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Abstract 

This study examines how artificial intelligence (AI) contributes to contemporary processes of 
authenticity evaluation by functioning as a multimodal diagnostic cue in consumer decision-making. 
Drawing on survey data collected from 468 visitors at Terra Madre Salone del Gusto in Turin, Italy, the 
study tests a structural model comprising five latent constructs: Authenticity Trust, Perceived AI 
Usefulness and Diagnosticity, Multimodal Value, User Engagement, and Behavioural Intentions. The 
findings indicate that heritage-based and institutional authenticity cues remain foundational in 
consumers’ evaluations, but are increasingly interpreted and conditionally reinforced through 
interaction with AI-mediated information perceived as credible and diagnostically informative. 
Multimodal inputs—particularly the integration of textual, visual, and auditory narratives—are 
associated with richer authenticity perceptions and higher levels of user engagement. Experiential 
enjoyment during interaction with the AI system is positively related to intentions to adopt AI-
supported evaluation tools, while behavioural intentions also encompass a willingness to pay a 
premium for products confirmed as authentic. Although the use of a convenience sample limits 
generalisability, the results highlight the broader potential of multimodal AI systems to reduce 
evaluative uncertainty and support trust formation in complex cultural and consumer environments. 
Conceptually, the study advances the notion of augmented authenticity, defined as a hybrid 
evaluative process in which tradition-based trust mechanisms are dynamically interpreted and 
reinforced through perceived AI diagnosticity and multimodal coherence. By situating AI within 
culturally embedded processes of meaning-making rather than purely instrumental evaluation, the 
findings contribute to interdisciplinary debates on technology-mediated trust, consumer judgement, 
and the societal implications of AI-assisted decision-making. 

Keywords: artificial intelligence; authenticity; multimodal information; consumer decision-making; 
trust formation; cultural evaluation 
 

1. Introduction 

Authenticity has become a central evaluative concern in contemporary consumer and cultural 
environments characterised by globalised production systems, symbolic abundance, and heightened 
exposure to imitation and misrepresentation [1–3]. Beyond objective indicators of quality, 
authenticity functions as a psychological and cultural heuristic through which individuals interpret 
value, meaning, and legitimacy under conditions of informational and sensory complexity [4–6]. In 
this sense, authenticity judgements are not merely product evaluations but socially embedded 
assessments shaped by narratives of origin, place, and production practices that foster perceptions of 
identity, continuity, and trust [7,8]. Despite the proliferation of institutional certification schemes 
such as Protected Designation of Origin (PDO) and Protected Geographical Indication (PGI), 
empirical research consistently shows that consumers experience difficulty in reliably interpreting 
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and verifying authenticity claims [9–11]. These challenges are particularly acute in multicultural and 
information-dense contexts, where competing symbolic signals, narrative overload, and limited 
domain expertise complicate evaluative judgement [12]. As a result, authenticity increasingly 
emerges as a contested and uncertain evaluative category rather than a stable attribute anchored in 
formal guarantees alone. 

Recent advances in artificial intelligence (AI) suggest new possibilities for addressing such 
evaluative uncertainty. Through the real-time processing and integration of textual, visual, and 
auditory information, AI systems are increasingly positioned as diagnostic information 
infrastructures capable of synthesising heterogeneous cues into coherence-enhancing interpretations 
[13,14]. While AI applications in food safety, traceability, and quality control are well established [15–
17], considerably less attention has been paid to the psychological and cultural role of AI in shaping 
authenticity perceptions, trust formation, and evaluative confidence from the consumer perspective. 
Research on technology acceptance highlights perceived usefulness, diagnostic clarity, and trust as 
central determinants of user responses to digital systems [18–22]. However, these frameworks tend 
to conceptualise technology adoption primarily in functional or instrumental terms, offering limited 
insight into how algorithmic interpretation interacts with cultural meaning, heritage narratives, and 
sensory experience. Authenticity judgements, by contrast, are inherently multimodal, emerging from 
the integration of textual descriptions, visual cues, and auditory narratives rather than from isolated 
informational signals [23]. Understanding how AI participates in this multimodal process of 
meaning-making is therefore essential for explaining how evaluative trust and behavioural intentions 
are formed in technologically mediated environments. 

Despite growing scholarly interest in digital authenticity cues, algorithmic trust, and AI-
supported evaluation, existing research lacks a coherent theoretical framework that explains how 
heritage-based trust mechanisms and AI-mediated diagnostics jointly shape consumer judgement 
and behaviour. Although the term augmented authenticity has appeared sporadically across adjacent 
domains, it has not been systematically defined, theorised, or empirically operationalised as a 
multidimensional evaluative construct within the literature on gastronomy, tourism, or consumer 
behaviour. Addressing this gap, the present study introduces and empirically tests the concept of 
augmented authenticity, conceptualised as a hybrid evaluative process in which culturally grounded 
trust cues are dynamically interpreted and conditionally reinforced through perceived AI 
diagnosticity, multimodal coherence, and user engagement. Empirically, the study draws on data 
collected at Terra Madre Salone del Gusto, an international event dedicated to food heritage and 
quality, which provides a particularly suitable context for examining the interaction between cultural 
authenticity narratives and emerging AI-mediated evaluation tools. The study investigates how 
consumers interpret AI-assisted authenticity assessments and how these interpretations relate to 
behavioural outcomes, including intentions to adopt authenticity-verification technologies and 
willingness to pay for products confirmed as authentic. By situating AI within culturally embedded 
processes of evaluation rather than treating it as a purely technical instrument, the study contributes 
to broader interdisciplinary debates on technology-mediated trust, cultural judgement, and the 
societal implications of AI-supported decision-making. 

2. Literature Review and Hypothesis Development 

2.1. Authenticity as a Cultural Driver of Consumer Evaluation 

Authenticity is widely recognised as a central driver of consumer evaluation in contemporary 
markets shaped by globalisation, standardisation, and symbolic proliferation [24]. While frequently 
examined in relation to food consumption, authenticity more broadly reflects culturally embedded 
expectations of regional typicality, craftsmanship, and heritage-based legitimacy [25]. Beyond 
sensory quality, authenticity operates as a symbolic and psychological heuristic through which 
consumers interpret value, meaning, and trust under conditions of evaluative uncertainty. Narratives 
of place, tradition, and producer identity play a critical role in anchoring authenticity judgements by 
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fostering perceptions of cultural belonging, continuity, and social trust. Institutional certification 
schemes such as Protected Designation of Origin (PDO) and Protected Geographical Indication (PGI) 
represent formalised attempts to stabilise these judgements by providing guarantees of origin and 
production practices [26]. However, empirical research consistently demonstrates that consumers 
often struggle to interpret and verify such signals, particularly in heterogeneous, international, and 
information-dense contexts. This persistent ambiguity positions authenticity not as a fixed attribute, 
but as an evaluative judgement contingent on interpretation, trust, and contextual understanding. 
On this basis, authenticity trust—rooted in perceptions of cultural heritage, regional identity, and 
institutional legitimacy—is expected to function as a foundational antecedent of perceived 
authenticity. 

H1. Greater trust in authenticity cues—such as cultural heritage, regional typicality, and official quality 
labels—is positively related to consumers’ perceptions of product authenticity. 

2.2. Evaluative Uncertainty and Emerging Technological Mediation 

Consumers’ capacity to evaluate authenticity is frequently constrained by limited expertise, time 
pressure, and information overload, particularly in multicultural environments such as festivals, 
fairs, and international markets [27]. These settings expose individuals to multiple and sometimes 
conflicting symbolic cues related to origin, production, and quality, thereby increasing cognitive load 
and evaluative uncertainty. Recent scholarship suggests that artificial intelligence (AI) may function 
as a mediating infrastructure capable of addressing such uncertainty through the real-time 
processing and synthesis of heterogeneous information sources [28]. Beyond established applications 
in safety monitoring, traceability, and quality control, AI has been increasingly conceptualised as a 
form of cultural interpretive technology—or “authenticity sensor”—capable of contextualising heritage-
related signals for consumers [29–31]. However, empirical research examining how individuals 
perceive the clarity, usefulness, and trustworthiness of such systems remains limited. Drawing on 
this emerging literature, perceived AI usefulness and diagnostic capacity are expected to play a 
central role in shaping consumers’ readiness to engage with AI-mediated authenticity evaluation 
tools. 

H2. The perceived usefulness and diagnostic capacity of AI systems are positively associated with consumers’ 
willingness to adopt AI-based authenticity evaluation tools. 

2.3. AI Acceptance, Trust, and Diagnostic Clarity 

Technology acceptance research provides a robust framework for understanding how 
individuals respond to novel digital systems. The Technology Acceptance Model (TAM) highlights 
perceived usefulness and interpretability as primary determinants of adoption. Complementarily, 
research on algorithmic trust suggests that reliance on AI-generated assessments depends on 
perceptions of credibility, transparency, and contextual appropriateness [32]. From an evaluative 
perspective, diagnosticity theory further emphasises that individuals value information systems that 
reduce ambiguity by providing clear, relevant, and interpretable cues that support confident 
judgement [33]. In authenticity-related contexts—where evaluations are infused with symbolic 
meaning and cultural significance—diagnostic clarity becomes particularly salient. Nevertheless, 
prevailing technology acceptance frameworks tend to privilege functional performance while under-
theorising the cultural, symbolic, and affective dimensions that structure authenticity judgements. 
This gap raises critical questions regarding how algorithmic clarity and perceived usefulness interact 
with heritage-based trust mechanisms to shape evaluative confidence and behavioural responses. 

2.4. Multimodal Cues and Coherence in Authenticity Perception 

Authenticity judgements are inherently multimodal, emerging from the integration of textual 
descriptions, visual representations, and auditory narratives rather than from isolated informational 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 January 2026 doi:10.20944/preprints202601.1185.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1185.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 19 

 

signals [34]. These channels often operate synergistically, reinforcing one another and enhancing 
perceived credibility through informational coherence. Research in sensory and multimodal 
communication demonstrates that convergent cues deepen interpretive engagement and reduce 
ambiguity by embedding products within coherent cultural narratives [35,36]. Advances in 
multimodal artificial intelligence further extend these dynamics by enabling the automated 
integration of heterogeneous sensory and informational inputs into unified evaluative 
representations [37]. From a consumer evaluation perspective, such multimodal coherence is 
therefore expected to strengthen perceived authenticity by contextualising products more 
convincingly within their cultural and production environments. 

H3. Multimodal information—particularly when integrating textual, visual, and auditory narratives—is 
positively related to consumers’ perceptions of product authenticity. 

2.5. User Engagement and Experiential Interaction with AI Systems 

Beyond cognitive assessment, interaction with AI systems involves affective and experiential 
dimensions that shape evaluative outcomes. User engagement captures the degree of cognitive 
involvement, enjoyment, and emotional resonance experienced during interaction with a 
technological interface [38]. Rather than constituting a peripheral or purely hedonic outcome, 
engagement functions as a mechanism through which users attend to, interpret, and internalise AI-
generated information. Empirical research indicates that engagement strengthens interpretive trust 
and amplifies the relationship between perceived usefulness and adoption intentions, particularly in 
experiential and culturally embedded consumption contexts [39]. In AI-supported authenticity 
evaluation, engagement is expected to facilitate deeper processing of multimodal cues and to reduce 
evaluative uncertainty [40]. Enjoyment and involvement encourage elaboration on textual, visual, 
and auditory information, supporting the transfer of trust from the interaction experience to the AI 
system and its outputs [41,42]. Engagement thus operates as an experiential grounding mechanism 
through which algorithmic diagnosticity becomes meaningful and adoption-ready. 

H4. Higher levels of user enjoyment and engagement with the AI system strengthen the relationship between 
perceived AI usefulness and consumers’ adoption intentions. 

2.6. Augmented Authenticity and Behavioural Intentions 

The concept of augmented authenticity captures the interaction between heritage-based trust 
mechanisms and algorithmic mediation in contemporary evaluative environments. Augmented 
authenticity is defined here as a multidimensional evaluative framework in which culturally 
grounded authenticity cues are interpreted, re-weighted, and conditionally reinforced through 
perceived AI diagnosticity and multimodal coherence. Rather than replacing traditional sources of 
trust, artificial intelligence functions as an interpretive mediator that contextualises regional identity, 
craftsmanship, and institutional certification through diagnostic clarity and the integration of 
multiple sensory and informational channels [43]. Within this framework, authenticity is understood 
not as a fixed attribute, but as an evaluative judgement emerging from the interaction between 
cultural meaning and technological interpretation. Importantly, this interaction is not inherently 
synergistic. Under certain boundary conditions—such as limited algorithmic transparency, 
insufficient cultural sensitivity, or high levels of consumer expertise—AI-mediated assessments may 
conflict with heritage-based trust cues, generating scepticism rather than reinforcement. Augmented 
authenticity therefore encompasses both reinforcing and tension-laden dynamics, depending on 
contextual, technological, and user-related factors [44]. Behavioural intentions represent the 
downstream outcomes of this augmented evaluative process. Intention-based models suggest that 
trust, perceived value, and diagnostic clarity translate into adoption readiness and economic 
commitment [45,46]. When authenticity is perceived as coherently supported through the interaction 
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of cultural cues and algorithmic diagnostics, consumers are more likely to adopt AI-based evaluation 
tools and to express a willingness to pay a premium for products confirmed as authentic. 

H5. Stronger behavioural intentions to use AI-based authenticity verification tools are positively associated 
with consumers’ willingness to pay a premium for products confirmed as authentic. 

Taken together, the literature supports a view of authenticity as an augmented evaluative 
process in which cultural trust, algorithmic diagnosticity, multimodal coherence, and interpretive 
engagement jointly shape consumer behaviour. Building on this perspective, the proposed model 
integrates heritage-based authenticity cues with AI-mediated interpretive processes to explain 
behavioural intentions in technologically augmented evaluation environments. The hypothesised 
relationships (H1–H5) are tested as theory-driven directional associations, consistent with the cross-
sectional and observational nature of the data. 

3. Materials and Methods 

The empirical study was conducted at Terra Madre Salone del Gusto in Turin, Italy, an 
international Slow Food festival regarded as one of the world’s most important events dedicated to 
food heritage, authenticity and sustainability [47]. In 2024, the festival hosted over 300,000 visitors 
and 3,000 delegates from 120 countries, confirming its global scope [48]. Given its size and 
international reach, the event provided a suitable context for examining food authenticity and the 
role of AI in mediating gastronomic heritage. A total of 468 visitors were surveyed during the five-
day event in September 2024 using on-site questionnaires administered via digital tablets. 
Respondents were approached randomly across different festival zones to capture a diverse range of 
visitor profiles and experiences. The sample was dominated by younger and middle-aged 
respondents, particularly those aged 25–44, while older age groups were less represented. Women 
accounted for 61.8% of respondents. Participants were generally well educated, with over 60% 
holding a university or postgraduate degree. The majority of respondents (77.8%) resided in urban 
areas. The country/region variable, although anonymised, indicates a mix of Italian and international 
participants, reflecting the global character of the event and variation in familiarity with authenticity 
certification systems such as PDO and PGI. Appendix A, Table A1 presents descriptive statistics at 
the construct level for all retained factors. These statistics provide an overview of respondents’ 
general evaluations of the proposed constructs prior to structural modelling. The study employed a 
quantitative survey design grounded in a post-positivist epistemological stance, assuming that 
socially constructed perceptions of authenticity can be systematically measured. Using a deductive 
approach, hypotheses derived from prior literature were tested through structural equation 
modelling (SEM). The proposed model comprises five latent constructs—Authenticity Trust, AI 
Usefulness and Diagnosticity, Multimodal Value, User Engagement, and Behavioural Intentions—
which were treated as conceptually distinct yet empirically related within a unified analytical 
framework. Given the cross-sectional and observational nature of the data, the specified relationships 
are interpreted as theory-driven associations rather than empirical causal effects. 

The survey instrument comprised 32 items measured on five-point Likert scales (1 = strongly 
disagree; 5 = strongly agree) capturing the five latent constructs, along with demographic variables 
including age, gender, education, and country/region (see Appendix B). The AI system was presented 
to respondents as a prototype “AI authenticity checker” displayed on a tablet-based interface. Prior 
to completing the questionnaire, participants were shown a brief demonstration illustrating how the 
system combined textual, visual and audio inputs to generate an authenticity assessment. The system 
was framed as a prospective mobile application to reflect realistic consumer adoption contexts. 
Importantly, participants did not engage in extended or repeated hands-on interaction with the 
system; rather, their evaluations were based on brief prototype exposure. As a result, the measured 
perceptions reflect anticipated usefulness, diagnosticity, and engagement associated with early-stage 
evaluation rather than post-adoption assessments derived from sustained real-world use. This design 
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may introduce optimism or novelty effects, potentially inflating perceived usefulness and adoption 
intentions, and should therefore be interpreted as capturing pre-use evaluative responses rather than 
confirmed usage effects. Accordingly, behavioural intention items were formulated in terms of 
potential app usage (e.g., downloading the application or using it while shopping or travelling). 

Within the Behavioural Intentions construct, willingness to pay (WTP) was measured using a 
single item (“I am willing to pay more for products confirmed as authentic”), assessed on a five-point 
Likert scale (1 = strongly disagree; 5 = strongly agree). The item yielded a mean value of 3.15 (SD = 
1.39). Consistent with prior behavioural and marketing research, this operationalisation captures 
stated willingness to pay as a psychological intention rather than an objective monetary premium. 
Accordingly, WTP is treated as a perceptual and attitudinal outcome embedded within behavioural 
intention, rather than as a revealed economic valuation [49,50]. 

All constructs were operationalised using multi-item measures adapted from validated scales. 
The questionnaire was refined through expert review and a pilot pretest with 20 festival participants 
to ensure face and content validity. Data analysis followed a two-step structural equation modelling 
(SEM) procedure. Exploratory factor analysis (EFA) was conducted to assess sampling adequacy and 
dimensionality, followed by confirmatory factor analysis (CFA) and SEM to validate the 
measurement and structural models and to test the proposed hypotheses. Given the cross-sectional 
and observational nature of the data, SEM was employed for theory testing and model estimation 
rather than causal inference. Convergent validity was assessed using composite reliability (CR) and 
average variance extracted (AVE), while discriminant validity was evaluated using the heterotrait–
monotrait ratio (HTMT) and the Fornell–Larcker criterion [51–53]. Descriptive statistics and EFA 
were performed using IBM SPSS Statistics (version 29), while CFA and SEM were conducted using 
IBM SPSS AMOS. Ethical standards were observed throughout the study, including voluntary 
participation, informed consent, and anonymous data collection. 

4. Results 

Item-level descriptive statistics are reported in Appendix A, Table A2. The analysis followed a 
sequential procedure encompassing descriptive statistics, exploratory factor analysis (EFA), 
confirmatory factor analysis (CFA), measurement validation, and evaluation of the structural 
relationships among constructs. At the construct level, mean values ranged from 2.98 for Authenticity 
Trust to 3.14 for Behavioural Intentions, with standard deviations of approximately 1.4, indicating 
moderate dispersion across responses (Appendix A, Table A1). These results indicate moderate yet 
generally positive evaluations of authenticity cues, AI-supported assessment, multimodal features, 
and pre-adoption intentions. 

Table 1. Total variance explained by extracted factors presents the results of the exploratory 
factor analysis. The Kaiser–Meyer–Olkin (KMO) measure of sampling adequacy was 0.926, indicating 
excellent suitability of the data for factor analysis, while Bartlett’s test of sphericity was highly 
significant (χ² = 9435.740, df = 496, p < 0.001). Together, these diagnostics confirm the appropriateness 
of the correlation matrix for factor extraction. The exploratory factor analysis, conducted using the 
maximum likelihood extraction method, identified five factors with eigenvalues greater than 1.0. 
These factors jointly accounted for 68.05% of the total variance, exceeding the commonly 
recommended threshold of 60%. The first factor explained 26.35% of the variance, followed by 
13.04%, 10.81%, 9.38%, and 8.47% for the remaining factors. This distribution indicates a balanced 
factor structure, with no single factor disproportionately dominating the explained variance, 
supporting the multidimensional nature of the proposed construct framework. 
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Table 1. Total variance explained by extracted factors. 

Factor Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings  
Total % of Variance Cumulative % 

1 8.430 26.35 26.35 

2 4.174 13.04 39.39 

3 3.459 10.81 50.20 

4 3.001 9.38 59.58 

5 2.712 8.47 68.05 

Extraction Method: Maximum Likelihood. 

Table 2 presents the rotated factor matrix obtained from the exploratory factor analysis. The 
solution yielded a clear and well-defined five-factor structure, with all items loading strongly on their 
intended constructs and minimal cross-loadings. Items associated with Authenticity Trust exhibited 
high loadings ranging from 0.771 to 0.812, reflecting reliance on regional typicality, cultural heritage, 
and institutional authenticity cues. AI Usefulness and Diagnosticity items loaded between 0.784 and 
0.848, indicating perceived relevance, clarity, and efficiency of AI-supported authenticity assessments 
under prototype exposure conditions. Behavioural Intentions demonstrated robust loadings (0.773–
0.831), capturing consumers’ stated readiness to adopt AI tools in shopping and travel contexts and 
their willingness to pay a premium for verified authenticity. The Multimodal Value construct was 
defined by two strongly loading items (0.815–0.824), highlighting the role of audio cues and cultural 
embedding in authenticity evaluation. Finally, User Engagement items loaded between 0.750 and 
0.765, reflecting enjoyment and overall engagement associated with pre-adoption interaction rather 
than post-use behaviour. Overall, the rotated solution supports the theoretical distinctiveness and 
empirical adequacy of the five latent constructs. 

Table 2. Rotated factor matrix. 

Item Factor 

Authenticity 

Trust 

AI Usefulness & 

Diagnosticity 

Behavioral 

Intentions 

Multimodal 

Value 

User 

Engagement 

Regional 

Typicality 

,812 ,069 ,083 ,089 ,089 

Cultural 

Heritage 

,808 ,093 ,028 ,080 ,118 

Tradition 

Consistency 

,809 ,075 ,075 ,096 ,091 

Authenticity 

Importance 

,783 ,044 ,044 ,074 ,137 

Label Guidance ,771 ,063 ,099 ,085 ,067 

Label 

Dependence 

,808 ,103 ,018 ,107 ,089 

Feature 

Awareness 

,107 ,784 ,026 ,086 ,013 

Explanation 

Clarity 

,092 ,848 ,111 ,140 ,071 

Decision Speed ,095 ,817 ,074 ,120 ,078 
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Information 

Relevance 

,030 ,844 ,132 ,130 ,122 

Audio Support ,150 ,117 ,052 ,824 ,100 

Cultural 

Embedding 

,139 ,170 ,127 ,815 ,095 

System 

Enjoyment 

,122 ,104 ,131 ,091 ,765 

Overall 

Engagement 

,100 ,027 ,033 ,105 ,750 

Purchase 

Intention 

,072 ,146 ,831 ,095 ,061 

Shopping Usage ,025 ,132 ,773 ,090 ,020 

Travel Usage ,032 ,055 ,810 ,104 ,126 

App Adoption ,136 ,082 ,775 ,134 ,039 

Pay Premium ,097 ,117 ,825 ,058 ,063 

Extraction Method: Principal Component Analysis. Rotation Method: Varimax with Kaiser Normalization. 
Loadings < 0.30 suppressed for clarity. 

Table 3 reports standardized factor loadings from the confirmatory factor analysis (CFA). All 
loadings were statistically significant and exceeded the recommended threshold of 0.70, with the 
exception of one indicator of User Engagement (0.666), which remained within acceptable limits. 
Factor loadings ranged from 0.709 to 0.919 across constructs, indicating that the items adequately 
captured their respective latent dimensions. The robustness of the measurement model was further 
supported by bias-corrected bootstrap estimates. None of the 95% confidence intervals crossed zero, 
confirming the statistical stability of all retained indicators. Detailed bootstrap results, including 
item-level explained variance (R²), are reported in Appendix C, Table A3. 

Table 3. Standardized factor loadings from CFA. 

Item Factor Loading 

Regional Typicality Authenticity Trust .825 

Cultural Heritage Authenticity Trust .835 

Tradition Consistency Authenticity Trust .709 

Authenticity Importance Authenticity Trust .794 

Label Guidance Authenticity Trust .780 

Label Dependence Authenticity Trust .823 

Feature Awareness AI Usefulness & Diagnosticity .791 

Explanation Clarity AI Usefulness & Diagnosticity .873 

Decision Speed AI Usefulness & Diagnosticity .846 

Information Relevance AI Usefulness & Diagnosticity .864 

Pay Premium Behavioral Intentions .843 

App Adoption Behavioral Intentions .796 

Travel Usage Behavioral Intentions .815 

Shopping Usage Behavioral Intentions .784 

Purchase Intention Behavioral Intentions .861 

Overall Engagement User Engagement .666 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 January 2026 doi:10.20944/preprints202601.1185.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1185.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 19 

 

System Enjoyment User Engagement .918 

Cultural Embedding Multimodal Value .919 

Audio Support Multimodal Value .787 

All standardized loadings are significant at p < 0.01. 

The fit indices reported in Table 4 indicate an excellent model fit. The χ²/df ratio (1.115) is well 
below the recommended threshold, suggesting a very good balance between model parsimony and 
explanatory power. All incremental fit indices exceed the recommended 0.90 criterion (CFI = 0.997, 
TLI = 0.996, IFI = 0.997, NFI = 0.970), indicating strong comparative fit. The RMSEA value (0.016), 
together with its narrow 90% confidence interval (0.000–0.028) and a non-significant PCLOSE value 
(1.000), reflects an excellent approximation of the model to the observed data. The Hoelter index (504) 
further supports the adequacy of the sample size for stable model estimation. Taken together, these 
indices demonstrate that the proposed measurement model exhibits very strong statistical fit and 
theoretical coherence, supporting its suitability for theory testing. 

Table 4. Model fit indices. 

Fit index Value Recommended threshold 

χ²/df 1.115 < 3.00 

CFI 0.997 > 0.90 

TLI 0.996 > 0.90 

IFI 0.997 > 0.90 

NFI 0.970 > 0.90 

RMSEA 0.016 (90% CI: 0.000–0.028, PCLOSE = 1.000) < 0.08 

Hoelter (0.05) 504 > 200 

Construct reliability and discriminant validity were assessed using composite reliability (CR), 
average variance extracted (AVE), the Fornell–Larcker criterion, and the heterotrait–monotrait ratio 
(HTMT). As shown in Table 5, all constructs achieved CR values above the recommended threshold 
of 0.70 and AVE values exceeding 0.50, confirming adequate internal consistency and convergent 
validity. Discriminant validity was supported by the Fornell–Larcker criterion (Table 6), as the square 
roots of AVE for each construct exceeded the corresponding inter-construct correlations. In addition, 
HTMT values ranged from 0.19 to 0.34 (Table 7), well below the conservative threshold of 0.85, further 
confirming discriminant validity among the latent constructs. 

Table 5. Construct reliability and convergent validity. 

Factor CR AVE 

F1 – Authenticity Trust 0.91 0.64 

F2 – AI Usefulness 0.91 0.72 

F3 – Behavioral Int. 0.91 0.67 

F4 – User Engagement 0.79 0.66 

F5 – Multimodal Value 0.85 0.74 

Table 6. Fornell–Larcker Criterion for Discriminant Validity. 

Factor F1 F2 F3 F4 F5 

F1 – Authenticity Trust 0.80 0.02 –0.02 0.26 –0.30 

F2 – AI Usefulness & Diagnosticity 0.02 0.85 0.27 0.23 –0.34 
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F3 – Intentions Behavioral Intentions –0.02 0.27 0.82 0.25 –0.27 

F4 – User Engagement 0.26 0.23 0.25 0.81 0.25 
F5 – Multimodal Value –0.30 –0.34 –0.27 0.25 0.86 

Table 7. HTMT Matrix (Point Estimates). 

 Authenticity 
Trust 

AI Usefulness & 
Diagnosticity 

Behavioral 
Intentions 

Multimodal 
Value 

User 
Engagement 

Authenticity 
Trust 

1.000 0.215 0.189 0.308 0.285 

AI Usefulness 
& Diagnosticity 

0.215 1.000 0.258 0.336 0.208 

Behavioral 
Intentions 

0.189 0.258 1.000 0.262 0.218 

Multimodal 
Value 

0.308 0.336 0.262 1.000 0.280 

User 
Engagement 

0.285 0.208 0.218 0.280 1.000 

The structural model (Figure 1) depicts the hypothesised directional relationships among 
authenticity perception and technology adoption constructs. Authenticity Trust was positively 
associated with AI Usefulness and Diagnosticity (β = 0.22, p < 0.01) and Multimodal Value (β = 0.26, 
p < 0.01), indicating that stronger cultural and institutional trust aligns with higher perceptions of 
algorithmic clarity and multimodal relevance. AI Usefulness and Diagnosticity showed a significant 
positive association with Behavioural Intentions (β = 0.27, p < 0.01), suggesting that anticipated 
diagnostic clarity and perceived utility are systematically related to adoption intentions under 
prototype exposure conditions. Multimodal Value was positively related to User Engagement (β = 
0.30, p < 0.01), highlighting the role of multimodal cues in fostering interpretive involvement. In turn, 
User Engagement was positively associated with Behavioural Intentions (β = 0.27, p < 0.01), 
supporting its proposed mediating role within the model. 
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Figure 1. Structural Equation Modeling (SEM). Source: Prepared by the authors (2025). 

Collectively, the results support the proposed multidimensional framework of authenticity 
perception and technology adoption, demonstrating consistent, statistically significant, and 
theoretically coherent associations among the five latent constructs within an early-stage, pre-
adoption evaluation context aligned with the study’s conceptualisation of augmented authenticity. 

5. Discussion 

The findings of this study provide new insight into how artificial intelligence (AI) reshapes 
contemporary processes of authenticity evaluation by operating as a culturally embedded, 
multimodal interpretive infrastructure. Conducted in the context of Terra Madre Salone del Gusto—
an international event centred on gastronomic heritage—the results indicate that authenticity 
judgements emerge from the interaction of cultural, institutional, and technological cues rather than 
from any single source of validation. Beyond its empirical contribution, the study advances theory 
by formalising augmented authenticity as a multidimensional evaluative framework that links 
heritage-based trust with AI-mediated diagnosticity and multimodal engagement. The strong effects 
observed for Authenticity Trust confirm the enduring importance of cultural heritage, regional 
typicality, and producer narratives in shaping authenticity perceptions. 

This finding reinforces prior research demonstrating that place-based identity and culturally 
grounded meaning remain foundational in evaluative judgement, even in technologically mediated 
environments. Support for H1 further aligns with evidence that institutional quality schemes such as 
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PDO and PGI continue to function as salient trust signals. However, the structural relationships 
identified in this study also indicate that authenticity is no longer evaluated exclusively through 
cultural or institutional markers. The positive associations linking Authenticity Trust, AI Usefulness 
and Diagnosticity, and Multimodal Value suggest the emergence of hybrid evaluative practices in 
which traditional sources of meaning interact dynamically with algorithmic interpretation. This 
pattern is consistent with recent scholarship conceptualising AI as a cultural authenticity sensor 
capable of integrating and contextualising complex multimodal information. Support for H2 extends 
technology acceptance research by demonstrating that perceived diagnostic clarity and usefulness 
contribute to evaluative confidence under conditions of uncertainty, rather than merely facilitating 
instrumental adoption. 

Support for H3 highlights the central role of multimodal coherence in authenticity perception. 
The positive relationship between auditory narratives, contextual soundscapes, and perceived 
authenticity aligns with prior work on multisensory evaluation and meaning-making. Rather than 
operating as peripheral enhancements, multimodal cues appear to embed algorithmic assessments 
within coherent cultural narratives, thereby enhancing interpretive depth and perceived legitimacy. 
These findings suggest that AI-mediated authenticity evaluation gains credibility not through 
technical precision alone, but through its capacity to align algorithmic outputs with culturally 
resonant storytelling. 

Support for H4 further underscores the importance of engagement as an affective–cognitive 
mechanism in AI-supported evaluation. Enjoyment and interactivity were positively associated with 
behavioural intentions, consistent with research indicating that engagement strengthens the 
perceived legitimacy and trustworthiness of AI-based decision tools. In this context, engagement 
operates not merely as an intervening statistical variable, but as an experiential validation process 
through which algorithmic information becomes meaningful to users. Positive interaction 
experiences reduce evaluative uncertainty, encourage deeper elaboration of multimodal cues, and 
facilitate the transfer of trust from the interaction itself to the AI system and its outputs. The festival 
setting likely amplified these dynamics, as visitors actively seek immersive and meaningful cultural 
encounters. 

The internal coherence of the Behavioural Intentions construct, including willingness to pay, 
supports H5 and aligns with prior evidence that authenticity carries tangible economic value when 
trust is reinforced. In this framework, willingness to pay functions as an indicator of consumers’ 
subjective confidence in the combined cultural–technological authenticity signal rather than as a 
revealed economic preference. Importantly, the augmented authenticity framework also implies that 
such reinforcement is context-dependent. In settings characterised by high cultural literacy, strong 
producer identity, or limited algorithmic transparency, AI mediation may be perceived as redundant 
or intrusive, highlighting critical boundary conditions under which algorithmic trust may fail to 
complement heritage-based trust. 

Several limitations and directions for future research follow from these findings. First, 
algorithmic transparency remains underexplored within the augmented authenticity framework. 
Future studies should examine whether explicit explanations of AI reasoning enhance or undermine 
trust in culturally sensitive evaluative contexts. Second, cultural variability is likely to moderate the 
observed relationships, underscoring the value of cross-cultural and multi-group analyses. Third, 
failure scenarios—such as conflicts between algorithmic assessments and traditional authenticity 
markers—warrant explicit investigation, as they may generate scepticism, selective trust, or 
resistance. Taken together, the findings position augmented authenticity as a hybrid evaluative 
process in which heritage-based trust is dynamically interpreted and conditionally reinforced 
through algorithmic diagnostics and multimodal storytelling. Rather than replacing traditional 
sources of authenticity, AI functions as an interpretive mediator that translates culturally embedded 
cues into accessible verification signals. These results suggest that authenticity in future cultural and 
consumer environments will increasingly be co-constructed through interactions between heritage 
narratives, sensory modalities, and technologically mediated forms of trust. 
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6. Conclusions 

This study advances understanding of how authenticity judgements are formed in 
contemporary evaluative environments increasingly shaped by digital mediation. The findings 
demonstrate that authenticity perceptions emerge through the interaction of long-standing cultural 
trust cues—such as heritage narratives, regional identity, and institutional legitimacy—and the 
growing role of artificial intelligence as a diagnostic and interpretive layer. Rather than displacing 
traditional sources of meaning, AI appears to complement them under specific contextual conditions 
by reducing perceived uncertainty and enhancing the cognitive clarity with which individuals 
evaluate complex and unfamiliar offerings. From a psychological and cultural perspective, 
authenticity is revealed not as a binary judgement but as a multidimensional evaluative state shaped 
by trust, perceived usefulness, multimodal coherence, and affective engagement. In this respect, the 
concept of augmented authenticity captures a shift from static authenticity markers toward dynamic 
interpretive processes that unfold through human–technology interaction. 

The results further indicate that multimodal cues—particularly auditory narratives—are 
associated with deeper cultural immersion and stronger emotional resonance in authenticity 
perceptions, while engagement with AI systems is positively related to adoption intentions. 
Enjoyment, curiosity, and experiential involvement thus function not as peripheral outcomes but as 
central mechanisms through which technology-supported evaluation becomes meaningful and 
credible to users. These findings highlight the importance of affective and experiential dimensions in 
translating algorithmic diagnostics into trusted evaluative judgements, extending existing accounts 
of technology acceptance beyond purely instrumental considerations. 

From a practical perspective, AI-enabled authenticity assistants have the potential to support 
individuals in navigating evaluative environments characterised by uncertainty, symbolic overload, 
or cultural unfamiliarity. When designed with transparency, contextual sensitivity, and a strong user-
experience orientation, such systems can facilitate more confident and informed judgement across 
culturally embedded consumption and decision-making contexts. At the same time, the integration 
of AI into authenticity verification and evaluation practices should remain attentive to issues of 
explainability, data governance, and the preservation of locally embedded knowledge systems. 
Failure to account for these considerations may undermine trust and generate resistance rather than 
reinforcement. 

Overall, this study provides a theoretically grounded and empirically supported account of 
augmented authenticity, demonstrating how cultural meaning, sensory experience, and algorithmic 
mediation jointly shape contemporary evaluative processes. By situating AI within socially 
embedded practices of trust formation rather than treating it as a purely technical instrument, the 
study contributes to broader interdisciplinary debates on technology-mediated judgement, cultural 
evaluation, and the societal implications of AI-supported decision-making, while clearly delineating 
its contextual and methodological boundaries. 
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Appendix A. Descriptive_Statistics 

Table A1. Descriptive statistics at the construct level (N = 468). 

Construct No. of items Mean SD 

Authenticity Trust 6 2.98 1.40 

AI Usefulness & Diagnosticity 4 3.03 1.44 

Behavioural Intentions 5 3.14 1.41 

Multimodal Value 2 3.03 1.43 

User Engagement 2 3.06 1.40 
Note. Construct-level scores were calculated as the arithmetic mean of the corresponding items. All items were 
measured on five-point Likert scales (1 = strongly disagree; 5 = strongly agree). No items were reverse-coded, 
and no missing values were present. 

Table A2. Descriptive statistics of survey items (N = 468). 

Item Min Max Mean (SD) 

This product appears typical of its stated region. 1 5 3.06 (1.37) 

The product reflects genuine culinary heritage. 1 5 2.97 (1.45) 

The product’s presentation (look/packaging) signals authenticity. 1 5 3.08 (1.42) 

The product’s description is consistent with regional tradition. 1 5 2.96 (1.38) 

Authenticity matters to me when choosing food. 1 5 3.00 (1.40) 

Official labels (PDO/PGI, etc.) help me recognize authentic products. 1 5 3.00 (1.39) 

I trust authenticity/geo-origin labels when making purchase decisions. 1 5 2.94 (1.41) 

Without recognized labels, I find it difficult to judge authenticity. 1 5 2.99 (1.39) 

The AI assistant helped me notice features I would have missed. 1 5 2.99 (1.45) 

The AI explanations clarified why the product may be authentic or not. 1 5 2.99 (1.42) 

With AI support, I felt more confident in my judgment. 1 5 3.09 (1.44) 

The AI reduced the time I needed to decide. 1 5 2.95 (1.44) 

The AI’s information was relevant to authenticity. 1 5 3.00 (1.45) 

The AI highlighted the most important authenticity cues. 1 5 3.05 (1.45) 

The AI’s reasoning was clear and easy to follow. 1 5 3.03 (1.41) 

Text information (ingredients/descriptions/labels) helped my decision. 1 5 3.04 (1.37) 

Visual analysis (photos of product/label) helped my decision. 1 5 3.07 (1.42) 

Audio information (producer narration/ambient sounds) helped my decision. 1 5 3.03 (1.42) 

Combining text, visuals, and audio improved my understanding. 1 5 2.98 (1.41) 

Audio made the product feel more culturally embedded. 1 5 3.03 (1.44) 

The multimodal system gave a richer perspective than a single source. 1 5 3.06 (1.38) 

Using the AI assistant was easy. 1 5 3.03 (1.39) 

Interacting with the system was enjoyable. 1 5 3.05 (1.40) 

The assistant made learning about authenticity interesting. 1 5 3.10 (1.41) 

I felt comfortable using the system in the festival setting. 1 5 3.02 (1.44) 

Overall, the system was engaging. 1 5 3.06 (1.39) 

I am more likely to buy products identified as authentic by the AI. 1 5 3.15 (1.38) 
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I am more likely to recommend authentic products to others. 1 5 3.14 (1.41) 

I would use this AI assistant when shopping for regional foods. 1 5 3.08 (1.45) 

I would use this type of AI tool while traveling. 1 5 3.12 (1.41) 

I would download a mobile app that provides authenticity checks. 1 5 3.19 (1.42) 

I am willing to pay more for products confirmed as authentic. 1 5 3.15 (1.39) 

Appendix B. Survey 

Main Survey Items (Likert 1–5) 1 = Strongly disagree … 5 = Strongly agree 
Q1. This product appears typical of its stated region. 
Q2. The AI assistant helped me notice features I would have missed. 
Q3. Textual information (ingredients, descriptions, labels) supported my decision. 
Q4. Authenticity matters to me when choosing food. 
Q5. The AI explanations clarified why the product may or may not be authentic. 
Q6. Visual analysis (product/label photos) supported my decision. 
Q7. Using the AI assistant was easy. 
Q8. The product’s presentation (appearance/packaging) signals authenticity. 
Q9. Interacting with the system was enjoyable. 
Q10. Audio information (producer narration, ambient sounds) supported my decision. 
Q11. With AI support, I felt more confident in my judgment. 
Q12. The product’s description is consistent with regional tradition. 
Q13. Combining text, visuals, and audio improved my understanding. 
Q14. Official labels (PDO/PGI, etc.) help me recognize authentic products. 
Q15. The assistant made learning about authenticity interesting. 
Q16. The AI reduced the time I needed to make a decision. 
Q17. Without recognized labels, I find it difficult to judge authenticity. 
Q18. Audio made the product feel more culturally embedded. 
Q19. Overall, the system was engaging. 
Q20. The AI’s information was relevant to authenticity. 
Q21. I am willing to pay more for products confirmed as authentic. 
Q22. I am more likely to recommend authentic products to others. 
Q23. The AI highlighted the most important authenticity cues. 
Q24. I would use such an AI assistant when shopping for regional foods. 
Q25. The AI’s reasoning was clear and easy to follow. 
Q26. The multimodal system provided a richer perspective than a single source. 
Q27. I felt comfortable using the system in the festival setting. 
Q28. I would download a mobile app for authenticity verification. 
Q29. I trust authenticity/geographical origin labels when making purchase decisions. 
Q30. The AI assistant emphasized the cultural values of the product in a way I understood. 
Q31. I would use this type of AI tool while traveling. 
Q32. I am more likely to buy products identified as authentic by the AI. 

Demographic Questions 
D1. Age: 
☐ Under 18 ☐ 18–24 ☐ 25–34 ☐ 35–44 ☐ 45–54 ☐ 55–64 ☐ 65+ 
D2. Gender: 
☐ Woman ☐ Man ☐ Non-binary/Other ☐ Prefer not to say 
D3. Country/Region of residence: ________ 
D4. Highest education level: 
☐ Secondary or less ☐ Some college ☐ Bachelor ☐ Master ☐ Doctorate/Professional 
D5. Place of residence: 
☐ Urban ☐ Suburban ☐ Rural 
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Appendix C. Statistical and Validity Diagnostics 

Table A3. Standardized regression weights with bias-corrected 95 % confidence intervals and item-level R² (N = 
468). 

Path (Factor → Item) Estimate (β) SE 95% CI (Lower–Upper) p R² 

F1 → v1 (Regional Typicality) 0.825 0.019 0.792 – 0.855 .002 ,620 

 

F1 → v2 (Cultural Heritage) 0.835 0.019 0.800 – 0.864 .002 ,845  

F1 → v3 (Tradition Consistency) 0.709 0.025 0.668 – 0.752 .002 ,843  

F1 → v5 (Authenticity Importance) 0.794 0.020 0.759 – 0.823 .002 ,444  

F1 → v6 (Label Guidance) 0.780 0.022 0.741 – 0.814 .003 ,741 

F1 → v8 (Label Dependence) 0.823 0.019 0.791 – 0.853 .002 ,615  

F2 → v9 (Feature Awareness) 0.791 0.021 0.754 – 0.824 .002 ,664  

F2 → v10 (Explanation Clarity) 0.873 0.016 0.845 – 0.895 .003 ,634  

F2 → v12 (Decision Speed) 0.846 0.018 0.815 – 0.875 .002 ,711 

F2 → v13 (Information Relevance) 0.864 0.016 0.832 – 0.887 .003 ,746 

F3 → v32 (Pay Premium / WTP) 0.843 0.018 0.811 – 0.870 .002 ,716 

F3 → v31 (App Adoption) 0.796 0.020 0.760 – 0.828 .002 ,761 

F3 → v30 (Travel Usage) 0.815 0.019 0.782 – 0.846 .002 ,625 

F3 → v29 (Shopping Usage) 0.784 0.023 0.745 – 0.818 .002 ,677 

F3 → v27 (Purchase Intention) 0.861 0.016 0.834 – 0.886 .003 ,608 

F4 → v26 (System Enjoyment) 0.666 0.072 0.541 – 0.773 .002 ,630 

F4 → v23 (Overall Engagement) 0.918 0.097 0.794 – 1.098 .003 ,503 

F5 → v20 (Cultural Embedding) 0.919 0.045 0.851 – 1.002 .002 ,697 

F5 → v18 (Audio Support) 0.787 0.045 0.710 – 0.861 .002 ,680 

Note: All standardized loadings are significant at p < 0.01; bias-corrected 95 % confidence intervals are based 
on 1,000 bootstrap resamples. R² values denote the proportion of item variance explained by its respective latent 
construct. 
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