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Abstract

Purpose — This study critically examines the literature on applying artificial intelligence (AI) and
Extended Reality (XR) in restaurant settings and related foodservice operations. The focus is on
enhancing consumers’ understanding of nutritional content and promoting more informed, health-
conscious food choices. Design/methodology/approach — This study adopts a systematic literature
review (SLR) approach, beginning with an initial search that identified over 3,900 academic
publications published over the past decade (2016-2025). A critical literature review is undertaken
research on the use of Al and XR technologies in restaurant and foodservice settings that can enhance
consumer nutrition awareness. Studies were selected based on predetermined inclusion and
exclusion criteria, and the findings are conceptual, offering propositions for practical applications
and future research directions. Findings — The review highlighted advances in Al and XR
technologies with applications to nutritional labeling in foodservice. Key findings include Al-driven
improvements in calorie tracking, personalized meal recommendations, menu planning, and the
promotion of healthier eating. It is found that XR technologies, such as Augmented Reality (AR) and
Virtual Reality (VR), have enhanced customer engagement and dietary interventions. However, there
has been limited adoption of XR remains, indicative of opportunities for further research.
Originality— This study develops theory-driven research propositions by identifying gaps in the
integration of Al and XR in the context of restaurants and foodservice. It bridges three perspectives
—a) hospitality (menus and dining experience), b) nutrition (dietary awareness and healthier choices),
and ¢) human-technology interaction (technology acceptance and user engagement). A focused
agenda is proposed for advancing Al- and XR-enabled nutritional communication.

Keywords: menu to meal; artificial intelligence; extended reality; nutritional labeling; restaurant;
foodservice operations

1. Introduction

Artificial Intelligence (Al) and Extended Reality (XR) have become prominent contemporary
phenomena (Reiners et al., 2021), reshaping the way individuals and organizations interact with their
environments (Chen et al., 2024). Such technologies not only enhance awareness (Woodward et al.,
2022) but also provide innovative tools for decision-making (Samant et al., 2023), personalization
(Alimamy & Gnoth, 2022), and efficiency (Mayer et al., 2025). The food and beverage (F&B) sector
plays a particularly significant role within the hospitality and tourism domain (Mun et al., 2019),
through its close association with consumer experience, service quality, and customer satisfaction
(Namkung & Jang, 2007).

While Al and XR technologies have advanced across various sectors of the economy, their
integration within the restaurant industry has been limited, notably in the domain of menu design.
Despite their potential to enhance consumer decision-making, improve menu personalization, and
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promote healthier eating behaviors, these technologies have not yet become commonplace in
foodservice operations. Restaurants are still characterized by traditional methods of menu
presentation and dietary information (Abbas & Hatch, 2024), with limited implementation of Al-
powered systems and XR applications, such as AR menus or interactive nutritional
recommendations. This adoption lag underscores the importance of exploring how these
technologies could be leveraged in foodservice to improve nutrition awareness and guide healthier
consumer choices.

The significance of this research is underscored by the growing demand for health-conscious
dining options (Li et al., 2018) and the increasing prevalence of chronic diseases that are linked to
poor dietary habits (Chen et al., 2024). Al and XR have the potential to revolutionize how nutritional
information is presented in restaurants and foodservice operations and to engage consumers more
actively in healthier food choices. By bridging the gap, this study will enlighten the current state of
Al and XR in foodservice, identify the opportunities and challenges for adoption, and explore the
theoretical underpisnnings that guide acceptance by diners of these technologies.

Despite the growing body of research on artificial intelligence, extended reality, and digital
health applications, existing scholarship remains fragmented across technical, clinical, and consumer-
oriented domains. Prior reviews have primarily focused on technical and algorithmic nutrition
recommendation systems, automated dietary monitoring and food sensing technologies, and
technology-driven food design and sensory innovations, rather than integrated AI and XR
interventions within restaurant foodservice environments. However, no systematic review to date
has holistically integrated Al and XR applications within restaurant and on-site foodservice
environments through a behavioral and hospitality-focused theoretical lens. As a result, the field
lacks a unified conceptual understanding of how these technologies function not merely as
informational tools, but as behavioral intervention mechanisms capable of shaping nutrition
awareness and food choice decisions at the point of consumption.

To address this gap, the present study advances hospitality technology research in three
important ways. First, it reconceptualizes Al- and XR-enabled menu systems as behavioral health
interventions rather than purely operational or algorithmic systems. Second, it integrates the
Technology Acceptance Model (TAM; Davis, 1985) and the Health Belief Model (HBM; Becker, 1974)
into a unified framework that explains how technological characteristics translate into nutrition
awareness and ultimately health-conscious food choices in restaurant settings. Third, it identifies an
evolutionary shift in the literature from static optimization models toward immersive, adaptive, and
persuasive Al ecosystems that blend personalization, explainability, and experiential engagement.
By bridging hospitality management, nutrition science, and human-technology interaction, this
study offers a theoretically grounded agenda for the next generation of intelligent foodservice
systems.

2. Literature Review

Numerous studies have demonstrated that food intake and eating habits have a significant
influence on the health of individuals (e.g. Van Dyke & Drinkwater, 2014) and of life satisfaction
overall (e.g. Chen et al.,2024). Restaurants and other foodservice settings are therefore expected to
play a critical role in supporting these outcomes. One important avenue for achieving this is through
menu design. Nie ef al. (2025) conducted a systematic review about menu design and concluded that
menus extend beyond a listing of dishes. They are influenced by factors such as social norms, cultural
values, market forces, industry practices, and customer preferences. Menus function as important
tools for communication and management, helping restaurants to connect with guests and guide
their dining decisions.

Recognizing the importance of food intake and eating habits on people’s health, Hassannejad et
al. (2017), conducted a literature review to categorize research on automating the monitoring of diets.
They proposed two study classifications: one focused on extracting information about dietary content
from images, and the other on using wearable sensors to detect eating behaviors. In another
investigation, Bo et al. (2024) explored the field of food design, highlighting how Al and 3D printing
technologies are influencing the industry and helping restaurants achieve their goals, such as
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conveying messaging from the chef to customers through innovative culinary presentations.
Collectively, these studies illustrate how Al has the capacity to transform raw dietary data into
actionable insights, thereby offering the potential to support personalized and real-time dietary
guidance.

Artificial intelligence (Al) can play a significant role in achieving the previously noted goals.
Various subfields of Al have been applied for this purpose, including, but not limited to, machine
learning (ML; Herranz et al., 2016), computer vision (CV; Shi et al., 2024), natural language processing
(NLP; De Croon et al., 2025), recommender systems (Li ef al., 2018), deep learning (Chang et al., 2021),
reinforcement learning, (Liu et al., 2024), Knowledge-Based Systems (Wang et al., 2020) and data
mining (Vandeputte et al., 2023). Collectively, these technologies enable applications ranging from
personalized meal recommendations and calorie tracking to menu optimization and predictive
modeling of consumer choices, demonstrating Al's multifaceted role in enhancing nutritional
awareness.

In an overview article, Trang Tran ef al. (2018) examined recommendation techniques, within
the healthy food context and tailored to both individuals and groups. They also assessed current
advances in food recommender systems and outlined key challenges for the progression of future
recommendation technologies in this field. Another systematic literature review on nutrition
recommendation systems (NRS) was conducted by Abhari et al. (2019), who reported that hybrid
recommender systems (40%) and knowledge-based recommender systems (32%) were the most
employed types within this domain. Saad and Islam (2025) also conducted a scoping review on real-
time food nutrition classification and recommendation systems. They found that machine learning
algorithms and sensor-based technologies are used to support smart dietary decisions, highlighting
Al's direct role in analyzing dietary data, predicting user needs, and delivering personalized
nutritional guidance.

Extended Reality (XR) is another technology applied to support these outcomes, encompassing
several key subfields such as virtual reality (VR; Persky & Dolwick, 2020), augmented reality (AR;
Sharma et al., 2024), and mixed reality (MR; Fuchs et al., 2020). These technologies enable immersive
dining experiences (Deng et al., 2024), interactive menu visualizations (Fritz et al., 2023), and enhanced
customer engagement (Sung et al., 2021), helping restaurants communicate culinary concepts (tom
Dieck et al., 2024), educate consumers about nutritional content (ChanLin et al., 2019), and guide food
choices (Chark & Ip, 2023) in innovative ways. XR thus complements Al by providing experiential
and visual interventions that reinforce algorithmic nutritional information, linking cognitive
understanding with experiential engagement in food choice contexts.

3. Methodology

A systematic review approach was employed to achieve a holistic understanding of using Al
and XR trends in restaurants and other foodservice operations related to nutritional labeling and
informing. The review process adhered to the PRISMA guidelines (Moher et al., 2009), ensuring
transparency, rigor, and a systematic approach to the identification, selection, and analysis of relevant
studies. An extensive search was conducted of nine electronic databases (including Scopus
(comprehensive coverage), ScienceDirect (scientific literature), Web of Science (high-impact journals),
Emerald Insight (hospitality-focused research), PubMed (health-related studies), ACM Digital
Library (Al-focused resources), IEEE Xplore (technology and innovation), Hospitality & Tourism
Complete (foodservice operations), and APA PsycINFO (consumer behavior research)) in June 2025,
to identify relevant studies.

Seven out of nine databases were searched using the following terms: [(menu OR meal OR
restaurant OR foodservice) AND (“artificial Intelligence” OR “augmented reality” OR “virtual
reality”) AND (“nutritional labeling” OR nutrition)].  Search strategies were adapted that
acknowledge different their search syntax and limitations between databases. For seven of the
databases, the search string was used as written. However, Web of Science and IEEE Xplore do not
support the use of parentheses, so the combined search string was broken down into all possible
keyword combinations (4 x 3 x 2 = 24) and searched individually (e.g., [menu AND “artificial
intelligence” AND “nutritional labeling”]). Quotation marks (“ ) were also used to ensure that multi-
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word terms, such as “augmented reality” were retrieved as exact phrases. This review included
studies from the past decade (2016-2025) to ensure that the findings reflect the most recent trends and
developments in the field.

Studies were identified according to predetermined inclusion and exclusion criteria, and the
following inclusion criteria were deployed:

J Articles published in peer-reviewed journals.

. Written in English.

. Empirical research articles.

. Studies examining the use of Al or XR in menus and nutritional labeling within restaurant

and other foodservice settings.
The exclusion criteria included:

. Studies not available in full text.

o Articles published in nonpeer-reviewed sources.

J Reviewed articles.

J Studies related to personal use rather that foodservices.

J Studies related to healthcare industry (such as hospital catering, nutrition and diet clinics,
healthcare services).

. Studies focused on animal nutrition.

The selection of studies was conducted using Covidence, a software tool designed to streamline
the screening of titles and abstracts in systematic reviews (Macdonald ef al., 2016). An initial total of
4,337 records was identified through database searches, with 3,929 unique records remaining
following the removal of duplicates. Gray literature sources such as conference papers were excluded
by filtering databases such as Hospitality & Tourism Complete and APA PsycINFO to include only
peer-reviewed articles. Gray literature records may have been retrieved in the case of databases
without a peer-review filter. However, any articles that met the inclusion criteria during the screening
process were checked carefully to ensure that gray literature was excluded from the final analysis.
The distribution of records retrieved from each database is presented in Figure 1. Title and abstract
screening were performed independently by two authors following the inclusion criteria. Each article
was categorized as 'yes' (eligible), 'maybe’ (potentially eligible), or 'no' (ineligible). Consensus was
reached for 3,527 articles, corresponding to an initial inter-rater agreement rate of 89.8%, which
exceeds the commonly accepted minimum threshold of 80% for adequate agreement in research
(McHugh, 2012). Disagreements regarding the remaining articles were addressed through discussion
between the reviewers, leading to the selection of 204 articles for full-text assessment. After
conducting a comprehensive full-text assessment of the 204 articles, those that either did not meet the
inclusion criteria or met any of the exclusion criteria were eliminated, resulting in 26 studies being
retained for the final analysis. The procedure for selecting articles is illustrated in the PRISMA flow
diagram (Figure 2). A structured data extraction form was utilized to collect the relevant information,
which included sections for:

J Study details (authors, publication year, and source journal).

. Targeted Foodservice in the study

. Mapped AI/XR Category; and

. Key Contribution/Finding
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Figure 1. Number of records by database.

Following full-text selection, the extracted data were synthesized using a narrative synthesis
approach supported by inductive thematic analysis. This approach was adopted to integrate
heterogeneous studies drawn from hospitality, nutrition, and computer science. The synthesis
focused on identifying recurring technological applications, research objectives, and outcomes
related to nutritional information and consumer decision-making in foodservice settings. A
structured data extraction matrix was used to code each study according to predefined fields,
including foodservice context, AI/XR technology type, and key contributions. Coding was conducted
iteratively, with studies repeatedly reviewed and compared to identify recurring patterns and
conceptual similarities. Thematically related studies were grouped through this iterative comparison
process, leading to the identification of five main research categories. The coding framework was
constantly refined to ensure consistency, conceptual clarity, and align with the review objectives.

This review includes articles that met the inclusion criteria and did not meet the exclusion
criteria. Based on the selected articles, five main research categories were identified, followed by three
additional categories that were discussed but not reviewed systematically. These categories are
highly relevant to the research, but they are too broad and would require separate systematic reviews
for each. The following sections outline the key research categories uncovered through the review.
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Figure 2. PRISMA flow diagram.

To ensure the reliability and rigor of this systematic literature review, all included studies were
evaluated using the quality appraisal checklist Hawker et al. (2002), which assesses quality across
nine domains, including title and abstract, introduction and aims, method and data, sampling, data
analysis, results, implications, transferability, and ethical considerations. Each study was scored on a
scale from 1 (very poor) to 4 (good) for each domain, with a total possible score of 36 points. Articles
scoring between 26 and 34 points met the quality selection criteria. Scores between 28 and 36 indicate
high-quality studies, 20 to 27 suggest fair quality, 10 to 20 reflect poor quality, and below 10 is
considered very poor quality. Additionally, 22 of the included articles were published in Q1 journals
and 4 in Q2 journals, further demonstrating the high academic quality of the studies analyzed. A
summary of the quality ratings is presented in Appendix A, providing an overview of the strength
of evidence and supporting the reliability of the review findings.

4. Finding

A total of 26 articles were selected and classified into five categories based on the chosen criteria.
The first publications meeting our criteria appeared in 2018, while the majority of the studies (16 out
of 26) were published in the last two years of the examined period, indicating a recent surge of interest
in the field (see Figure 3). For detailed comparisons and summaries of the studies in each category,
please refer to Figure 4-8, which outline the technological approaches, novelties, and results of each
study.
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Figure 3. Year and the number of publications.

1) Al-powered calorie and nutrition tracking. Studies in this category collectively
demonstrate the increasing use of Al-based systems to automate dietary assessment in foodservice-
related settings.

Author and Targeted
publication Journal Foodservice | Mapped Al Category Key Contribution/Finding
vear in the study
Machine Learning /
EEE T cti
Changetal. |~ = C'z::a % | Buffet | DeepLearning/ | Introduced a AloT-based intelligent
(2021) . restaurants Reinforcement system for buffet meal calorie control
Electronics .
Learning
Gao et al. Food Chemistry University Computer Vision I%mﬂduoed a vision-based system for
(2025) canteens t dietary assessment of college students
Proposed rel approach bini
Sk “ Scientific Reports School | Machine g / transfer ?:ﬂ‘:; and clustz:;n ':::3
al. (2021) foodservices| Deep Learning \ £ nE
improved food segmentation

Developed the pioneering dataset for

Shi et al. . Computer Vision / Chinese tray meals and proposed a
Food ch Restaurants
(2024) ety SRS | Machine Learning novel system for automated dietary
evaluation of tray meals.
, Computers and . - . .
Shi et al. Fi s in Foodservice| Computer Vision/ | Integrates Al with 3D reconstruction
(2025) Agriculture providers Deep Learning for calorie detection

Graph 2025 and Siemon et al. (2021) both applied computer vision techniques to monitor food
intake among students, showing that Al-based image analysis can improve the accuracy of dietary
evaluation, with Siemon et al. reporting a 6% accuracy improvement over traditional methods. Chang
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et al. (2021) extended calorie tracking into buffet environments through an AloT-based system that
integrates intelligent tables, mobile applications, and cloud platforms to record meals and calculate
calorie intake in real time. Similarly, Shi et al. (2024) focused on automated dietary assessment of tray
meals by combining food identification, volume estimation, and nutritional analysis. Building on this
work, Shi et al. (2025) further advanced calorie detection by integrating deep learning with 3D
reconstruction techniques. Together, these studies indicate a progression toward increasingly
automated and precise Al-driven calorie and nutrition tracking systems.

2) Al-driven Personalized food recommendations & meal guidance. Recent studies have
explored Al systems that assist consumers in selecting meals aligned with their preferences, budgets,
and health needs. Li et al. (2018) developed a system that analyzes past orders and menu evaluations
to guide customer choices, particularly in settings with extensive menu options. Wang et al. (2020)
expanded this approach using a knowledge-based multi-objective optimization model to suggest
dish combinations that satisfy taste preferences while respecting budget constraints. Qiao et al. (2022)
further incorporated nutritional considerations into recommendations, leveraging customer order
histories and spending habits. Wu et al. (2025) developed a fully automated diet counseling system
that monitors food purchases, demonstrating technical feasibility and scalability, though no
significant changes in food healthiness were observed.

Recent advancements emphasize adaptability and interaction. Liu et al. (2024) combined AI with
Reinforcement Learning to create a dynamic food recommendation system (FRS) capable of adjusting
to changing health requirements through continuous interaction. Wang et al. (2024) employed
heterogeneous hypergraph learning with IoT data to enhance personalization and precision in
recommendations. Vandeputte et al. (2023) highlighted the importance of contextual factors and user
involvement, while Forouzandeh et al. (2024) focused on improving recommendation accuracy by
learning semantic relationships in food and health contexts. Collectively, these studies demonstrate
the evolution of Al-driven meal guidance from static preference-based systems to more adaptive,
interactive, and health-oriented approaches.
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Personalized food recommendations & meal guidance
Author and
T d Foodservice | Mapped Al
publication Journal arge:l:e crviee Key Contribution/Finding
in the study Category
year
Computers in
Forouzandeh Bi::i aml:l Restaurants Machine Enhances unsupervised learning of attributed graph
etal 2024 E‘,I!r’_ Learning represeniations, outperforms existing methods.
Medicine
. N Restaurants, Development of relation-driven food recommendation
Lietal Frontiers in - . . Recommend Lo - . .
(201%) svehia foodservice chains, er S syatem predicting dietary preferences (ingredients,
chi fems
paycihialry fast food chains s spice, price, nutrition).
Liu et al. Expert Systems Restaurants Reinforceme| Proposed dynamic, adaptive FRS for real-time
(2024) with Applications eslauran nt Learning recommendations.
T il
. ransal.ucfns on . Machine |Provided healthier, personalized dish recommendations
Qiao et al. Emerging Restaurants, cateting Learning / with real-time performance and improved priv
2022) | Telecommunicati services ng ~time p e privacy
. Data Mining protection.
ons Technologies
Data Mining
Vandeputte et | The Tournal of !
ZJH_ {?ﬂuﬂj ;uc:::'m ¢ Foodservices R d Higher acceptance of food swaps when users enpaged
ef Systems
Knowled
Wang et al , Applied Soft Restaurants, ;‘:‘gﬁdgﬁ- knowledge-based multi-objective optimization
2020 Computing foodservice operators Sys algorithm for suggesting food packages
Wang et al. EF‘"'F’“_“ Machine Enables more dynamic and personalized
Informatics Restaurants . .
{2024) Learning recommendations.
Journal
IEEE Journal of Machine
Wu etal Biomedical and Foodservice Learning ¢ | Fully automated diet counseling using digital receipts
(2025) Health Recommend and struciured recommendations
Informatics ef Systems

3) Al-Driven Menu Planning. Research on Al-driven menu planning demonstrates a shift from
static nutritional compliance toward dynamic optimization that balances health, cost,
personalization, and operational efficiency. Early work by Hernandez-Ocana et al. (2018) illustrates
how rule-based menu generation systems can translate established nutritional guidelines into
personalized meal plans, highlighting Al's capacity to operationalize abstract dietary principles into
actionable menus. However, the limited sample size underscores the exploratory nature of early
menu automation research. More recent studies emphasize optimization performance and scalability.
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Meal & menu planning systems
Targeted
Auth d Mapped Al
ubﬁmgrﬂ:nw Journal | Foodservice o Key Contribution/Finding
P ¥ in the study oty
U [timodal AT to offi
Matural Lanpuapge 58 mu . oot
Hannon etal. | ¢ outers | Restaurants | Processing (NLP) ¢ |PErsnalized recipe
(2024) 8 N recommendations based on dietary
Computer Vision L
restrictions and preferences
Ocana et al., | IEEE Access | Foodservices | Machine Learning pes i, . €
(2018) nutritional needs according to
“Laws of Nutrition™
Li et al, (2025) Applied College Computer Vision / | Automatic plate recognition svstem
' Sciences foodservice Deep Learning | for food waste reduction
Marrero et al, School Addressed repetition and cost in
Mathermati Machine Learni
{2020) AREMANES | foodservices e M€ |school menu planning
. Restaurants, Fitst use of AGEMOEA and
Sahin and Expert .
Avtekin-Sahin | Svstems with Schools, Knowledge-Based |SMSEMOA for menu planning;
¥t P DE_ 4) ;r lications Catering Svstems developed open-source tool
P Services Evohdeal
Dieveloped an Al-driven menu
Segredo et al. School lanner for school cant that
CBrEC0 €L | IEEE access 0| Machine Learning [P o tor Sehool canieens
(20207 cafeterias balances energy, nutrition,
affordability, and diversity

Sahin and Aytekin-Sahin (2024) compared multi-objective optimization algorithms and showed
that AGEMOEA and SMSEMOA outperform alternatives in simultaneously addressing nutritional
adequacy and operational constraints. Their findings signal a methodological maturation in menu
planning research, where algorithmic efficiency becomes central to enabling healthier menus at scale.
Complementing this optimization-focused stream, Hannon et al. (2024) extend menu planning
toward experiential personalization by integrating multimodal Al and user feedback, suggesting a
transition from system-driven planning to adaptive, user-involved menu customization. Institutional
foodservice contexts further illustrate Al's applied value. Studies in school and college canteens
(Segredo et al., 2020; Marrero et al., 2020) demonstrate how Al can reconcile affordability, nutritional
balance, and dietary diversity, addressing public health objectives. Li et al. (2025) extend menu
planning beyond design into execution, showing that Al-enabled portion recognition can reduce food
waste, thereby linking menu planning decisions to sustainability and operational outcomes.

4) Al-based Promotion of Healthier Eating Choices in Restaurants. Research on Al-enabled
interventions increasingly emphasizes behavioral influence rather than information provision alone.
Avatar-based systems exemplify this shift by embedding persuasive and social cues into menu
interfaces. Aman et al. (2025) demonstrate that avatars can effectively encourage healthier food
choices while simultaneously enhancing satisfaction, loyalty, and electronic word-of-mouth,
suggesting that health promotion and experiential value are not mutually exclusive. Hao et al. (2024)
further unpack the mechanisms underlying these effects, showing that avatar appearance, humor,
and persuasive messaging shape customer responses by activating social comparison and
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aspirational appeal. Their findings indicate that the effectiveness of Al-driven persuasion depends
not only on functional accuracy but also on affective and symbolic design elements.

Beyond avatars, explanation-enhanced recommender systems address tensions between user
autonomy and nutritional guidance. De Croon et al. (2025) show that providing transparent
explanations improves users’ understanding and perceived control, even when recommendations
diverge from stated preferences, highlighting explainability as a critical facilitator of acceptance.
Complementing these approaches, decision-support dashboards extend Al influence through
nudging and gamification. Agyemang et al. (2024) illustrate how simplified health metrics and
environmental feedback can translate abstract nutritional consequences into tangible outcomes,
reinforcing healthier choices through behavioral incentives. Collectively, these studies reveal a
progression toward Al systems that integrate persuasion, transparency, and behavioral nudges to
support healthier restaurant decisions.
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5) Immersive & real-time dietary interventions. While Al-based approaches dominate
nutrition-focused research, a smaller but growing body of work demonstrates the distinct value of
XR for real-time and immersive dietary interventions. Fuchs et al. (2020) show that Mixed Reality
(MR), combined with Internet of People (IoP) applications, can move beyond passive monitoring by
enabling continuous, visual interventions that directly influence eating behavior. Their findings
suggest that MR’s strength lies in its ability to integrate dietary feedback into users lived
environments, making health cues more salient than conventional screen-based tools. Extending this
immersive logic to foodservice contexts, Sharma et al. (2024) demonstrate that Augmented Reality
(AR) menus influence ordering behavior by reshaping portion size perceptions and increasing
awareness of food waste, thereby reducing over-ordering. Similarly, Braga et al. (2025) highlight
Virtual Reality’s capacity to improve portion size estimation, addressing a key cognitive driver of
overeating. Collectively, these studies indicate that XR interventions operate primarily through
perceptual and experiential mechanisms, complementing Al’s informational role by directly shaping
how food quantities and consequences are experienced at the point of decision-making.
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Immersive & real-time dietary interventions.
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Other Related Studies. Much research has targeted individuals rather than restaurants or other
foodservice establishments and have shown the importance of providing personalized menus and
nutritional recommendations tailored to customers. This area of research is broad and requires a
focused systematic literature review to allow for deeper exploration, divided into two main
categories:

Personalized meal plans - Individual Focus. The first category primarily targets end consumers
seeking personalized meal plans to support a healthy lifestyle (e.g., Amiri & Hasan, 2023; Kopitar et
al.,, 2025; Stefanidis et al., 2022). In these studies, researchers typically propose apps or systems
designed for individuals with specific dietary needs, ranging from generally healthy individuals to
those managing particular health conditions.

food recognition and dietary assessment systems. The second category includes studies that have
developed deep learning-based food recognition and dietary assessment systems to analyze daily
meal images (e.g., Chen et al., 2021; Herranz et al., 2016; Larke et al., 2023; Li et al., 2024; Lyu et al.,
2023; O’Hara et al., 2025; Papathanail et al., 2023; Vasiloglou et al., 2020). These systems are designed
for individuals seeking personalized nutritional insights to improve health and wellness and
typically employ advanced algorithms to identify food items and assess their nutritional content.
Although most of these studies focus on individual users, their underlying technologies have
potential applications in restaurants and other foodservice contexts.

Al and XR Applications for Enhancing Nutritional Management in Healthcare industry. Healthcare
represents a distinct and mature research domain in which Al and XR have been extensively applied
to nutritional management across hospitals, clinics, elder care, and digital health platforms. Prior
studies demonstrate how Al systems support clinical nutrition through automated intake estimation
and disease-specific dietary control. For example, Lu et al. (2020) developed an Al-based system to
estimate hospitalized patients’ nutrient intake, while Jin et al. (2024) examined Al-driven dietary
recommendations for hemodialysis patients to manage potassium levels. The breadth and clinical
specificity of this literature distinguish it from foodservice-focused research, warranting separate
systematic review treatment.

5. Discussion and Conclusions

Conceptual Framework Linking AI/XR, Nutrition Awareness, and Health-Conscious Choices.
the findings have been organized using an integrated conceptual framework that combines the
Technology Acceptance Model (TAM) and the Health Belief Model (HBM; Becker, 1974). TAM has
been widely employed to explain consumer adoption and use of technology-based systems
emphasizing perceived usefulness and perceived ease of use as key determinants of engagement with
technological interfaces (e.g., Al-Adwan et al., 2023; Oyman et al., 2022). In contrast, HBM has been
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extensively applied to understand health-related decision-making, focusing on perceived benefits,
perceived barriers, and cues to action that influence behavioral change (e.g., Glick et al., 2024).

In the context of restaurants and foodservice operations, Al- and XR-enabled applications (e.g.,
intelligent menus, recommender systems, and immersive visualizations) serve as technological
stimuli that consumers must first accept and interact with. Al technologies, such as recommendation
engines and chatbots, provide personalized nutrition guidance, (e.g., Li et al., 2018) while XR tools,
including AR menus and VR simulations, offer immersive, interactive experiences (e.g., Braga et al.,
2025). Together, they complement each other by enhancing awareness and promoting healthier
consumer food choices. When these technologies are perceived as useful and easy to use, they
enhance consumers’ nutrition awareness by improving understanding of calorie content, portion
sizes, ingredient composition, and dietary implications. This heightened awareness subsequently
activates health-related beliefs by clarifying the benefits of healthier choices and providing salient
cues to action at the point of decision-making, ultimately supporting more health-conscious food and
beverage selections.

Al/XR Technology o

* Intelligent Menus
* Recommender Systems

* Immersive Visualizations

Perceived Usefulness & Ease of Use (TAM) |

Consumer Nutrition Awareness i

¢ Understanding Calorie Content
* Portion Sizes

® Ingredient Composition

Cognitive Outcomes Influenced by Technology

)\ 4

ious Decision-Makiny

» Healthier Food & Beverage Choices

» Activation of Perceived Benefits, Barriers,
and Cues to Action (HBM)

Figure 9. Conceptual Framework: The Role of AI/XR in Enhancing Nutrition Awareness and Health-Conscious
Choices.

Accordingly, the reviewed studies can be conceptually positioned along a sequential pathway
linking (1) Al and XR technological characteristics, (2) consumer nutrition awareness, and (3) health-
conscious decision-making outcomes. This framework provides a unifying lens for synthesizing the
heterogeneous literature reviewed in this study and clarifies how technological design, consumer
cognition, and behavioral responses are interconnected in foodservice settings.

Figure 9 illustrates the conceptual framework, showing how AI/XR technology influences
nutrition awareness and health-conscious choices. The model highlights the evolution from focusing
solely on technology adoption (TAM) to integrating psychological and behavioral mechanisms
(HBM) that guide food decisions. By linking technological characteristics to cognitive awareness and
health-related beliefs, the framework emphasizes both the informational and motivational roles of
AI/XR in promoting healthier consumer choices in foodservice settings.
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Trends in Al and XR Research Over Time (2016-2025). Over the past decade, Al research in
foodservice has evolved towards advanced, adaptive, and user-centric solutions (see figure 10). Early
studies emphasized personalized menu planning and nutritional optimization using machine
learning and knowledge-based approaches. Between 2020 and 2021, research expanded to
institutional settings, integrating deep learning, reinforcement learning, and AloT to address cost,
diversity, and calorie control. From 2022 onward, the focus shifted to real-time, privacy-aware, and
behavior-oriented systems, incorporating computer vision, NLP, and multimodal Al. Recent studies
(2024-2025) highlight explainability, gamification, avatars, and automated dietary assessment,
reflecting a maturation toward intelligent, scalable, and decision-support ecosystems that promote
healthier and more sustainable food choices.
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Figure 10. Decade-long Trend in Al and XR Applications for Nutritional Insights (2016-2025).

Future Research Directions. In addition to the three main relevant areas (personalized meal
plans, food recognition systems, and a focus on the healthcare industry) that require separate
systematic literature reviews, this study has identified several other potential research directions.
Research on Al and XR in this domain follows two main perspectives. The first emphasizes
improving the technical accuracy of Al and XR for tasks such as food recommendation and detection,
requiring substantial technical expertise and receiving extensive attention in nutrition and computer
science research (e.g., Braga et al., 2025; Marrero et al., 2020). The second, prevalent in hospitality
management, explores how these technologies support informed food and beverage choices (e.g.,
Aman et al.,, 2025; Hao et al., 2024). While the technical stream is well developed, social science
research, particularly in hospitality, remains limited (see Figure 11), highlighting opportunities to
integrate consumer behavior and service theories into Al and XR design and evaluation. Accordingly,
the following proposition is advanced:

Proposition 1:

Al and XR-enabled menu systems designed using hospitality and consumer behavior theories
will lead to higher customer trust, satisfaction, and adoption intentions compared to systems
developed without such theoretical grounding.
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Figure 11. Distribution of selected articles in Technical and Social Science Journals.

Also observed from the results, while numerous studies have been conducted utilizing Al, there
is a noticeable lack of research exploring the use of Extended Reality technologies. While AI has
garnered significant attention for its applications, XR has received comparatively less. There remains
a considerable opportunity for future researchers to investigate the potential of XR in this area,
especially in applications where immersive experiences could offer innovative solutions.

Research Question 1: How do XR-based menu interventions (e.g., AR and VR) differ from Al-
only systems in influencing nutrition awareness, portion perception, and ordering behavior in
foodservice settings?

It has also been observed that much research has focused on food rather than on beverage,
particularly in the case of liquor. Alcoholic beverages represent a significant component of consumer
demand and spending in many markets (Fogarty, 2010), yet they remain underexplored by
researchers. Conducting studies on beverages in general, and liquors in particular, could help
individuals have a better and more informed experience in the hospitality industry.

Research Question 2: How can Al- and XR-enabled menu and recommendation systems for
beverages, particularly alcoholic drinks, affect consumer awareness, moderation intentions, and
beverage selection in hospitality contexts?

Furthermore, there has been limited scholarly exploration regarding customer perceptions of
these interventions. Human-food interactions play a significant role in the overall enjoyment of life
(Batat ef al., 2019). Many individuals prefer to disconnect from technology while eating (Tabares-
Tabares et al., 2022), valuing the opportunity to be in a cozy environment, listen to pleasant music
(Ryu et al., 2012), enjoy conversations with those at the dining table, and savor their food without
tech-related distractions. Future researchers could explore how to balance technological interventions
with the desire for more authentic, technology-free dining experiences. This leads us to research
question three.

Research Question 3: How do customers perceive and respond to Al- and XR-enabled
foodservice interventions when dining authenticity and technology avoidance motivations are
salient?

An important yet underexplored issue in foodservice settings is meeting individual nutritional
needs. A central goal in this field is supporting consistency in achieving essential nutritional
requirements (Meyers et al, 2006). However, many diners make food choices with limited
understanding of their nutritional needs, relying heavily on guesswork, which highlights a gap in
personalized nutrition tracking. Future research could focus on developing comprehensive databases

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


https://doi.org/10.20944/preprints202602.1590.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 February 2026 d0i:10.20944/preprints202602.1590.v1

16 of 22

that monitor individuals’ nutritional intake over defined periods (e.g., weekly or monthly). Such
systems could function as personalized portfolios, offering insights into dietary patterns and enabling
more informed meal planning. These databases could also store preferences, allergies, budget
constraints, health conditions, and related factors. If restaurants contributed standardized nutritional
data, customer profiles could be scanned across establishments to deliver tailored menu options.
Recommendations could then be customized based on taste preferences, nutritional needs, price
sensitivity, and variety, enhancing personalization and supporting more informed dining decisions.

Proposition 2: Access to a longitudinal, cross-restaurant personalized nutrition profile will
increase consumer trust in Al-driven menu recommendations and improve alignment between menu
selections and individual nutritional needs.

Beyond identifying technological and contextual gaps, future research should examine the
psychological and behavioral mechanisms through which Al and XR influence healthier food choices.
Studies should empirically test cognitive load reduction as a mediator in Al-based menu systems and
its effect on food selection in complex dining environments. Similarly, research should investigate
immersion as a mediating mechanism in XR-based menus, focusing on how visual realism and
interactivity shape portion perception, ordering behavior, and consumption intentions. Trust,
transparency, and explainability should also be examined as mediators between Al-driven
recommendations and consumer acceptance, particularly across culturally diverse foodservice
contexts. Modeling these mechanisms would advance theory beyond adoption outcomes and clarify
how Al and XR operate as behavioral interventions in restaurant settings, leading to question four.

Research Question 4: What psychological mechanisms (e.g., cognitive load reduction,
immersion, trust, and explainability) mediate the relationship between AI/XR interventions and
healthier food choices in restaurant environments?

Practical Implications. The complexity and profusion of choices presented in modern menus
can overwhelm consumers, undermining meal selections that align with personal preferences and
dietary requirements. This decision fatigue is particularly pronounced in foodservice settings where
menu options are diverse and frequently include complex ingredient lists. To mitigate this challenge,
restaurants and foodservice providers can leverage Al and XR-powered menus to introduce a more
intuitive and tailored dining experience. By integrating an advanced search engine within the menu
interface, restaurants can enable customers to filter meal options based on customizable criteria such
as dietary preferences (e.g., vegetarian, gluten-free), nutritional goals (e.g., low-calorie, low-sodium),
or specific ingredients (e.g., including rice, excluding dairy). This feature would empower customers
to make more informed and efficient meal choices, enhancing their overall dining experience.

In addition to improving the customer experience, Al and XR-driven menu systems can also
foster deeper engagement by offering personalized meal recommendations that adapt to customer
preferences over time. As customers return, the system could refine its suggestions based on previous
selections, dietary restrictions, and even real-time health data (if applicable), thus creating a more
dynamic and personalized dining journey. For foodservice providers, implementing such
technologies can increase customer satisfaction, reduce decision fatigue, and enhance operational
efficiency. By streamlining the decision-making process, restaurants can enhance service delivery,
improve order accuracy, and boost customer loyalty. Moreover, Al-driven menu systems could
generate valuable data insights, enabling restaurants to tailor their offerings to meet changing
customer demands and emerging dietary trends.

Conclusions. The integration of Artificial Intelligence (AI) and Extended Reality (XR)
technologies in the food and beverage sector offers significant benefits for a variety of stakeholders.
For consumers, these technologies enable more informed meal choices by providing real-time
insights into portion sizes (Sharma et al., 2024), nutritional content (Hernandez-Ocana et al., 2018),
and personal preferences (Hannon ef al., 2024), thereby promoting healthier eating behaviors. From
the perspective of foodservice providers, Al and XR tools can enhance operational efficiency, improve
customer satisfaction (Hao et al., 2024), and contribute to a more tailored dining experience (Wang et
al., 2024). This personalized approach not only optimizes service delivery but also fosters customer
loyalty by aligning meals with individual dietary needs and preferences. Furthermore, these
innovations support broader societal goals by encouraging better eating habits and contributing to
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public health. However, challenges accompany the adoption of these technologies. Cultural
preferences play a crucial role in shaping how consumers perceive technology in dining
environments. An over-reliance on technology may reduce the richness of human interaction
(Kushlev et al., 2017) that many diners appreciate. Restaurants should strike a balance and ensure
that technological interventions enhance rather than diminish the authenticity and social aspects of
dining.
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