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Introduction
In many regions of the world, tangible cultural heritage is easily accessible and represents 
an integral part of our daily visual context. Yet, the inexperienced observer often lacks 
reading keys, adequate access to information systems, and guidance for self-education. 
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Abstract
Recent technological advancements in generative Artificial Intelligence (AI) models 
combined with Augmented Reality (AR) systems represent a new opportunity 
for cultural heritage valorization, particularly in the context of increasingly large, 
heterogeneous, and multimodal digital cultural repositories that pose challenges 
in terms of scalable access and semantic retrieval. In this article, we introduce 
ARtour, an application for cultural tours implementing a navigation system to direct 
users toward a point of interest and provide information through an interactive 
Large Language Model (LLM)-based audio system. Beyond enhancing user 
experience, the system explores the role of LLMs as conversational interfaces for 
accessing structured and unstructured cultural heritage data within digital twin 
environments, while also examining how such conversational interaction influences 
users’ experience, including usability, cognitive workload, and affective responses 
during cultural heritage exploration. A user study comparing LLM-based interaction 
with traditional web search shows that the system achieves high usability and 
technology acceptance with low cognitive workload. While task performance 
remains comparable across conditions, the AI conversational agent enhances 
user engagement and supports a more exploratory information-seeking behavior, 
increasing perceived immersion and co-presence and providing insights into the 
role of conversational agents in human–machine interaction within multimodal 
AR environments. We finally argue that the integration of fine-tuned or retrieval-
augmented models for accessing information on historical and cultural artifacts could 
have a constructive impact on the promotion of publicly accessible cultural heritage, 
while raising important considerations regarding data accuracy, provenance, and 
governance.
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Unfortunately, the history behind a fresco seen daily on the ceiling of an office or class-
room frequently remains unknown.

At the same time, ongoing digitization processes are progressively transforming cul-
tural heritage into large and diverse digital collections, including textual archives, high-
resolution imagery, 3D models, and structured metadata, which further increases the 
complexity of organizing and accessing cultural knowledge [1]. Innovative solutions are 
required to quickly generate and ease access to this knowledge, and to enrich daily inter-
actions with cultural artifacts in public environments.

Technological advances in Augmented Reality (AR) enable the creation of lightweight 
applications for portable devices. Such AR applications modernize the engagement with 
cultural objects while preserving their physical integrity [2, 3]. Through multimodal 
smartphone capabilities such as image and audio output, more immersive and polyva-
lent educational systems can be imagined [4]. Users not only perceive the world through 
their device lenses, gaining new insights, but also receive audio explanations of visual 
elements, providing guidance. By combining visual perception, spatial context, and 
audio interaction, AR systems enable new forms of multimodal human–machine inter-
action for exploring complex cultural information spaces [5].

The recent integration of Large Language Models (LLMs) into these portable systems 
represents a decisive breakthrough for automated information production and human-
machine interactions. LLMs can automatically provide additional information based 
on the request of the user without the laborious manual annotation of artifacts [6–9]. 
Despite valid concerns about data accuracy, traditional issues such as big data annota-
tion, specific ontologies, and retrieval systems can thus be mitigated [10–12]. Users can 
progressively request information which enhances their overall experience and fosters a 
sense of presence [5, 13]. Consequently, AR systems become a novel window for better 
understanding everyday environments [2].

From a data-centric perspective, LLM-integrated AR systems can also be interpreted 
as scalable semantic access layers over heterogeneous cultural heritage repositories, rais-
ing questions of information quality, provenance transparency, and governance.

Understanding how users interact with conversational AI in such contexts therefore 
requires considering not only technical performance but also experiential and affective 
aspects of the interaction. These include perceived usability, cognitive workload, emo-
tional responses, and sense of presence during human–machine interaction with com-
plex information systems.

In this article, we introduce ARtour, an innovative AR application for cultural tours 
that applies to any cultural site, enabling the creation of scalable and customizable virtual 
tour experiences. ARtour includes a navigation system directing users to nearby points 
of interest and integrates an interactive audio system powered by a LLM to enlighten 
users about cultural artifacts. Beyond concerns about information quality from the use 
of LLM, the system provides a controlled framework to investigate how conversational 
AI can mediate access to digitally available cultural heritage data while preserving user-
centered interaction quality. More specifically, ARtour allows us to study how conver-
sational agents embedded in AR environments influence users’ interaction experience 
when navigating and exploring complex cultural heritage information spaces. Through 
a controlled user study, we evaluate not only usability and information retrieval perfor-
mance, but also experiential dimensions of the interaction, including cognitive workload, 
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emotional responses, and perceived co-presence. From the perspective of affective com-
puting, this work contributes to understanding how conversational AI integrated within 
multimodal AR environments can shape users’ affective responses and perceived pres-
ence during cultural heritage exploration. At the same time, the study highlights the rel-
evance of ethical AI considerations when generative models are deployed as interfaces to 
cultural heritage data. In particular, issues related to information reliability, provenance 
transparency, and responsible AI usage become central when conversational systems 
mediate access to cultural knowledge.

Specifically, the following Research Questions (RQs) guide this study: 
RQ1:	 How does integrating an LLM into AR-based cultural heritage applications 
influence users’ perceived usability, cognitive workload, and emotional experiences 
compared to traditional web search methods when accessing digital cultural heritage 
information?
RQ2:	 To what extent does interacting with an LLM-driven AR assistant enhance 
users’ sense of co-presence during the exploration of digital cultural heritage content?
RQ3:	 Does the use of an LLM within an AR application improve information 
retrieval efficiency and consistency compared to conventional methods in the context of 
accessing cultural heritage data?
The manuscript is organized as follows. In Sect. "Related work" we review related work 
on LLM-driven assistants in AR environments and cultural heritage applications. In 
Sect. "Methodology" we describe ARtour, detailing the system architecture, implemen-
tation choices, and the user study design. In Sect. "Results" we report the quantitative 
results of the comparison between the considered conditions. In Sect. "Discussion, limi-
tations and future works" we discuss the findings in relation to the research questions, 
outline limitations, and identify directions for future work. Finally, Sect. "Conclusions" 
concludes the paper.

Related work
Numerous research projects and commercial applications have explored the intersection 
of AR, indoor navigation, and intelligent assistance for tourism and cultural heritage 
where large and heterogeneous digital collections must be accessed through intuitive 
interfaces. Among the most established commercial solutions is Navigine AR Indoor 
Navigation1 which leverages AR to deliver indoor wayfinding through interactive maps 
accessible via QR codes. By integrating technologies such as Ultra-Wideband (UWB), 
Wi-Fi Round-Trip Time (RTT), and Bluetooth Low Energy (BLE), Navigine achieves 
high positioning accuracy even in complex or crowded environments. Facility manag-
ers are empowered to maintain and update digital maps, ensuring that navigation routes 
and information remain updated and contextually relevant.

Timelooper Xplore is another commercial platform providing immersive and his-
torically based experiences by combining AR and Virtual Reality (VR). The application 
enables users to “travel back in time” overlaying 3D reconstructions and interactive 
audiovisual narratives on real-world locations. This approach is particularly effective for 
educational tourism and museum experiences [14].

1 see product’s page https://navigine.com/ar-indoor-navigation/,

https://navigine.com/ar-indoor-navigation/
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In the academic domain, the Augmented Reality-Based Indoor Navigation system 
(ARBIN) utilizes low-energy Bluetooth beacons (Lbeacon) and Google ARCore for 
3D model placement and localization. Tested in a hospital environment, ARBIN dem-
onstrates reliable wayfinding using direction arrows and short path computation via 
Dijkstra’s algorithm, achieving an average accuracy of 3–5 meters [15]. Another indoor 
navigation solution, implemented at the Xavier Institute of Engineering, combines 
LiDAR mapping and strategically placed QR codes to provide high-resolution campus 
maps and real-time step-by-step directions [16].

The integration of virtual assistants and LLMs with AR is a rapidly growing area. 
Solutions such as AR Travel Concierges by Designium offer AI-powered tour guides2 
employing models like GPT-4 for user queries and site descriptions, together with 
advanced visual positioning systems and AR navigation overlays. Google Geospatial 
APIs are often used to enable seamless navigation and contextual data [17]. VirtuWander 
enhances virtual museum tours by employing LLMs to deliver personalized guidance via 
voice narration, avatars, contextual text, and additional visual aids, which increases user 
engagement and spatial awareness [18]. Similarly, the Live-Guided Tour system enables 
real-time, multi-user visits of photogrammetry-based digital twins, with features such as 
stereoscopic rendering, cross-platform access, and integrated e-learning functionalities 
for remote and inclusive access to cultural sites [19].

Despite the promise of these approaches, most existing solutions remain limited to 
specific institutional or commercial settings—such as individual museums, heritage 
sites, or niche markets like hospitality and retail. This often results in limited scalabil-
ity, reusability, and cross-site integration. Moreover, while these systems enhance navi-
gation and immersion, they rarely address the broader challenge of providing reliable 
and structured access to diverse cultural heritage data, particularly with regard to infor-
mation consistency, provenance, and long-term management. Furthermore, many sys-
tems are highly dependent on automated content generation, which can compromise the 
accuracy and contextual relevance of points of interest.

The system proposed in this work aims to overcome these limitations by offering a 
modular and extensible platform designed to accommodate an expanding catalog of 
locations and digital twins. Through close integration with the Matterport ecosystem, 
which provides standardized, high-fidelity 3D scans, the platform enables rapid on-
boarding of new environments while minimizing resource requirements. Unlike previ-
ous systems that depend primarily on automated AI content, all points of interest in the 
present application are manually curated using Matterport’s authoring tools. AI, more 
specifically the Gemini 2.0 Flash large language model, is used exclusively to provide in-
depth insights about human-curated points of interest, thereby ensuring both precision 
and contextual appropriateness. However, the proposed approach can be interpreted not 
only as an AR navigation system, but also as a structured framework for conversational 
access to cultural heritage information, balancing automation with editorial control 
and supporting integration across multiple sites and digital collections. By combining 
human oversight with AI-driven elaboration, the system provides a reliable foundation 
for cross-site deployment.

2 for more information see ​h​t​t​p​s​:​​/​/​w​w​w​​.​d​e​s​i​g​​n​i​u​m​​.​j​p​/​w​​o​r​k​/​a​​r​-​t​r​a​v​​e​l​-​c​​o​n​c​i​e​r​g​e,

https://www.designium.jp/work/ar-travel-concierge
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Methodology
This section presents the methodology adopted in the design, implementation, and 
evaluation of the ARtour application. It introduces the main technologies employed, 
describes the system architecture and operational workflow, and details the user study 
conducted to compare LLM-based assistance with traditional web search within an AR 
cultural heritage setting.

Technologies used

The development of the application involved a combination of established platforms and 
innovative solutions to ensure cross-platform compatibility, flexibility, and high-quality 
immersive experiences.

 	• Unity. Unity3 was selected as the main development engine. Unity is a widely 
adopted multi-platform engine, supporting a broad range of environments such as 
mobile devices, desktop systems, consoles, and virtual/augmented reality devices. 
The development was carried out using C# scripting, fully integrated with Visual 
Studio and JetBrains Rider. The structure of the project in Unity was organized 
using Scenes, with assets managed through the Project Window, and reusable 
elements were created as Prefabs. Assets integration was streamlined using the Unity 
Asset Store, which supplies graphical, audio, and scripting resources  [20]. Cross-
platform deployment was enabled through Unity’s built-in support for multiple 
targets (mobile, desktop, VR/AR, web, consoles), leveraging the Mono Framework 
for runtime code compatibility  [21]. The build process included optimizations for 
different operating systems and device configurations.

 	• Large Language Model. For natural language processing and conversational 
features, the application integrates the Gemini 2.0 Flash large language model. 
Gemini 2.0 Flash is a state-of-the-art transformer-based architecture designed 
for high-speed generative tasks, question answering, and contextual dialogue 
management. The model leverages multi-head attention and parallel processing, 
enabling advanced capabilities in language understanding and text generation  [22, 
23]. The integration of Gemini 2.0 Flash allows real-time user interaction and 
dynamic content generation.

 	• Matterport. For the acquisition and digitization of physical spaces, the Matterport 
technology was used. Matterport enables 3D spatial scans and the creation of 
immersive digital twins, providing accurate, interactive virtual tours and high-
resolution images to be used within the application  [24, 25]. Key features such as 
Mattertags were used to enhance navigation and contextual content delivery.

 	• Digital Twin. The Digital Twin technology was used to represent, synchronize, 
and simulate real-world environments within the application. Virtual replicas were 
used for scenario simulation, remote visualization, and data-driven management. 
The adoption of digital twins follows best practices and current trends in digitizing 
cultural heritage, as well as healthcare and industrial processes  [26–28]. All 
components were integrated to provide a seamless user experience, using Unity 
for real-time rendering, Gemini 2.0 Flash for intelligent interaction, Matterport 

3 https://unity.com/

https://unity.com/
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for digital content acquisition, and Digital Twin principles for dynamic scenario 
management.

Application design

The application was conceived as a modular, extensible platform for AR navigation and 
digital twin interaction, with a strong focus on maintainability, performance, and user 
accessibility. The design follows best practices from the Unity ecosystem, introducing 
architectural patterns and technological choices tailored to hybrid indoor and outdoor 
AR tourism scenarios. As illustrated in Fig. 1, the user journey is the following: location 
selection, localization via QR code, virtual guidance to the Point Of Iterest (POI), and 
access curated or AI-generated content, all in a seamless and accessible interface.

The system adopts a manager-based architecture. Each key functional domain (navi-
gation, UI, input, audio, AI chat, etc.) is managed by a dedicated “Manager” object that 
follows the Singleton pattern, ensuring a single and persistent instance accessible from 
any scene. All managers are referenced by a central MasterManager, which acts as a 
unified service locator, simplifying dependencies and facilitating loose coupling among 
subsystems. The application is structured as a collection of Unity scenes, each corre-
sponding either to the main menu or to a specific digital twin location. Scene transitions 
are handled so that critical game state and manager objects persist, enabling seamless 
navigation and efficient resource management. The application relies on local databases 
to manage information about available locations, POI, and Starting Points (SPs). Three 
main data repositories are used. The Location Database which contains metadata on all 
locations (name, description, type—indoor/outdoor), the POI Database which is popu-
lated by parsing CSV files exported from Matterport, holding details (ID, name, descrip-
tion, coordinates) for every POI and finally, the SP Database which is loaded from text 
files, storing information about the unique code, label, and position of each SP.

The 3D models of locations are initially provided in.obj format by Matterport and are 
converted to.fbx via Blender for optimal Unity integration. This ensures that geometry, 
hierarchy, and textures are preserved and compatible with Unity’s rendering and naviga-
tion systems.

The system is designed to explicitly separate spatial representation, metadata man-
agement, and interaction logic, following a data-layer abstraction model. Cultural heri-
tage content is ingested through structured CSV exports from Matterport, which are 
parsed and normalized into internal repositories. This approach enables consistent 
schema alignment across sites and supports interoperability between different digitized 
cultural environments. Provided that compatible data formats and metadata standards 
are adopted, the same architectural framework can incorporate heterogeneous cultural 
heritage repositories through a scalable ingestion pipeline, enabling unified access across 
multiple locations within a shared data structure.

Localization within the digital twin

The application starts with the accurate location of the user within the digital twin. To 
achieve this, each physical environment features one or more Starting Points, which are 
marked by physical QR codes placed at a known, fixed positions in the real world. Each 
QR code refers to a unique identifier, a human-readable label, and the 3D coordinates 
corresponding to its placement within the digital model. As illustrated in Fig. 2, when 
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Fig. 1  Overview of the system architecture, illustrating the interaction between the AR application engine, the 
digital twin environment, the LLM service, and the structured data layer, including POI and SP repositories. The 
scheme also highlights the data ingestion process from external cultural heritage repositories and the user work-
flow from QR-code localization to POI-based information retrieval
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the user arrives at the location and scans the QR code using the application, the QR 
code data are first parsed and validated in order to extract the associated spatial infor-
mation. Based on this data, the user’s virtual avatar is positioned at the corresponding 
coordinates within the digital twin, thereby synchronizing the physical and virtual loca-
tions. Finally, the application loads and presents the set of POIs available for the selected 
environment.

This workflow guarantees a one-to-one correspondence between the real and virtual 
worlds, enabling precise AR navigation and content delivery from the very beginning of 
the user experience.

Navigating to the point of interest

Once the user is anchored in the digital twin via the Starting Point, the navigation work-
flow begins. The user selects a POI through the interface so that visual aids, such as 
arrows and real-time distance indicators, assist the user.

Navigation is powered by Unity’s AI Navigation package, which generates and dynami-
cally updates NavMeshes based on the current environment. Separate agent configu-
rations are used for indoor and outdoor scenarios, so that a smaller radius is used for 
narrow spaces and a larger radius for open areas. An automated check ensures that 
each POI is reachable; otherwise, a warning is displayed. The identification of POIs in 
the AR environment is based on raycasting from the camera of the user, which activates 
the interaction interface when a POI comes into view, without the need for any physical 
markers.

Additionally, since the digital twin is a 1:1 replica of the real environment, it must 
remain invisible to the user but still interact with navigation and collision systems. As 
illustrated in Fig. 3, custom shader renders the digital twin invisible while maintaining 

Fig. 2  ARtour interface illustrating the localization workflow: main menu and location selection (left), success-
ful parsing and validation of a QR code associated with a Starting Point (center), and error notification when the 
scanned QR code does not correspond to a valid Starting Point (right)
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occlusion properties for navigation agents and virtual objects. This ensures that the 
visual cues are hidden when behind walls, just as they would be in the real world.

Interaction with the point of interest

The application displays a system notification to inform the user if a selected POI is 
unreachable due to navigation constraints (see Fig. 4a). When the user reaches a POI, 
the application presents a multi-option dialogue, as illustrated in Fig. 4b: 

1.	 Access a curated static description of the POI extracted from the Matterport data.
2.	 Perform a web-based search to retrieve additional information about the POI.
3.	 Interact with the integrated AI assistant to obtain further details, contextual 

explanations, or anecdotes related to the POI.

The app integrates Gemini 2.0 Flash, a state-of-the-art LLM, to function as a virtual tour 
guide. As can be seen in Fig. 4c, users can interact with the assistant through a chat 
interface, receiving context-aware responses tailored to the current POI and location.

To retrieve the most accurate information possible and mitigate potential hallucina-
tions from the LLM, the initial prompt was predetermined and carefully constructed as 

Fig. 3  Comparison of AR scene rendering showing (a) correct occlusion achieved with the custom invisibility 
shader, and (b) incorrect visibility of navigation agents through walls when the shader is not applied
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a question containing precise details about each point of interest. These details included 
the name of the point of interest, the year of creation, and its specific location, speci-
fying both the building and the city. The initial prompt allows a proper contextualiza-
tion for the chat bot. Since the present prototype focuses on few points of interest, the 
primary outputs generated by these initial prompts were double-checked using external 
sources and verified by an expert. The information provided was generally correct but 
other prompting techniques or fine-tuning was used. The fixed prompt is used at the 
beginning to ensure comparable baseline outputs across participants, after which users 
are allowed to formulate their own prompts freely.

To ensure security, the Application Programming Interface (API) key required for 
LLM access is encrypted within the app using Advanced Encryption Standard (AES) and 
managed through a custom Unity editor extension, preventing leakage or unauthorized 
access. Furthermore, accessibility is prioritized through a built-in Text-to-Speech (TTS) 
engine: every AI-generated or static POI response can be vocalized, enabling hands-
free use and support for users with visual impairments. The TTS system takes advan-
tage of the native Android Java backend, ensuring broad compatibility with the devices 
and seamless integration. It is invoked from C# via Unity’s AndroidJavaObject interface, 
allowing efficient cross-language communication with minimal overhead.

User testing

The following subsections describe in detail the participants and experimental setting, 
the task workflow, and the data collection procedure adopted in the user study.

Fig. 4  Screens from the ARtour application illustrating the interaction with a Point of Interest: (a) system notifica-
tion displayed when a selected POI is unreachable due to navigation constraints, (b) POI information dialogue 
providing access to curated static content, web search, and the AI assistant, and (c) in-app chat interface with the 
Gemini 2.0 Flash AI assistant
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Partecipants and experimental setting

A total of 42 participants were recruited for this study. Women constituted 68.2% of the 
sample, whereas men accounted for 31.8%. Participants’ ages ranged from 20 to 45 years, 
with 45.2% of the sample aged between 20 and 25 years and the remaining 54.8% aged 
between 26 and 45 years.

In terms of educational background, the majority of participants held either a Bach-
elor’s degree (45.5%) or a Master’s degree (45.5%). Only a small fraction of the sample 
reported a high school diploma (4.5%) or a doctoral degree (4.5%).

Concerning familiarity with AR/VR technologies, participants generally reported lim-
ited to moderate experience. More precisely, 59.5% reported rarely or never using such 
systems, while only 14.2% indicated that they used them often or regularly.

The experiment was carried out in one of the main lecture room of the Department of 
the Arts at the University of Bologna called Salone Marescotti. In order to calibrate the 
application and synchronize the user’s real-world position with the digital twin environ-
ment, a QR code was printed and placed on a wall outside the Salone Marescotti. The 
two following frescoes were selected as POIs:

 	• Esaltazione della casa Marescotti, Giuseppe and Antonio Rolli, 1686–87.
 	• Galeazzo e Tideo liberano Annibale Bentivoglio dalla Rocca di Varano, Giuseppe 

Antonio Caccioli, 1709.

We emphasize that while the empirical evaluation focuses on a single cultural site and 
two selected POIs, this deployment represents a controlled instance of the broader 
architectural framework described in the previous sections.

Participants were randomly assigned to one of the two following experimental groups:

 	• LLM group: Users retrieved information about the selected artwork by interacting 
with the Gemini 2.0 Flash large language model through an in-app chat interface.

 	• Web Search group: Users retrieved information about the selected artwork by using 
a dedicated in-app button that opened the device’s default web browser.

All participants were unpaid volunteers and completed the user test sequentially in a 
closed room in the Salone Marescotti, ensuring that no one could observe another par-
ticipant’s behavior, with the presence of a facilitator. A smartphone preconfigured with 
the application was provided for the tests.

Task workflow

As illustrated in Fig. 5, the experimental workflow was conducted as follows: 

1.	 Briefing: Each participant was first introduced to the AR application and instructed 
on its purpose and basic operation.

2.	 Calibration: Participants were asked to scan the QR code placed at the designated 
Starting Point in front of the Salone Marescotti, initializing the app and aligning their 
virtual position within the digital twin of the room.

3.	 POI Selection: Participants had to select on the app one of the two available POIs 
within the environment.

4.	 Navigation: Using the AR interface, participants followed on-screen visual cues (such 
as directional arrows) to navigate to the selected POI. The application automatically 
recorded the time taken to reach the target.
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5.	 Information Access:

 	• LLM group: Upon arrival at the POI, participants could interact with Gemini 2.0 
Flash via the in-app (Fig. 4c) chat to ask questions and receive information about 
the artwork. Conversation logs were saved by the application.

 	• Web Search group: Upon arrival, participants could tap a button (Fig. 4b) to 
launch a web search for the name of the artwork using the default browser of the 
device.

6.	 Completion: After information access, the experimental session concluded for that 
participant. All relevant interaction metrics (navigation time, chat log, etc.) were 
stored by the application.

7.	 Post-Task Questionnaire: Immediately after the session, participants were asked to 
complete a set of standardized questionnaires to assess various aspects of their user 
experience.

Data collection

To assess participants’ user experience, we administered a set of standardized question-
naires. Affective responses were measured using the Positive and Negative Affect Sched-
ule (PANAS) [29], separately analyzing positive and negative affect. Perceived usability 
was assessed through the System Usability Scale (SUS) [30] using a 5-point Likert scale, 
with items grouped into positive and negative components. Technology acceptance 
was evaluated using the Technology Acceptance Model (TAM) [31], also employing a 
5-point Likert scale and comprising the perceived usefulness and perceived ease of 

Fig. 5  Overview of the experimental workflow for the AR user
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use constructs. Perceived workload was measured using the NASA Task Load Index 
(NASA-TLX), considering the mental demand, physical demand, temporal demand, 
performance, effort, and frustration subscales. Social presence was assessed using the 
Networked Minds Social Presence Questionnaire [32], particularly we considered three 
components: perceived co-presence, attentional allocation, and perceived message 
understanding.

In addition to questionnaire responses, the following objective measures were col-
lected for each participant:

 	• Time required to reach the selected POI.
 	• The number of interactions with the “Search online” and “Ask LLM” buttons.
 	• Chat interaction logs and system response times during interaction with Gemini 2.0 

Flash (only for the LLM group).

This data collection protocol enabled a comparative evaluation of information retrieval 
performance and user experience between LLM-based assistance and conventional web 
search within an AR-powered cultural heritage context.

Results
This section reports the quantitative results of the comparison between the LLM and 
Web Search conditions. For each measure, normality was first assessed using the Sha-
piro–Wilk test. Subsequently, independent-samples t-tests or Mann–Whitney U tests 
were applied to assess statistical differences. Effect sizes are reported as Cohen’s d, and 
statistical equivalence was evaluated using the Two One-Sided Tests (TOST) procedure.

Subjective measures

This section reports the results related to the subjective measures. The results for all 
subjective measures are summarized in Table 1.

Table 1  Summary of subjective measures (Mean, Standard Deviation) comparing LLM and Web 
Search groups. The table reports SUS, TAM, NASA-TLX, PANAS, and Social Presence scores
Variable Construct LLM(M, SD) Web Search(M, SD)
SUS SUS Positive 3.89, 0.52 3.80, 0.84

SUS Negative 2.04, 0.65 2.07, 0.82

TAM Perceived Usefulness 4.38, 0.70 4.06, 0.72

Perceived Ease of Use 4.33, 0.83 4.33, 0.64

NASA-TLX Mental Demand 3.33, 1.17 2.93, 1.48

Physical Demand 3.79, 2.05 2.88, 1.60

Temporal Demand 4.05, 2.44 4.67, 2.69

Performance 7.67, 1.88 7.71, 2.17

Effort 3.67, 2.20 3.38, 2.14

Frustration 2.62, 1.96 2.38, 1.69

PANAS Positive 2.95, 0.83 3.13, 1.03

Negative 1.46, 0.70 1.41, 0.65

Social Presence Co-presence 3.79, 0.96 –

Attentional Allocation 3.64, 0.71 –

Perceived Message Understanding 2.98, 0.30 –
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SUS

For both positive and negative SUS items, the assumption of normality was not violated 
in either the LLM-based condition or the Web Search condition (p > .05), allowing for 
the use of parametric tests.

Regarding positive SUS items, no statistically significant difference was observed 
between the LLM-based system and the Web Search condition, as indicated by a Welch 
t-test (p = .69). However, equivalence testing using the TOST procedure revealed 
that the two conditions were statistically equivalent within the predefined equivalence 
bounds (p = .03).

A comparable pattern emerged for negative SUS items. No statistically significant 
differences were found between the LLM-based condition and the Web Search condi-
tion (p = .90). The TOST procedure further confirmed equivalence between conditions 
(p = .01), indicating similar perceived usability-related difficulties across both interac-
tion modalities.

TAM

Prior to inferential analysis, the assumption of normality was assessed using the Shap-
iro–Wilk test. For both perceived usefulness (TAM PU) and perceived ease of use (TAM 
PE), normality was violated in both the LLM-based condition and the Web Search con-
dition (p < .05).

Regarding TAM PU, no statistically significant difference was observed between the 
LLM-based condition and the Web Search condition, as indicated by a Mann–Whitney 
U test (p = .11). Equivalence testing using the TOST procedure did not support equiva-
lence between conditions (p = .21).

For TAM PE, no significant difference emerged between the LLM-based condition and 
the Web Search condition, as indicated by a Mann–Whitney U test (p = .70). In con-
trast to TAM PU, equivalence testing revealed that the two conditions were statistically 
equivalent within the predefined bounds (p = .02), indicating comparable perceived 
ease of use across interaction modalities.

NASA-TLX

The assumption of normality was not consistently met across NASA-TLX subscales and 
conditions (p < .05 in several cases); therefore, non-parametric tests were employed 
when appropriate.

For the mental demand subscale, no statistically significant difference was observed 
between the LLM-based condition and the Web Search condition, as indicated by a 
Mann–Whitney U test (p = .18). However, the magnitude of the difference was small-
to-moderate (Cohen’s d = 0.30). The TOST procedure did not support equivalence 
between conditions (p = .41).

Similarly, no statistically significant difference emerged for physical demand between 
the LLM-based system and the Web Search condition, as indicated by a Welch t-test 
(p = .12). The effect size was moderate (Cohen’s d = 0.49). The TOST procedure did not 
confirm equivalence within the predefined bounds (p = .76).

For temporal demand, performance, effort, and frustration subscales, no statisti-
cally significant differences were found between the two conditions (all p > .05). Effect 
size estimates suggested small differences for temporal demand (Cohen’s d = −0.24), 
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performance (Cohen’s d = −0.02), effort (Cohen’s d = 0.13), and frustration (Cohen’s 
d = 0.13). In addition, equivalence testing did not support equivalence for any of these 
dimensions (all TOST p > .05).

PANAS

For positive affect scores, normality was satisfied in both the LLM-based condition and 
the Web Search condition (p > .05), whereas for negative affect scores, normality was 
violated in both conditions (p < .01). Accordingly, parametric and non-parametric tests 
were applied as appropriate.

Regarding positive affect, no statistically significant difference was observed between 
the LLM-based condition and the Web Search condition, as indicated by a Welch 
t-test (p = .64). Equivalence testing using the TOST procedure supported equivalence 
between conditions (p = .04).

For negative affect, no statistically significant difference emerged between the LLM-
based condition and the Web Search condition, as indicated by a Mann–Whitney U 
test (p = .51). Equivalence testing reached statistical significance within the predefined 
bounds (p = .04).

Social presence

The Social Presence questionnaire, which was exclusively answered by the LLM group, 
assessed participants’ perceived awareness of the system, attentional engagement, and 
message understanding during interaction with the LLM.

Within the LLM-based condition, participants reported a moderate to high sense of 
presence of the LLM (M = 3.79, SD = 0.96). Similarly, attention-related scores suggested 
sustained engagement with the LLM (M = 3.64, SD = 0.71). Regarding message under-
standing, participants reported moderately high scores (M = 2.98, SD = 0.30), suggesting 
that the interaction with the LLM was generally perceived as understandable.

Objective measures

The time required to reach the selected POI was slightly higher in the LLM condition 
(M = 41.46 s, SD = 28.33) than in the Web Search condition (M = 34.32 s, SD = 27.02). 
The two distributions deviated significantly from normality (p < .001). Accordingly, a 
Mann–Whitney U test indicated no statistically significant difference between the two 
modalities (p =.245). The TOST test did not support the equivalence, and the observed 
effect size was small (Cohen’s d = 0.26).

In contrast, a distinct pattern emerged from the analysis of interaction behavior. In 
the Web Search condition, only 5 out of 21 participants interacted with the Web Search 
button, whereas 18 out of 21 participants engaged with the LLM interface. Furthermore, 
we highlight that the average response latency for LLM interactions was approximately 8 
seconds for each question.

Qualitative inspection of the LLM interactions further highlighted an incremental and 
dialogic use of the model. Participants typically initiated the interaction with descriptive 
requests (e.g., “Now tell me more about the point of interest...”), which were followed by 
contextual clarification questions (e.g., “Who is the red one?”, “Why was he imprisoned?”, 
“Who painted this?”). Over time, interactions often developed into more exploratory 
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and spontaneous inquiries (e.g., “How many people are in this fresco?”, “Why are they 
monstrous?”), reflecting a progressive deepening of engagement with the content.

Discussion, limitations and future works
In this section, we provide answers to the research questions, highlight the main limita-
tions of the study, and outline potential directions for future development.

RQ1: How does integrating an LLM into AR-based cultural heritage applications influ-
ence users’ perceived usability, cognitive workload, and emotional experiences compared 
to traditional web search methods when accessing digital cultural heritage information?

In terms of usability and acceptance, no significant differences emerged between the 
LLM and Web Search conditions. SUS scores were high and statistically equivalent 
across modalities, as well as TAM PE, indicating that conversational interaction does 
not compromise usability. TAM PU showed no significant differences but did not reach 
statistical equivalence, however, mean scores were higher for the LLM-based modality, 
suggesting a tendency for users to perceive the conversational approach as more useful. 
To further contextualize the high levels of usability and acceptance, we also consider the 
objective performance metrics. The implemented AR navigation system enabled users to 
reach the selected point of interest efficiently in both conditions, with comparable navi-
gation times across modalities.

Regarding cognitive workload, NASA-TLX results indicate that, overall, workload 
scores tended to be higher in the LLM condition. This pattern can be explained by the 
increased level of dialogue and interaction stimulated by the LLM, as also reflected in 
the objective interaction metrics. Nevertheless, no statistically significant differences 
emerged between conditions across any of the NASA-TLX subscales. These findings 
indicate that the use of an LLM does not lead to a significant increase in perceived 
workload.

Finally, emotional experience was comparable across conditions. Positive and negative 
affect did not differ significantly and were statistically equivalent, suggesting that LLM-
based interaction does not introduce additional emotional strain or discomfort com-
pared to web search.

Beyond usability considerations, these findings suggest that conversational interfaces 
can support intuitive access to digitally available cultural heritage information without 
increasing cognitive burden. In contexts where users are required to navigate struc-
tured metadata, descriptive archives, or multimodal digital representations, reducing 
interaction complexity becomes particularly relevant. The comparable workload levels 
observed in the LLM condition indicate that conversational mediation may offer a scal-
able interaction paradigm for accessing structured cultural data without compromising 
user experience.

RQ2: To what extent does interacting with an LLM-driven AR assistant enhance users’ 
sense of co-presence during the exploration of digital cultural heritage content?

Social presence measures indicate that participants perceived the LLM as an attentive 
and responsive conversational partner, reporting a clear sense of co-presence, sustained 
attentional engagement, and generally good message understanding, which supported 
smooth and coherent communication within the AR experience.

These findings are further supported by objective interaction metrics, which reveal a 
higher level of engagement with the LLM compared to the web search. Participants in 
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the LLM condition interacted frequently with the conversational interface, whereas only 
a small number of participants in the Web Search condition sought additional informa-
tion about the points of interest. This disparity suggests that the LLM encouraged more 
active and continuous information-seeking behavior.

However, we remark that the comparatively lower ratings observed for message under-
standing may, at least in part, be attributable to the average response latency of the LLM, 
which required users to wait several seconds (8 s) before receiving a reply and may have 
slightly disrupted the perceived fluency of the interaction.

From a broader perspective, we hypothesize that the enhanced engagement observed 
in the LLM condition may indicate the potential of conversational systems to support 
exploratory sense-making processes. In data-rich cultural environments, users often 
need to progressively refine their informational needs rather than retrieve isolated facts. 
The dialogic nature of LLM interaction may facilitate iterative knowledge construction, 
particularly when navigating complex or heterogeneous cultural datasets.

RQ3: Does the use of an LLM within an AR application improve information retrieval 
efficiency and consistency compared to conventional methods in the context of accessing 
cultural heritage data?

A markedly different pattern emerged when examining interaction behavior. Par-
ticipants in the LLM condition engaged with the conversational interface far more fre-
quently than participants in the Web Search condition used the search button, indicating 
a strong preference for and reliance on the LLM as an information access tool. These 
interactions were often repeated throughout task execution, suggesting a more continu-
ous and iterative information-seeking process.

Qualitative analysis further revealed that LLM interactions followed an incremental 
and dialogic trajectory. Users typically began with broad, descriptive requests and pro-
gressively moved toward more specific clarification questions and exploratory inquiries. 
This interaction style reflects a deepening engagement with the cultural content, enabled 
by the conversational nature of the LLM, which supports ongoing refinement of infor-
mation needs rather than discrete, one-off queries.

However, the analysis of LLM outputs also revealed limitations in terms of informa-
tion consistency. While a systematic content evaluation was beyond the scope of this 
study, qualitative inspection of the generated responses highlighted occasional incon-
sistencies in the information provided by the LLM. This issue is likely related to the fact 
that the deployed model was not fine-tuned on domain-specific data related to the cul-
tural environment under investigation. As a result, the potential presence of inaccuracies 
or biases remains a concern, particularly in educational and cultural heritage contexts. 
Addressing information quality therefore represents an important direction for future 
work. Fine-tuning LLMs on curated, site-specific cultural heritage datasets, integrating 
retrieval-augmented generation techniques, or combining AI-generated responses with 
expert-authored content could help improve accuracy and consistency while preserving 
conversational flexibility.

These considerations become particularly relevant in contexts where multiple digi-
tized cultural sites are integrated within the same architectural framework. The cur-
rent implementation already supports the ingestion of additional digital twin models 
and associated POIs through compatible data formats and metadata schemas. However, 
the empirical evaluation presented in this study was conducted on a limited number of 
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curated POIs. As the number of integrated sites and data sources increases, maintain-
ing metadata consistency, provenance transparency, and information reliability becomes 
increasingly important.

Therefore, RQ3 does not only concern retrieval efficiency, but also highlights the 
broader implications of conversational systems as interfaces to digitally available cultural 
heritage data in data-intensive environments.

Additional limitations should be acknowledged. The relatively small number of par-
ticipants may have reduced statistical power and limited the detection of more sub-
tle effects. Future studies involving larger and more diverse samples are needed to 
strengthen the robustness and generalizability of the findings.

Finally, the present implementation relied on a text-based conversational interface 
rather than an embodied LLM. Future work will investigate how avatar-based or mul-
timodal LLM assistants, incorporating voice, gestures, or visual embodiment, affect 
usability, cognitive workload, emotional experience, and co-presence.

Conclusions
In this paper, we introduced ARtour, an augmented reality application for cultural heri-
tage tours driven by an LLM-based conversational agent. After describing the system 
architecture and implementation, we evaluated the impact of LLM integration on the 
AR experience in terms of usability, sense of presence, and information retrieval.

The proposed architecture supports a consistent and high-quality user experience 
while ensuring extensibility: new locations, digital twins, and content modules can be 
integrated with minimal changes to the code base. In this sense, the system can also be 
interpreted as a data-driven framework for conversational access to digitally available 
cultural heritage information.

The analysis indicates that integrating an LLM within an AR cultural heritage applica-
tion does not compromise usability, emotional comfort, or task performance. Usability 
and acceptance were high and comparable to traditional web search, while the conver-
sational interface encouraged more interactive and exploratory information-seeking 
behavior. The results further showed that participants asked the LLM numerous ques-
tions during task execution, indicating a strong preference for and reliance on the 
conversational assistant as an information access tool. Interaction with the LLM also 
fostered a moderate sense of co-presence, contributing to immersion during cultural 
exploration. These findings suggest that conversational agents may facilitate exploratory 
sense-making in digitally mediated and data-rich cultural environments.

At the same time, qualitative inspection of the generated outputs highlighted occa-
sional issues related to the consistency and veracity of the information provided. 
Although content accuracy was not systematically evaluated in this work, these obser-
vations underline the importance of improving information reliability in future deploy-
ments through domain-specific fine-tuning, retrieval-augmented approaches, and 
stronger editorial control, particularly in educational and cultural heritage contexts. 
As digital cultural repositories grow in scale and heterogeneity, ensuring data quality 
and governance will remain central to the responsible deployment of LLM-mediated 
systems.
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