoretical expectations in two ways: (1) 

the non-significant relationship between egoistic values and environmental responsibility beliefs 

suggests that SME decision-making may involve more pragmatic and multidimensional value 

structures, and (2) the gap between positive adoption intentions and actual AI use highlights the 

importance of incorporating organizational and structural variables into technology-adoption 

research. Practically, the findings suggest that SMEs may benefit from increasing awareness and 

education regarding energy-efficiency systems, HVAC technologies, and AI-enabled 

applications. SMEs may also adopt a more strategic approach by considering long-term 

operational and energy-management benefits rather than focusing solely on implementation 

costs. For policy makers, the findings highlight the need to improve communication and outreach 

efforts to increase SME awareness of available energy-efficiency programs. A limitation of the 
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study is its reliance on purposive sampling and its focus on SMEs in New York State, which may 

limit the generalizability of the findings. In addition, the study focused primarily on 

organizational decision-makers and may not fully capture employee perspectives. Future 

research could examine the role of organizational culture and leadership in shaping energy-

efficiency behaviors and technology adoption to better understand the development of green and 

smart businesses. 
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FIGURES 

Figure 1. Survey data collection process 
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Figure 2. Political Orientation and Climate Change Attitude of the Participants 
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Figure 3. Distribution of energy-efficiency measures, AI use, and program awareness in New 

York State 
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Figure 4. Proposed research model based on the VBN framework 
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Figure 5. Proposed research model based on the DOI framework 
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Figure 6. Number of the adopters 
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Figure 7. Classification of Mixed Orientations 
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TABLES 

Table 1. Measurement Scale for VBN framework 

Constructs Description Measurement Items Sources/ Adapted 

from 

Biospheric 
values 

SME concern for 
environmental 
protection and 
resource 
conservation 

V1-Preventing pollution, conserving natural 
resources, 
V2-Respecting the earth, harmony with other 
species, 
V3-Protecting the environment, preserving 
nature. 
 

 

 

 

 

 

 

 

 

Stern et al. (1999) 

 

Egoistic values SME focus on 
financial gains, 
control, and 
competitiveness 

V4-Social power, control over others, 
V5-Wealth, material possessions, money, 
V6-Authority, the right to lead or command. 

Energy 
Efficiency 
Responsibility 
Beliefs 

SME beliefs on 
responsibility and 
action for 
improving business 
energy efficiency 

B1-The government should take stronger action 
to support energy efficiency in business, 
B2-I feel a personal obligation to reduce my 
business’s energy use, 
B3-Businesses and industry should improve 
energy efficiency and lower emissions. 
 

Industry Norms Industry, business, 
and customer 
expectations 
guiding SME 
environmental 
responsibility 

N1-Businesses in my industry, in general, 
support the importance of energy efficiency, 
N2-Businesses in my industry, in general, 
implement energy efficiency practices, 
N3-Our customers, in general, support the 
importance of energy efficiency. 
 

Cialdini (2003), 

Whitley et al. (2018) 
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Table 2. Measurement Scale for DOI framework 

Constructs Description Measurement Items Sources/ 

Adapted from 

Relative 
advantage 

Advantages, 
usefulness, and 
value of AI 

RA1- AI is a convenient way to improve how 
we operate, 
RA2- AI helps our business run more 
efficiently, 
RA3- AI allows us to work more effectively, 
RA4- AI gives us greater control over our 
operations, 
RA5- AI is useful for managing business 
resources, 

Tan & Teo (2000) 

Compatibility Degree to which AI 
use fits with 
existing operations 

C1-AI fits well with the way we currently 
operate, 
C2-AI is compatible with our business 
practices, 
C3-Using AI fits well with our work processes, 

Lin (2011) 

Observability Visibility of AI 
benefits and 
outcomes 

O1-The benefits of using AI are visible in our 
daily operations, 
O2-AI allows faster results compared to manual 
processes, 
O3-The outcomes of using AI can be seen 
quickly, 
O4- AI makes its impact on our business clear, 

Poon (2007), Fain 

& Roberts (1997) 

Trialability Opportunity to trial 
AI before adoption 

T1-I would like to try AI tools for at least one 
month, 
T2-I want to test AI in our business to see how 
it performs. 

Tan & Teo (2000) 

Complexity Difficulty, 
challenges, and 
effort involved in 
using AI 
 

CX1-Using AI requires a lot of mental effort, 
CX2-AI systems require technical skills, 
CX3-Working with AI can be frustrating or 
overwhelming, 

Tan & Teo (2000), 

Laukkanen & Cruz 

(2009) 

 



 39 

Table 3. Measurement Items for Self-perceived Innovation Orientation 

Innovation 

Orientation 

Measurement Item Source 

Innovator Time_1. I am venturesome and eager to be the first to try new innovations  

Savery 

(2005) 

Early adopters Time_2. I adopt innovations and influence others to do so 
Early majority Time_3. I am willing to follow the lead of others in adopting innovations 
Late majority Time_4. I go along with innovations out of necessity 
Laggards Time_5. I am resistant to change  
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Table 4. Demographic of the survey participants (N=155) 

Demographic 

Variable 

Category Survey Participants 

Frequency Percent (%) 

Job position Manager 78 50.3 
Owner 56 36.1 
Co-owner 15 9.7 
Other 6 3.9 

Age 18-24 8 5.2 
25-34 53 34.2 
35-44 44 28.4 
45-54 31 20.0 
55-64    18 11.6 
65+ 1 0.6 

Gender Male 119 76.8 
Female 36 23.2 
Non-binary/Third gender 0 0.0 
Prefer not to say 0 0.0 
Prefer to self-describe 0 0.0 

Education Elementary or Middle School 2 1.3 
High School Diploma or Equivalent 24 15.5 
Associate’s degree 17 11.0 
Bachelor’s Degree 81 52.3 
Master’s Degree 25 16.1 
Doctoral Degree 6 3.9 

Work 

Experience 

Less than 1 0 0.0 
1-5 30 19.4 
6-10 40 25.8 
11-19 32 20.6 
20+ years 53 34.2 

Household 

Income (Annual) 

less than $50K 13 8.4 
$50K - $100K 57 36.8 
$100K - $250K 64 41.3 
$250K - $500K 18 11.6 
more than $500K 3 1.9 
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Table 5. Firm profile (N=155) 

Firm Profile Variable Category Survey Participants 

Frequency Percent (%) 

Number of Businesses in the 

Commercial Building 

1 35 22.6 
2-5 49 31.6 
6-10 30 19.4 
11-20 24 15.5 
21-50 10 6.5 
51-100 3 1.9 
More than 100 4 2.6 

Primary Industry Accommodation and 

food service  

56 36.1 

Retail Trade      14 9.0 
Art, entertainment, and 

recreation 

12 
7.7 

Finance and insurance 12 7.7 
Construction 10 6.5 
Others (renewable 

energy, personal 

services, gym, gas 

station, spa, engineering 

consultation, beauty, 

barber, auto repair) 

10 

6.5 

Information 7 4.5 
Manufacturing 7 4.5 
Health care and social 

assistance 

6 
3.9 

Professional, scientific, 

and technical service 

6 
3.9 

Real estate and rental 

and leasing 

5 
3.2 

Transportation and 

warehousing 

5 
3.2 

Educational services 1 0.7 
Management of 

companies and 

enterprises 

1 
0.7 

Mining, quarrying, and 

oil and gas extraction 

1 
0.7 

Utilities 1 0.7 
Wholesale trade 1 0.7 

Firm Age Less than 1 4 2.6 
1-5 45 29.0 
6-10 37 23.9 
11-20 36 23.2 
More than 20 years 33 21.3 

Number of Employees Only myself 5 3.2 
1-10 70 45.2 
11-50 42 27.1 
51-200 24 15.5 
201-500 14 9.0 

Annual Energy Expenditure less than $5K 25 16.1 
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$5K - $20K 76 49.0 
$20K - $50K 37 23.9 
more than $50K 16 10.3 
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Table 6. Factor loadings, reliability and AVE 

Construct Item Mean SD Loading CR Cronbach’s α AVE 
Biospheric 

Values (BV) 
V1 4.327 0.737 0.808 0.874 0.862 0.699 

 V2 4.348 0.699 0.810    
 V3 4.391 0.748 0.886    
Egoistic 

Values (EV) 
V4 3.414 1.267 0.779 0.836 0.831 0.635 

 V5 3.738 1.042 0.704    
 V6 3.601 1.086 0.890    
Beliefs (B) B1 4.132 0.814 0.663 0.753 0.739 0.504 

 B2 3.901 0.940 0.617    
 B3 4.162 0.788 0.871    
Norms (N) N1 3.403 1.106 0.949 0.892 0.865 0.742 

 N2 3.429 1.059 0.859    
 N3 3.589 0.866 0.705    
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Table 7. Results of The Structural Model 

Paths Standardized 

Coefficient 

Z p 

H1: Biospheric Values→ Belief 0.732 9.075 0.000*** 
H2: Egoistic Values →Belief 0.118 1.885 0.059 
H3: Belief→Norm  0.581 3.338 0.001*** 
H4: Norm→Behavior 0.469 3.552 0.000*** 
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Table 8. Factor loadings, reliability and AVE 

Construct Item Mean SD Loading CR Cronbach’s α AVE 
Relative 

advantage 
RA1 3.722  0.953 0.884 0.918 0.905 0.696 

 RA2 3.712  0.964 0.874    
 RA3 3.614  0.940 0.859    
 RA4 3.464  0.960 0.802    
 RA5 3.895  0.844 0.717    
Compatibility C1 3.311  1.008 0.872 0.924 0.925 0.803 
 C2 3.437  0.963 0.898    
 C3 3.450  0.940 0.922    
Observability O1 3.500  0.997 0.897 0.890 0.893 0.689 
 O2 3.836  0.887 0.809    
 O3 3.796  0.894 0.729    
 O4 3.550  0.900 0.857    
Complexity CX1 3.197  1.240 0.886 0.871 0.871 0.696 
 CX2 3.546  1.115 0.848    
 CX3 3.278  1.084 0.745    
Trialability T1 3.831  0.836 0.870 0.888 0.889 0.799 
 T2 3.900  0.849 0.916    
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Table 9. Results of Structural Model 

Paths Standardized 

Coefficient 

z p 

H1: Perceived Benefits of AI →Intention to Use AI 0.368 4.455 < .001 

H2: Perceived Complexity of AI →Intention to Use AI 0.067 0.857 .392 

H3: Intention to Use AI → AI Use Behavior 0.177 1.706 .088 
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Table 10. Decision Rule 

Composite Category Decision Rule 

Early Innovators Mean (Innovator + Early Adopter) ≥ Mean (Late Majority + Laggard) + 0.50 

Late Innovators Mean (Late Majority + Laggard) ≥ Mean (Innovator + Early Adopter) + 0.50 

Balanced Difference between early and late means < 0.50 

 


