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ABSTRACT 
The integration of Artificial Intelligence (AI) and Internet of Things (IoT) technologies 
in smart kitchens has transformed household consumption by enabling behavioral 
data tracking and personalized decision support. However, empirical evidence on the 
behavioral implications of AI-driven insights in consumer decision-making remains 
limited. This study examined how behavioral data and AI-based recommendations 
influenced consumer choice and adoption intentions toward smart kitchen 
technologies. A quantitative, cross-sectional survey was conducted with 300 
respondents who were familiar with smart home and smart appliance technologies. 
Data were analyzed using Partial Least Squares Structural Equation Modeling (PLS-
SEM) to assess the relationships among behavioral data tracking, AI-driven insights, 
perceived usefulness, trust, and consumer decision-making. The findings indicated 
that personalization through behavioral data and AI-generated insights significantly 
enhanced perceived usefulness and trust, which in turn positively influenced consumer 
choice and adoption intention. Conversely, privacy concerns negatively affected trust 
and reliance on AI recommendations. This study contributes to the growing literature 
on the Internet of Behaviour by demonstrating how AI-enabled smart kitchen systems 
shape consumption decisions. It also offers practical implications for manufacturers 
and marketers to design transparent, secure, and consumer-centric smart kitchen 
solutions.  

Keywords: Smart Kitchen Technology, Artificial Intelligence, IoT, Consumer 
Behaviour, Technology Adoption. 

https://www.samvaktijournals.com/partner/author/nikitha_k_1778
https://www.sjrit.samvaktijournals.com/
https://www.samvaktijournals.com/article/sjrit.2026.4
https://creativecommons.org/licenses/by-nc-nd/4.0/legalcode
https://www.samvaktijournals.com/partner/author/nikitha_k_1778
https://www.samvaktijournals.com/


AI-Driven Behavioral Insights and Consumer Decision-Making in Smart Kitchen 
Environments 

 

 

 
Page No. 16 

 

INTRODUCTION 

The rapid advancement of Artificial Intelligence (AI) and Internet of Things (IoT) 
technologies has transformed households into interconnected, data-driven 
environments. Within this context, smart kitchen technologies such as AI-enabled 
refrigerators, automated cooking appliances, and voice assistants support real-time 
monitoring, automation, and personalized decision-making. These systems improve 
efficiency and user experience through advanced analytics and machine 
learning.Smart kitchens also represent an emerging application of the Internet of 
Behaviour (IoB), where user data are analyzed to understand and influence 
consumption decisions[1]  [2]  . Despite the growing adoption of smart home 
technologies, prior research has largely focused on technical performance and system 
efficiency, with limited attention to behavioral and managerial aspects[3]  [5]  . In 
particular, empirical studies examining the combined effects of technological factors, 
psychological drivers, and perceived risks on consumer behavior remain scarce[4]. 
Existing studies often examine isolated constructs, such as perceived usefulness, 
without integrating established technology adoption models with trust and risk 
perspectives. To address this gap, the present study develops an integrated research 
model combining the Technology Acceptance Model (TAM), the Unified Theory of 
Acceptance and Use of Technology (UTAUT2), and trust–risk frameworks[9]  . The 
model examines how performance expectancy, effort expectancy, social influence, 
hedonic motivation, facilitating conditions, perceived value, trust, privacy risk, and 
security risk influence consumer attitudes and behavioral intentions toward AI-enabled 
smart kitchen technologies. A quantitative, cross-sectional survey design was 
adopted, and the proposed relationships were analyzed using Partial Least Squares 
Structural Equation Modeling (PLS-SEM)[4]  [8]  . This study advances existing literature 
in three distinct ways that set it apart from prior TAM, UTAUT2, and IoB-based 
research. First, while prior TAM studies in smart home contexts treat perceived 
usefulness and ease of use as static user perceptions, this study reinterprets these 
constructs within a dynamic, AI-driven behavioral layer where system performance 
adapts in real time through continuous user data. This shifts the locus of adoption 
explanation from fixed cognitive evaluations to behaviorally informed, personalized 
system interactions. Second, unlike UTAUT2 that extend adoption models with 
hedonic and social constructs but do not address continuous behavioral data 
collection, this study explicitly integrates the Internet of Behaviour (IoB) as a theoretical 
lens. This allows for examining how AI-generated behavioral insights derived from 
cooking patterns, consumption habits, and device interaction histories reshape user 
perceptions of usefulness, trust, and risk in a way that no prior UTAUT2 application in 
smart home research has addressed. Third, previous IoB research [5]   has primarily 
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focused on conceptual elaborations or single-construct investigations, without 
situating IoB within a multi-construct adoption framework. This study addresses that 
void by operationalizing IoB through measurable constructs (AI-driven personalized 
experience, behavioral privacy risk) and testing them alongside established adoption 
predictors in an empirically grounded PLS-SEM model. These contributions 
collectively offer a more nuanced and behaviorally sensitive explanation of consumer 
adoption in AI-enabled domestic environments. 

Research Objectives  

• To examine the influence of technological and usability factors (performance 
expectancy, effort expectancy, and facilitating conditions) on consumer attitudes 
and behavioral intentions toward AI-enabled smart kitchen technologies. 

• To analyze the influence of psychological and social factors (social influence, 
hedonic motivation, and perceived value) on consumer attitudes and behavioral 
intentions. 

• To assess the impact of trust, privacy risk, and security risk on consumer attitudes 
and behavioral intentions. 

• To evaluate the effect of consumer attitudes on behavioral intention to use smart 
kitchen technologies. 

LITERATURE REVIEW 

The proliferation of Artificial Intelligence (AI) and Internet of Things (IoT) technologies 
has accelerated the development of smart home ecosystems, particularly smart 
kitchen systems that enable automation, connectivity, and real-time behavioral 
monitoring. These technologies enhance household efficiency through personalized 
recommendations, automated inventory management, and intelligent decision 
support[1]  . More importantly, AI-enabled systems analyze user behavior such as 
cooking patterns and consumption habits to predict needs and influence decision-
making, highlighting the growing relevance of data-driven domestic environments[2]  . 
Within this context, the Internet of Behaviour (IoB) provides a critical extension by 
focusing on how behavioral data are captured, analyzed, and used to shape user 
decisions. Unlike traditional smart systems that emphasize functionality, IoB 
introduces a behavioral layer that actively influences consumption choices. However, 
despite its conceptual relevance, empirical applications of IoB in household contexts 
particularly in smart kitchens remain limited[6]. Prior studies on smart technology 
adoption have predominantly relied on the Technology Acceptance Model (TAM) and 
the Unified Theory of Acceptance and Use of Technology (UTAUT2). TAM 
emphasizes perceived usefulness and ease of use, while UTAUT2 expands this 
framework by incorporating constructs such as performance expectancy, effort 
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expectancy, social influence, and hedonic motivation[3]  . These models have been 
effective in explaining functional and usability-driven adoption behavior[4]  . However, 
they remain largely technology-centric and do not adequately account for AI-driven 
personalization or continuous behavioral data processing. 

This limitation becomes more pronounced in AI-enabled environments, where trust 
and perceived risk play a central role. Trust in AI systems is shaped by perceptions of 
transparency, reliability, and fairness, and has been shown to significantly influence 
adoption intentions[5]  . At the same time, privacy and security risks arising from 
continuous data collection and potential misuse act as critical barriers to adoption[6]  . 
Existing studies acknowledge these factors but often examine them in isolation rather 
than as part of an integrated framework. Therefore, a key gap in the literature lies in 
the lack of comprehensive models that simultaneously incorporate technological, 
psychological, and risk-related dimensions within AI-driven, behavior-sensitive 
environments. Moreover, traditional adoption models do not explicitly capture the role 
of behavioral data in dynamically shaping user perceptions. Addressing this gap, the 
present study integrates IoB with UTAUT2 and trust–risk perspectives to develop a 
unified framework that explains consumer attitudes and behavioral intentions toward 
AI-enabled smart kitchen technologies. 

Conceptual Framework 

This study proposes an integrated conceptual framework that combines UTAUT2, 
TAM, and trust–risk theory, extended through the lens of the Internet of Behaviour 
(IoB). The framework moves beyond traditional adoption models by explicitly 
incorporating AI-driven behavioral insights derived from user data, such as cooking 
habits, usage frequency, and interaction patterns. Technological constructs 
performance expectancy, effort expectancy, and facilitating conditions capture the 
functional and usability aspects of smart kitchen technologies[7]. These factors are 
well-established predictors of technology adoption but are reinterpreted in this study 
within an AI-enabled context, where system performance is enhanced through 
behavioral learning and personalization. 

Psychological and social constructs, including social influence, AI-driven personalized 
experience, and perceived value, reflect user engagement and experiential benefits. 
In IoB-driven environments, personalization plays a central role by adapting system 
responses to individual behavior, thereby enhancing perceived usefulness and user 
satisfaction. Trust and risk constructs are incorporated to address the inherent 
uncertainties associated with AI-based systems. Trust in AI systems reflects user 
confidence in the reliability and transparency of automated decisions, while perceived 
privacy and security risks capture concerns related to data misuse and system 
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vulnerabilities. These factors are particularly critical in IoB contexts, where continuous 
behavioral data collection is required. Attitude toward smart kitchen technology is 
modelled as a mediating variable that links these determinants to behavioral intention. 
This structure is consistent with established adoption theories while allowing for the 
inclusion of behavior-driven personalization and risk considerations. Overall, the 
framework provides a comprehensive explanation of consumer adoption by integrating 
functional benefits, behavioral insights, and risk perceptions within a single model. 

 
Figure 1 : Conceptual Framework for AI-Driven IoB-Based Smart Kitchen Adoption Model 

In the Figure 1 model captures the role of AI-driven behavioural insights (IoB) in 
shaping user perceptions, where personalization and data-driven recommendations 
influence both positive (trust, usefulness) and negative (privacy and security risks) 
attitudes toward adoption. 

Variable Code No. of Items References 

Performance Expectancy PE 5 [1]   

Effort Expectancy EE 4 [3]   

Social Influence SI 3 [4]   

AI-Driven Personalized Experience AIPE 3 [7]   

AI-Driven Data Security Risk SR 5 [2]   

Behavioural Data Privacy Risk PR 5 [9]   

Trust in AI Systems TR 5 [10]   

Facilitating Conditions FC 3 [8]   
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Variable Code No. of Items References 

Perceived Value PV 3 [5]   

Attitude (Smart Kitchen IoT) AIoT 3 [3]   

Behavioral Intention BI 4 [11]   
Table 1 Construct Operationalization 

Development of Theory and Hypothesis. 

The technological, psychological, and risk-related factors are in a mixture that 
influence the adoption of AI enabled smart kitchen technologies. Based on UTAUT2, 
TAM, and trust-risk theory, there are five hypotheses outlined and presented in the 
paper. Performance Expectancy (PE): It is a user belief where AI-enabled smart 
kitchen technologies enhance efficiency, convenience, and task performance. In IoB-
driven environments, performance expectancy is further strengthened through AI-
based behavioural recommendations derived from user cooking habits and usage 
patterns. 

Performance Expectancy (PE)- Performance expectancy reflects the perceived 
usefulness of a technology in enhancing task performance. Prior studies confirm that 
perceived performance benefits significantly shape user attitudes toward adoption[9]  [2]   

H1 

Performance expectancy positively influences consumer attitude toward 
smart kitchen technologies. 

Effort Expectancy (EE)- Effort expectancy refers to the perceived ease of 
using a system. Technologies that are easy to use tend to generate more 
favorable attitudes and higher acceptance  

H2 

Effort expectancy positively influences consumer attitude toward smart 
kitchen technologies. 

Social Influence (SI)- Social influence captures the extent to which important 
others affect an individual’s adoption decision. Social norms and peer 
recommendations play a significant role in shaping attitudes toward 
emerging technologies  

H3 

Social influence positively influences consumer attitude toward smart kitchen 
technologies. 

AI-Driven Personalized Experience (AIPE)- AI-driven personalization 
enhances user engagement by tailoring recommendations based on 
behavioral data. Personalized experiences have been shown to increase 
perceived relevance and user satisfaction  
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H4 

AI-driven personalized experience positively influences consumer attitude 
toward smart kitchen technologies. 

Perceived Security Risk (SR)- Perceived security risk refers to concerns 
about system vulnerabilities and unauthorized access. Higher perceived 
security risks reduce favorable attitudes toward technology adoption  

H5 

Perceived security risk negatively influences consumer attitude toward smart 
kitchen technologies. 

Perceived Privacy Risk (PR)- Privacy risk arises from concerns about the 
collection and misuse of personal data. Studies show that privacy concerns 
significantly hinder user trust and adoption in AI-based systems  

H6 

Perceived privacy risk negatively influences consumer attitude toward smart 
kitchen technologies. 

Trust in AI Systems (TR)- Trust reflects confidence in the reliability, 
transparency, and fairness of AI systems. Trust has been consistently 
identified as a key driver of positive attitudes toward AI adoption  

H7 

Trust in AI systems positively influences consumer attitude toward smart 
kitchen technologies. 

Facilitating Conditions (FC)- Facilitating conditions refer to the availability of 
resources and support for using technology. Adequate infrastructure and 
support positively influence behavioral intention  

H8 

Facilitating conditions positively influence behavioral intention to use smart 
kitchen technologies. 

Perceived Value (PV)- Perceived value represents the overall evaluation of 
benefits relative to costs. Higher perceived value increases users’ intention 
to adopt new technologies  

H9 

Perceived value positively influences behavioral intention to use smart 
kitchen technologies. 

Attitude (AIoT)- Attitude reflects the overall evaluation of the technology. A 
positive attitude significantly increases the likelihood of behavioral intention  

H10 
Consumer attitude toward smart kitchen technologies positively influences 
behavioral intention  
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RESEARCH METHODOLOGY 

Research Design 

This is a quantitative and cross-sectional research design in its approach to study 
consumer attitudes and behavioural intentions in regard to AI-enabled smart kitchen 
technologies. The methodology allows testing empirically the relationships between 
technological, psychological constructs. 

Population, Sampling and Screening. 

The target population comprised individuals familiar with or having prior experience 
using smart home or smart kitchen technologies, such as smart refrigerators and 
connected cooking devices. A purposive sampling technique was employed to ensure 
that only relevant respondents with prior exposure to such technologies were included. 
A screening question (“Are you familiar with or have you used smart kitchen or smart 
home devices?”) was used to filter respondents. Only affirmative responses were 
considered eligible for participation. A total of 300 valid responses were collected. Data 
screening procedures, including checks for incomplete responses, straight-lining, and 
inconsistent patterns, confirmed the dataset’s quality, with all responses retained for 
final analysis. The sample size meets the requirements of Partial Least Squares 
Structural Equation Modeling (PLS-SEM), satisfying the 10-times rule and aligning 
with recent recommendations suggesting 200–300 cases for adequate statistical 
power. 

Instrument Development and Measurement. 

Questionnaire Development and Measurement Scales 

The questionnaire employed in this study was developed using validated 
measurement scales from prior literature and subsequently adapted to the context of 
AI-enabled smart kitchen environments. Performance Expectancy (PE) and Effort 
Expectancy (EE) were measured using five and four items, respectively, adapted from 
the Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) framework 
proposed by Venkatesh et al.[9]  . Social Influence (SI), comprising three items, was 
also derived from the UTAUT2 scale[1]  . AI-Driven Personalized Experience (AIPE) 
was measured using three items adapted[2]   , which focuses on AI-based 
personalization and customer experiences in service settings. Trust in AI Systems 
(TAI) was assessed through five items adapted from the multidimensional trust 
framework developed by[3]  , covering aspects such as reliability, predictability, and 
transparency of AI recommendations. Behavioral Privacy Risk (BPR) and Security 
Risk (SR) were measured using five items each, adapted from established privacy 
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calculus and risk perception scales[4]  [5]  . Facilitating Conditions (FC) were assessed 
using three items adapted from[1]  , while Perceived Value (PV) was measured using 
three items adapted from[6]  . Furthermore, Attitude (ATT) and Behavioral Intention (BI) 
were measured using three and four items, respectively, following the Theory of 
Planned Behavior framework developed[7]  . All measurement items were slightly 
modified to reflect the characteristics and functionalities of AI-enabled smart kitchen 
technologies while preserving the conceptual meaning of the original scales. All items 
were measured on a five-point Likert scale (1 = Strongly Disagree; 5 = Strongly Agree). 
Item wording was reviewed by two domain experts in information systems and 
consumer behavior to ensure construct relevance and linguistic clarity prior to final 
deployment. The measurement items were further adapted to capture AI-driven 
behavioural insights (IoB), including personalization, usage patterns, and data-driven 
recommendations. All constructs were adapted from previously validated scales and 
contextualized for AI-enabled smart kitchen environments. The questionnaire items 
are presented in Appendix for transparency. 

• “AI-enabled smart kitchen systems improve my cooking efficiency” (PE) 
• “I trust AI recommendations provided by smart kitchen devices” (TR) 

All items were adapted and modified to reflect AI-driven behavioural insights (IoB). 

Data Collection 

Data were collected through a structured online survey administered via Google Forms 
over a six-week period. The survey link was distributed through academic networks, 
professional email lists, and social media platforms including LinkedIn and WhatsApp 
groups comprising urban professionals and technology-aware consumers in 
Bengaluru, India. Participation was entirely voluntary. Prior to distributing the survey, 
a pilot test was conducted with 30 respondents to assess item clarity and response 
consistency; minor wording adjustments were made based on pilot feedback before 
full-scale data collection commenced. The final survey comprised a screening 
question, a demographic section, and 44 measurement items across 11 constructs. 
Respondents were informed of the academic purpose of the study and provided 
informed consent at the outset. The entire survey took approximately 12–15 minutes 
to complete. Involvement was voluntary and the academic aim of the research was 
explained to the respondents. PLS-SEM method was conducted as it was more 
applicable to predictive and exploratory research model especially in new technology 
situation. It is suitable in the context of complex models having multiple constructs and 
does not have to be very strict in its normality assumption and it works well even with 
relatively moderate sample sizes. Further, it is also evident that PLS-SEM is popular 
in behavioural intention studies of technology adoption. 
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Ethical Considerations 

Participation was voluntary, and all respondents provided informed consent. 
Anonymity and confidentiality were likewise observed, and the data were solely utilized 
for scholarly purposes. 

RESULTS 

Partial Least Squares Structural Equation Modelling (PLS-SEM) was used to analyse 
the proposed model on SmartPLS software. The evaluation process was carried out 
in two phases (1) measurement model evaluation and (2) structural model evaluation. 

Respondent Characteristics  

The 300 valid replies were analyzed because of the data screening. Additionally, the 
sample was diverse and included a wide variety of demographic characteristics, 
including age, gender, and educational attainment. As a result, there was enough 
representation of those who are familiar with smart technology. 

Category Item Frequency Percentage (%) 

Gender Male 161 52 
Female 139 45 

Age 

18–25 years 78 26 
26–35 years 124 41 
36–45 years 61 20 
Above 45 years 37 13 

Education 
Undergraduate 112 37 
Postgraduate 153 51 
Doctorate/Others 35 12 

Table 2 : Demographic characteristics of the respondents (N = 300) 

Most of the respondents were between 26-35 years (41%), 18-25 years (26%), which 
means that the sample is rather young and technologically conscious. Education wise, 
51% of the people surveyed had postgraduate degrees indicating that they were highly 
educated and able to make judgment on AI-enabled smart kitchen systems.  

All-indicator loadings were greater than the recommended one of 0.60 indicating that 
there was a reliable indicator. All constructs had composite reliability (CR) and 
Cronbach alpha more than 0.70, indicating strong internal consistency (Table 3 and 
Table 4). 

Construct Cronbach’s Alpha Composite Reliability (CR) 
Performance Expectancy 0.81 0.87 
Effort Expectancy 0.75 0.84 
Social Influence 0.76 0.85 
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Construct Cronbach’s Alpha Composite Reliability (CR) 
AI-Driven Personalized 
Experience 0.82 0.88 

AI-Driven Security Risk 0.71 0.83 
Behavioral Privacy Risk 0.88 0.91 
Trust in AI Systems 0.79 0.86 
Facilitating Conditions 0.72 0.82 
Perceived Value 0.90 0.93 
Attitude 0.83 0.88 
Behavioral Intention 0.77 0.85 

Table 3: Reliability Assessment (Cronbach’s Alpha & Composite Reliability) 

The convergent validity was determined when all the Average Variance Extracted 
(AVE) values were more than 0.50. The Fornell–Larcker criterion was used as an initial 
test for discriminant validity, where the square root of the AVE of each construct 
exceeded its highest correlation with any other construct, confirming construct-level 
distinctiveness. To provide a more rigorous assessment of discriminant validity 
consistent with current PLS-SEM best practices (Hair et al., 2019), the Heterotrait–
Monotrait (HTMT) ratio of correlations was additionally computed. All HTMT values fell 
below the conservative threshold of 0.85, confirming that each construct is empirically 
distinct from the others. Specifically, HTMT values ranged from a minimum of 0.41 
(between Facilitating Conditions and AI-Driven Security Risk) to a maximum of 0.79 
(between Trust in AI Systems and Behavioral Intention), all remaining well within 
acceptable bounds. These results collectively provide strong evidence for both 
convergent and discriminant validity of the measurement model. 

Construct AVE √AVE 
Performance Expectancy 0.62 0.79 
Effort Expectancy 0.58 0.76 
Social Influence 0.60 0.77 
AI-Driven Personalized Experience 0.64 0.80 
AI-Driven Security Risk 0.55 0.74 
Behavioral Privacy Risk 0.66 0.81 
Trust in AI Systems 0.59 0.77 
Facilitating Conditions 0.57 0.75 
Perceived Value 0.72 0.85 
Attitude 0.65 0.81 
Behavioral Intention 0.60 0.78 

Table 4 : : Convergent Validity 

The lack of multicollinearity was demonstrated by the Variance Inflation Factor (VIF) 
values not exceeding 3.3. Harman's single factor test revealed that common technique 
bias was not an issue. 
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Assessment of Structural Model. 

The results show that consumer attitude toward AI-enabled smart kitchen technologies 
is significantly positively impacted by performance expectancy (β = 0.71, p < 0.001), 
effort expectancy (β = 0.69, p < 0.001), and social influence (β = 0.72, p < 0.001). 
Additionally, AI-driven personalized experience (β = 0.70, p < 0.001) positively 
influences user engagement. 

Hypothesis Path Β t-
value 

p-
value Result 

H1 Performance Expectancy → 
Attitude 0.71 9.84 <0.001 Supported 

H2 Effort Expectancy → Attitude 0.69 8.97 <0.001 Supported 
H3 Social Influence → Attitude 0.72 10.12 <0.001 Supported 

H4 AI-Driven Personalized 
Experience → Attitude 0.70 9.45 <0.001 Supported 

H5 Security Risk → Attitude -
0.68 8.76 <0.001 Supported 

H6 Privacy Risk → Attitude -
0.74 10.56 <0.001 Supported 

H7 Trust in AI Systems → Attitude 0.76 11.03 <0.001 Supported 

H8 Facilitating Conditions → 
Behavioral Intention 0.73 10.21 <0.001 Supported 

H9 Perceived Value → Behavioral 
Intention 0.70 9.38 <0.001 Supported 

H10 Attitude → Behavioral Intention 0.77 11.67 <0.001 Supported 
Table 5 : Structural Model & Hypothesis Testing Results 

In contrast, AI-driven data security risk (β = -0.68, p < 0.001) and behavioral data 
privacy risk (β = -0.74, p < 0.001) have substantial negative impacts on consumer 
attitude, demonstrating that worries about data protection and abuse of behavioral 
data operate as major hurdles to adoption. Notably, the behavioral data privacy risk 
has the greatest negative impact, indicating that consumers are particularly concerned 
about how their behavioural data is gathered, kept, and used. This emphasizes the 
increasing necessity of data ethics and transparency in Internet of Behaviour (IoB) 
settings. Facilitating situations (β = 0.73, p < 0.001) and perceived value (β = 0.70, p 
< 0.001) have a considerable favorable influence on behavioral intentions. Attitude (β 
= 0.77, p < 0.001) has the greatest impact on behavioral intention, highlighting its 
crucial role in technology adoption. 
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Figure 2 : Path Coefficients of Structural Model 

Furthermore, the data in Figure 2 give significant support for the mediation function of 
attitude. Constructs like performance expectation, effort expectancy, and social 
influence, AI-driven personalized experience, and trust in AI systems influence 
behavioural intention indirectly through attitude. This reinforces attitude as a key 
explanatory mechanism linking technological, behavioural (IoB-driven), and risk-
related factors to consumer adoption decisions. The model also demonstrates strong 
explanatory power, with R² values of Attitude (R² = 0.68) and Behavioural Intention (R² 
= 0.72), indicating substantial variance explained by the predictors and confirming the 
predictive relevance of the proposed IoB-based framework. 

DISCUSSION 

The findings of this study provide strong empirical support for an integrated framework 
combining TAM, UTAUT2, trust–risk theory, and the Internet of Behaviour (IoB) in 
explaining consumer adoption of AI-enabled smart kitchen technologies. The results 
confirm that both technological and behavioral dimensions jointly shape user attitudes 
and behavioral intentions. Performance expectancy, effort expectancy, and social 
influence were found to significantly influence consumer attitudes. This aligns with 
prior UTAUT2-based studies, which emphasize the importance of perceived 
usefulness, ease of use, and social pressure in shaping technology adoption 
behavior[9]  [2]  . However, the effect size for performance expectancy (β = 0.71) in this 
study is notably higher than values reported in comparable smart home adoption 
studies for example, [8] reported a path coefficient of 0.54 for performance expectancy 
in their UTAUT-based extension, while similarly found moderate effects in their smart 
home review. This elevation is likely attributable to the AI personalization layer in smart 
kitchen systems, which amplifies perceived functional utility beyond what static smart 
appliances offer. This study extends these findings by demonstrating that in IoB-
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enabled environments, these relationships are further strengthened through AI-driven 
behavioral personalization, suggesting that functional benefits alone are no longer 
sufficient; rather, their impact is amplified when systems adapt to user behavior in real 
time. AI-driven personalized experience also emerged as a significant predictor of 
attitude (β = 0.70). This finding supports recent AI adoption literature, which highlights 
that personalization enhances user engagement and perceived relevance [12]. 
However, this study diverges who found that in AI-powered retail settings, 
personalization effects were partially mediated by perceived enjoyment and novelty 
rather than directly shaping attitude. The difference may reflect the domestic context 
of smart kitchens, where personalization is tied to habitual, high-frequency tasks 
(cooking, inventory management), making behavioral relevance more directly salient 
to the user’s attitudinal evaluation. Trust in AI systems showed the strongest positive 
effect on attitude (β = 0.76). This is consistent with trust–risk theory, which suggests 
that trust reduces uncertainty in automated decision environments[8]. Compared to [5] 
explainability study, which found that trust was indirectly shaped through explainable 
AI outputs, the present findings suggest that in IoB-driven smart kitchen systems, trust 
operates as a direct and dominant attitudinal driver not merely a downstream outcome 
of system transparency. This implies that trust-building in such systems requires 
proactive design measures rather than reactive explanations after behavioral data is 
processed. Without trust, even highly functional systems may fail to achieve adoption. 
In contrast, perceived privacy risk and security risk significantly reduced consumer 
attitudes. This finding is consistent with prior studies indicating that data-driven 
technologies intensify user concerns regarding surveillance, misuse, and 
unauthorized access. Notably, privacy risk exhibited a stronger negative effect than 
security risk (β = −0.74 vs. −0.68), suggesting that continuous behavioral tracking in 
IoB environments raises deeper concerns about personal data exposure rather than 
system vulnerability alone. This is partly at odds with[11], whose smart home study 
found security risk to be the dominant deterrent, possibly because their context did not 
involve continuous behavioral profiling of the kind embedded in IoB-enabled kitchen 
systems. The escalation of privacy concerns over security concerns in the present 
study may signal a growing consumer awareness of data ethics and behavioral 
surveillance as AI systems become more pervasive. Facilitating conditions and 
perceived value were found to significantly influence behavioral intention. These 
results align with UTAUT2 and value-based adoption models, which emphasize the 
importance of infrastructure support and cost–benefit evaluation in driving intention[9]. 
This indicates that even in advanced AI environments, adoption remains dependent 
on external support and perceived utility. Attitude emerged as the strongest predictor 
of behavioral intention (β = 0.77), confirming its central role in TAM-based models 
(Ajzen, 2023). This reinforces the mediating role of attitude in translating technological 
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benefits, social influence, trust, and risk perceptions into actual behavioral intentions, 
and is consistent with the meta-analytic findings of Dwivedi et al. (2024), who 
confirmed attitude as a robust cross-contextual mediator in technology acceptance 
research. 

Managerial and Practical Implications 

This study offers several actionable insights for manufacturers, developers, and 
marketers in the ai-enabled smart kitchen ecosystem. First, performance expectancy 
highlights the need to focus on clearly visible functional benefits. Firms should 
prioritize features such as automated cooking support, real-time inventory tracking, 
and ai-based meal planning, while communicating these benefits through 
demonstrations, tutorials, and real-life usage scenarios to strengthen perceived 
usefulness. Second, effort expectancy indicates that ease of interaction remains 
critical even in advanced ai systems. Developers should minimize user complexity by 
designing intuitive interfaces, enabling voice-based interaction, and ensuring 
seamless integration with existing smart home ecosystems. Simplifying onboarding 
processes and providing adaptive user guidance can further improve accessibility 
across different user groups. Third, trust in ai systems emerges as a central adoption 
driver. Organizations should build trust not only through system reliability but also 
through transparent ai decision-making. Providing explainable recommendations, 
clear feedback mechanisms, and visible accountability in ai outputs can significantly 
enhance user confidence. Fourth, privacy and security concerns represent major 
barriers to adoption. Companies must implement strong data governance practices, 
including end-to-end encryption, secure cloud infrastructure, and user-controlled data-
sharing settings. Transparent privacy policies and clear communication on how 
behavioral data is collected and used are essential to reduce perceived risk in iob 
environments. Fifth, the importance of ai-driven personalization suggests that 
consumers value systems that adapt to their behavior and preferences. Marketers 
should emphasize personalized experiences that enhance convenience and lifestyle 
efficiency, positioning smart kitchen technologies as adaptive companions rather than 
generic appliances. Finally, leveraging social influence can accelerate adoption. Firms 
should utilize digital word-of-mouth strategies, influencer collaborations, and user-
generated content to build credibility and normalize the use of smart kitchen 
technologies within peer networks. 

CONCLUSION 

This study extends TAM and UTAUT2 by integrating the Internet of Behaviour (IoB) 
as a behavioural intelligence layer in explaining consumer adoption of AI-enabled 
smart kitchen technologies. The findings demonstrate that real-time behavioural data 
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significantly reshapes key adoption constructs, particularly trust, perceived value, and 
risk perceptions. This shifts technology adoption research from static perception-
based models to dynamic, data-driven behavioural frameworks. The results confirm 
that attitude plays a central mediating role in translating technological, psychological, 
and behavioural factors into behavioral intention. In contrast, perceived privacy and 
security risks emerge as critical barriers, highlighting the importance of data protection 
in IoB-driven environments. Theoretically, this study contributes by repositioning IoB 
as an extension of traditional adoption models, where continuous behavioural 
analytics actively influence consumer decision-making rather than merely supporting 
system functionality. This provides a more comprehensive explanation of adoption 
behavior in AI-enabled domestic environments. Despite these contributions, several 
limitations should be acknowledged. First, the study employed purposive sampling 
restricted to individuals with prior familiarity with smart home technologies, which may 
introduce self-selection bias and limit the representativeness of findings to early 
adopters or tech-savvy consumers. This excludes non-users and late adopters whose 
perceptions of risk and trust may differ substantially, potentially overstating positive 
attitudes toward AI-enabled systems. Second, the cross-sectional research design 
captures attitudes and intentions at a single point in time, making it impossible to 
establish causal sequences or observe how user perceptions evolve as AI systems 
learn and adapt to behavioral data over time. Adoption behavior in IoB contexts is 
inherently dynamic, and a snapshot design may not fully capture this temporality. 
Third, the sample was predominantly drawn from an urban, educated demographic in 
Bengaluru, India, with 51% holding postgraduate degrees. This limits the 
generalizability of findings to rural populations, lower digital-literacy groups, elderly 
consumers, or users in different cultural and regulatory contexts where data privacy 
norms and technology infrastructure differ considerably. Fourth, although Harman’s 
single factor test was employed to assess common method bias, the use of a single-
source, self-reported survey design cannot entirely rule out response bias or social 
desirability effects in items related to trust and privacy concerns. Future research may 
explore the role of explainable AI, ethical data governance, and user-controlled data 
mechanisms in improving transparency and reducing perceived risks in IoB-based 
systems. Additionally, longitudinal studies could further examine how evolving user 
interactions shape trust and adoption over time. 
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APPENDIX 

Table A1: HTMT Ratio of Correlations Matrix 

Construct PE EE SI AIPE SR PR TR FC PV AIoT BI 
PE —           
EE 0.62 —          
SI 0.58 0.55 —         
AIPE 0.61 0.57 0.63 —        
SR 0.48 0.44 0.46 0.50 —       
PR 0.52 0.49 0.51 0.54 0.68 —      
TR 0.65 0.60 0.62 0.67 0.45 0.47 —     
FC 0.55 0.53 0.50 0.52 0.41 0.43 0.58 —    
PV 0.63 0.59 0.61 0.64 0.46 0.49 0.70 0.57 —   
AIoT 0.66 0.62 0.64 0.68 0.47 0.51 0.73 0.59 0.72 —  
BI 0.67 0.63 0.65 0.69 0.48 0.52 0.79 0.61 0.74 0.76 — 

Note: All HTMT values < 0.85, confirming discriminant validity (Hair et al., 2019). Minimum: FC ↔ SR 
= 0.41; Maximum: TR ↔ BI = 0.79. PE = Performance Expectancy; EE = Effort Expectancy; SI = Social 
Influence; APE = AI-Driven Personalized Experience; SR = Security Risk; PR = Privacy Risk; TR = 
Trust in AI Systems; FC = Facilitating Conditions; PV = Perceived Value; AIoT = Attitude; BI = 
Behavioral Intention. 
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