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ABSTRACT

Artificial intelligence (AI) is creating new possibilities for digital systems that adapt 
to users in culturally sensitive ways. This study examines multimodal profiling as an 
early step for capturing culturally meaningful information in the context of healthy and 
sustainable eating. The aim is to provide a foundation for future interface adaptations 
that better support healthier and more sustainable practices. Building on earlier 
qualitative work involving interviews and cultural probes, we drew on insights that 
revealed complex personal food frameworks in which health and sustainability intersect 
with relationships, place, habit, and emotion. Using these insights as a foundation, we 
explored how different modalities of sharing information help people express these 
cultural dimensions in ways that are accessible to AI systems. 15 participants across 
diverse European contexts participated in this study. They described their everyday food 
practices, motivational drivers, and food heritage through spoken audio reflections, 
visual tasks, and written text. The results show that each modality elicits distinct types 
of cultural expression and that organising content into three dimensions gives the 
AI system a clear interpretive structure. Then, the AI generated summaries based on 
participants’ multimodal inputs across the three cultural dimensions, reflecting their 
food culture. These summaries were rated as highly familiar and accurate, indicating 
strong cultural resonance. Overall, the findings suggest that multimodal profiling 
supports the capture of culturally grounded aspects of food practice that are difficult to 
obtain through single input formats and can serve as an early foundation for adaptive 
interfaces that personalise interactions in culturally meaningful ways.

Keywords:  Human-centered AI, Cultural adaptivity, Multimodal profiling, Adaptive interfaces, 
User experience, Cultural resonance, Food culture, Design research

INTRODUCTION

Digital technologies designed to promote healthy and sustainable eating often 
fail to account for the cultural contexts that shape food practices. Eating 
is not only a biological act but also a social, emotional, and cultural one, 
rooted in identity, habit, and place (Mintz and Bois, 2002). Food is both a 
biological necessity and a cultural practice, shaped by shared traditions, social 
norms, and individual histories (Fischler, 1988). Digital health and nutrition 
technologies, however, tend to prioritise quantifiable metrics such as calories 
or nutrients, neglecting the symbolic and emotional dimensions of eating  
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(Bomfim et al., 2023). Consequently, many interventions fail to resonate with 
users’ lived experiences or support sustainable behaviour change. Design 
research has begun to integrate ethnographic and participatory methods to 
better account for cultural diversity in food practices (Comber et al., 2013). 
When digital systems overlook these cultural dimensions of eating, they 
struggle to create behavioural change  (Thomas Craig et al., 2021). To address 
this gap, this research explores how digital systems, specifically those involving 
AI, can be designed to recognise and respond to the cultural particularities that 
shape food practices, fostering interactions that feel situated and personally 
relevant. We approach profiling, the initial moment when people introduce 
themselves to a system, as an opportunity for cultural understanding rather 
than a routine data-collection step. During profiling, users can share who 
they are, what matters to them, and how food fits into their everyday lives. 
This framing positions profiling as a foundation for cultural resonance, 
understood as the sense of familiarity, accuracy, and personal relevance that 
arises when technology reflects users’ lived experiences (Ruthven, 2021).

Building on this idea, our study investigates how multimodal profiling 
can help people articulate and reflect on their food culture while allowing 
the AI system to interpret these expressions meaningfully. Specifically, we 
examine three research questions. First, how do different input modalities 
(text, visuals, and audio) shape both the quality of user expression for AI 
systems and the user experience during profiling, particularly in helping 
participants articulate aspects of food culture that are often implicit or 
difficult to describe? Second, how accurately do AI-generated summaries 
reflect participants’ own self-descriptions of food culture? Third, how can 
organizing cultural information into distinct dimensions support the creation 
of adaptive, culturally grounded profiles? To address these questions, we 
designed a two-phase online study simulating the profiling phase of a large 
language model–based application for healthy and sustainable eating. The 
findings offer preliminary insights that extend current research on culturally 
adaptive AI, highlighting how multimodal profiling and cultural resonance 
can inform future design directions, especially in the food domain.

RELATED WORK

Cultural Adaptation and Human–AI Interaction 

Cultural adaptation in human–computer interaction (HCI) refers to designing 
systems that recognise and respond to users’ cultural contexts rather than 
assuming universal norms of use (Reinecke and Bernstein, 2011). Early work 
on culturally adaptive interfaces showed that localisation of language, colour, 
and interaction patterns could improve usability and engagement (Alexander 
et al., 2021). More recent research has expanded this focus toward adaptive 
systems that dynamically adjust to users’ values, communication styles, and 
social practices (Bassetti et al., 2022; Khan and Khusro, 2023). Within AI, 
recent advances in personalization and user modelling explore how systems 
can infer preferences, goals, behaviours and affective states from multimodal 
user data to provide context-sensitive adaptation (Wei et al., 2024). Despite 
this progress, most adaptive frameworks still treat cultural variation as a 
parameter to be predicted or classified rather than a lived context that can 
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be expressed by users during interaction. Empirical studies examining how 
systems might learn from such situated cultural expressions remain limited.

Profiling in Adaptive Systems Interaction 

Within HCI, profiling has been studied as a design process that shapes how 
users are introduced to system functionality, complete initial tasks, and build 
profiles that support later personalisation (Purificato, Boratto and Luca, 
2024). In AI-assisted systems, profiling has evolved from static demographic 
models to dynamic representations that integrate behavioural and contextual 
information (Chen et al., 2025). However, most approaches still rely on 
structured forms or passive data collection, with limited opportunities for 
users to influence how they are represented. Recent work explores more 
expressive and context-aware profiling strategies to enable systems to 
capture richer, adaptive representations of users across platforms. However, 
how such approaches could capture cultural meaning and support adaptive 
interaction has not been systematically examined.

Multimodality in AI and Profiling

Multimodal systems combine text, visuals, audio and different kinds of 
input types to capture a richer understanding of human expression (Baig and 
Kavakli, 2020). Early multimodal HCI work demonstrated that combining 
modalities fundamentally reduces cognitive load and increases robustness in 
interaction, challenging assumptions that speech or text alone are sufficient 
(Oviatt, 1999). Multimodal input provides complementary and redundant 
channels that enhance expressiveness while reducing error rates, a principle 
highlighted in multimodal HCI research (Jaimes and Sebe, 2007). This 
conceptual shift positioned multimodal interfaces as a central direction in 
HCI, where supporting users’ communicative diversity became a central design 
priority (Dumas, Lalanne and Oviatt, 2009). In AI, multimodality enhances 
interpretive accuracy and reduces ambiguity compared to single-channel 
inputs (Baltrušaitis, Ahuja and Morency, 2017). Large language models 
(LLMs) now integrate multimodal data to contextualise meaning beyond 
text (Zhao et al., 2025), expanding possibilities for more natural human–AI 
interaction. Within HCI, multimodal profiling has recently been proposed 
as a way to personalise systems early in the user journey by allowing people 
to communicate through diverse expressive forms. However, most studies 
examine multimodality as a technical enhancement of system performance 
rather than as a means for users to express culturally grounded meanings and 
experiences. Recent research suggests that the modality of cultural input users 
provide, whether through text, visuals, or voice, can significantly shape how 
AI models interpret identity and context (Chavan et al., 2025). This indicates 
that multimodal interaction is not only about richer communication but also 
about how cultural expression influences the profile AI constructs of its users.

METHODOLOGY

To investigate how profiling can capture culturally relevant information for 
adaptive AI systems, we designed a study simulating the profiling phase of 
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an LLM–based application for healthy and sustainable eating. The study 
examined how people express their food culture through different modalities 
and how AI can interpret those expressions to generate culturally resonant 
user profiles. In this context, cultural resonance refers to the extent to which 
a digital system is perceived as familiar, accurate, and personally relevant, 
aligning its tone and content with users’ lived experiences.

Study Design

The study conceptualises food culture through three dimensions, building 
on prior research that frames eating as the intersection of daily routines, 
value systems, and biographical identity (Fischler, 1988; Rozin, 2005). The 
first dimension, Everyday Food Practices, addresses habitual and practical 
aspects of food preparation and consumption. Motivational Drivers capture 
the values guiding food choice, such as health, pleasure, or sustainability 
(Steptoe, Pollard and Wardle, 1995). Food Heritage draws on research about 
memory and place attachment, reflecting how early experiences and local 
traditions continue to shape current habits (Mintz and Bois, 2002).

Drawing on these dimensions and different input modalities, we designed 
a 3 (cultural dimensions) × 3 (input modalities) within-subjects study. Each 
cultural dimension was examined through a dimension-specific question 
designed to capture relevant aspects of participants’ food practices and 
perspectives. For each dimension, participants had to answer a personal 
question through the three modalities (Table 1). Visual tasks differed 
across dimensions and were tailored to the type of cultural information 
each question targeted. This structure allowed us to examine (1) whether 
modality preferences varied across dimensions, (2) how each modality 
influenced the quality and type of information expressed, and (3) whether 
AI could synthesise these inputs into culturally resonant summaries. All 
participants completed the nine combinations of tasks, resulting in a total of 
135 multimodal responses in Phase I and 135 corresponding AI-generated 
summaries evaluated in Phase II (see Procedure).

Table 1: Cultural dimensions of food practice and corresponding multimodal 
profiling tasks.

Cultural 
Dimension

Questions Visual Text Audio

Everyday food 
practices

What is in your fridge? Photo of the inside 
of the fridge

Short 
written 
answer 

Short 
spoken 
answer

Motivational 
drivers 

What things matter most to 
you when you choose food?

Mind map of what 
matters when 
choosing food

Short 
written 
answer 

Short 
spoken 
answer

Food heritage Are there any places—like 
where you grew up, live now, 
or have spent time—that have 
influenced the way you eat or 
think about food?

Collage / set of 5 
photos representing 
influential places

Short 
written 
answer

Short 
spoken 
answer
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Participants

A total of 15 adult participants (P1–P15) from different parts of Europe 
participated in this study (Figure 1). They were recruited through mailing lists, 
professional networks, and word of mouth. The sample included eight women 
and seven men, with ages ranging from 26 to 73 years (mean age = 40.9). Six 
participants were between 18 and 30 years old, five were between 31 and 
50, and four were over 51, providing coverage across major age categories. 
Professional backgrounds were mixed, reflecting heterogeneous routines and 
priorities around food.  Participants’ recruitment, data collection, and analysis 
were conducted in accordance with institutional ethical guidelines.

Figure 1: Geographic distribution of participants showing countries of origin (filled 
circles) and residence (outlined circles).

Procedure

The study was conducted online via Qualtrics over a four-week period and  
consisted of two main phases.

Phase I: Participants completed nine expression tasks corresponding to 
each   combination of cultural dimension and input modality (Figure 2). 
After each task, they responded to short reflection questions to contextualise 
their choices and assess which format they considered most suitable for 
expressing their thoughts.
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Figure 2: Overview of multimodal participant inputs showing examples of written, 
visual, and audio responses for each cultural dimension. 

Phase II: First author generated AI-based summaries for each participant 
using their nine multimodal inputs. All summaries were produced with 
OpenAI’s GPT-4 model (June 2025 release), configured with memory off in 
an effort to avoid participant data being stored or used for model retraining. 
A single base prompt was refined through iterative prompt engineering to 
maintain clarity and consistency across outputs. The model synthesised each 
textual, visual, and audio input into a concise summary representing aspects 
of participants’ food cultures (Figure 3).

Figure 3: Example of how participant input in a visual format (mind map) was 
interpreted into an AI-generated summary.

Participants then self-evaluated how well each AI-generated summary 
reflected their food culture  using a 1–7 Likert-type rating scale in response to 
the question, “How much does this summary resonate with you?” They also 
provided brief written explanations of their ratings, describing what made 
each summary feel more or less reflective of their food culture.

Data Collection and Analysis

The study produced both quantitative and qualitative data. Quantitative 
measures included participants’ preference for expressing their food-related 
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experiences through text, visual, and audio modalities, obtained via the 
MaxDiff (best–worst scaling) survey method, as well as their perceived cultural 
resonance of the AI-generated summaries measured using 1–7 Likert-type 
ratings. Qualitative data consisted of participants’ open-ended reflections on 
their modality preferences and written explanations of their resonance ratings.

The analysis integrated both data types to interpret patterns across 
modalities and cultural dimensions. Primary outcomes focused on (1) the 
user-experience fit of each modality, inferred from the MaxDiff method and 
supported by qualitative rationales, and (2) the perceived cultural resonance 
of AI summaries, based on participant ratings and explanations. All analyses 
were conducted in RStudio, combining descriptive statistics with thematic 
coding of qualitative responses.

RESULTS

Phase I: User Experience Across Modalities

The MaxDiff analysis revealed distinct modality preferences across the three 
cultural dimensions (Figure 4). For Everyday Food Practices and Motivational 
Drivers of Food Choice, visual input was the most preferred modality, with 
preference scores of 70.4% and 60.2% respectively. For Food Heritage, this 
pattern reversed: visual preference dropped to 10.7%, while audio emerged 
as the dominant modality with a score of 63.2%.

 

Figure 4: MaxDiff analysis of preferred expression modalities across cultural 
dimensions.

Open-ended reflections provided context for these preferences. Participants 
described photographs as the most effortless and accurate way to answer 
the Everyday Food Practices question, “What is in your fridge?”. Taking a 
photo required little cognitive effort and conveyed information that would 
have been cumbersome to describe verbally or in writing. For Motivational 
Drivers of Food Choice, visual mind maps were preferred because their non-
linear format supported connections among abstract values and facilitated 
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reflection on priorities. As one participant (P07) explained, “Since it’s not 
a linear process, the visual is able to express the complexity, while text is a 
bit limiting.” For Food Heritage, participants showed a preference for audio 
recordings. Speaking about memories felt more natural and emotionally 
expressive, enabling storytelling and subtle nuance. Participant P09 
commented that audio helped them “focus on what really matters.” However, 
this modality was not equally accessible for everyone: a few participants 
expressed discomfort with hearing their own voice, and some, particularly 
older participants, reported technical difficulties such as background noise. 
In these cases, text responses were perceived as safer and more familiar.

Phase II: Cultural Resonance of AI-Generated Summaries

Participants reviewed the AI-generated summaries derived from their 
multimodal inputs then evaluated each summary based on its cultural 
resonance. Overall, participants’ evaluations indicated high levels of cultural 
resonance across modalities and dimensions (Figure 5). More than 78% of 
all participants reported that the AI-generated summaries reflected their food-
related perspectives to a significant degree. The Motivational Drivers dimension 
achieved the highest resonance, with 100% of positive evaluations across the 
three modalities. Interestingly, the Audio and Visual inputs provided the highest 
enthusiasm, with 71% of participants indicating that the summaries “Fully 
resonated” with them in both cases.  Everyday Food Practices also produced 
high scores, particularly for text (93% positive resonance), followed by visual 
input (92%), while audio was still strong (79%), it resulted in the highest 
degree of uncertainty, with 21% of participants selecting “neutral/not sure”. 
Food Heritage displayed greater variability: while positive resonance remained 
high (ranging from 79% to 86%), this category saw the emergence of negative 
sentiment, with 14% of participants indicated the summary resonated “very 
little” for audio inputs and 7% for text and visual inputs.

Figure 5: Participant ratings of cultural resonance across modalities and cultural dimensions.

Qualitative reflections supported these patterns. Twelve of the fifteen 
participants described their summaries as accurate and personally recognisable. 
Several noted that the AI captured their habits and values with unexpected 
precision. For example, P12 remarked that the summary “felt like something 
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I could have written myself,” while P04 described it as “a good overview 
of who I am around food.” Participants also characterised the process as 
reflective, with P11 noting that it “made me reconsider how I think about 
food.” Three participants expressed more critical views, particularly within 
the Food Heritage dimension. Their concerns centred on oversimplification 
or misinterpretation of contextual details. P07 felt that “some statements 
went too far,” and P10 noted that “certain parts felt oversimplified.” Even so, 
these participants still acknowledged that the summaries captured the core 
elements of their food culture.

DISCUSSION

Cultural Dimensions as a Framework for Structuring Adaptive 
Profiles

The three cultural dimensions (Everyday Food Practices, Motivational 
Drivers, and Food Heritage) proved useful for organising participants’ 
inputs, since resonance patterns showed that each dimension elicited 
recognisably different aspects of food culture: routinised practices, guiding 
values, and biographical narratives. Qualitative reflections further indicated 
that participants intuitively treated these dimensions as separate “layers” of 
their food identity, often describing one dimension as practical, another as 
emotional, and another as value-based. This finding also affirming earlier 
theoretical accounts of food culture as an interplay between habits, values, and 
identity (Axelson, 1986). In addition, by operationalising these dimensions 
in multimodal tasks and showing that they support AI-generated summaries 
participants find accurate and recognisable, the study demonstrates how 
long-standing conceptual frameworks can be translated into computationally 
meaningful structures for adaptive systems. This establishes a bridge between 
cultural HCI work and AI personalisation research, showing that culturally 
grounded dimensions can form a stable scaffolding for profile interpretation. 
Adaptive systems can treat these dimensions as containers for different types 
of cultural knowledge, enabling clearer modelling of user diversity. Moreover, 
because each dimension aligns with specific modalities, systems can guide 
users toward profiling experiences that contextually appropriate.

How Multimodality Shapes Cultural Expression in Profiling

The results demonstrate that people do not express “food culture” uniformly 
across modalities; instead, they match different layers of meaning with the 
expressive affordances of each medium. Participants explained these choices 
by highlighting how each modality reduced cognitive effort or enabled the 
type of expression they wanted to achieve. For example, photos eliminated 
the burden of translating concrete pantry content into words, while mind 
maps allowed participants to visualise complex, non-linear value structures. 
Audio, in turn, enabled emotional nuance and narrative flow when discussing 
memories or place-based identity. Together, these findings indicate that 
modality choice is not only a matter of usability but also affects how “seen” 
or comfortable participants feel during profiling. Participants tended to 
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avoid audio for factual descriptions but gravitated toward it when sharing 
memories or emotional narratives. Text, despite being the least preferred 
modality overall, remained important whenever participants sought precision 
or control over tone. These patterns suggest that aligning modality with task 
improves both user experience and the interpretive clarity of the cultural 
information the system receives, extending earlier work showing that 
multimodality enhances expressiveness and reduces ambiguity in interaction 
(Jaimes and Sebe, 2007). These insights also reveal a practical implication 
for design: profiling systems can default to modalities that naturally elicit 
richer information for each type of cultural content, and offer fallbacks when 
accessibility or comfort barriers arise. 

Table 2 synthesises these alignments by connecting each cultural dimension 
with an appropriate modality and fallback strategy, translating empirical 
patterns into a practical framing for multimodal profiling design. For 
example, several participants noted that photos alone could miss contextual 
cues, suggesting that pairing an image with a short caption preserves low 
effort while improving interpretability for the system. For mind maps, some 
participants reported difficulty of beginning. Light scaffolding, such as starter 
nodes or brief prompts,  could lower this entry barrier without constraining 
reflection. For Food Heritage, providing voice-to-text transcription with the 
option to edit, or a text-only fallback, can preserve narrative richness while 
reducing misinterpretation. 

Table 2: Alignment between cultural dimensions and default modalities, 
with corresponding design rationales and fallbacks.

Pillar Modality Rationale Fallback

Everyday Food 
Practices

Photo + 1-line 
caption

Concrete, low effort Caption to avoid 
ambiguity

Motivational 
Drivers of Food 
Choice

Mind map Supports reflection & 
non-linear thinking

Starter nodes + short 
prompts

Food Heritage Guided Audio Richer emotions & 
narrative

Voice-to-text + text 
fallback; confirm 
place/time

Cultural Resonance and Opportunities for Co-Editing in Adaptive 
Systems

Cultural resonance emerged as a valuable lens, offering insights that go 
beyond factual correctness. In their self-evaluations, participants described 
the most resonant summaries as those that “felt like me,” capturing both 
what they do and how they see themselves. High resonance scores, which are 
supported by qualitative explanations about tone, emphasis, and personal 
recognition, suggest that evaluation of AI-generated profiles benefits from 
including subjective alignment, not just descriptive accuracy. This relational 
view of evaluation aligns with shifts in HCI toward value-sensitive and 
co-interpretive frameworks (Gerdes and Frandsen, 2023).
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Importantly, qualitative data showed that moments of mismatch (especially 
in the Food Heritage dimension) often led participants to reflect on why 
something felt “off,” pointing to a natural opportunity for user correction. 
These observations motivate a design implication central to this study’s 
contribution: profiling can be reconceived as an iterative, co-editing process 
in which users and systems refine cultural profiles together dynamically. 
Instead of treating profiling as a one-off data collection procedure, systems 
can allow users to inspect and refine the AI-generated summaries of their 
inputs. This creates an iterative feedback loop in which users can correct 
inaccuracies, add missing nuance, and exercise greater agency over how they 
are represented. Integrating user correction and reflections may strengthen 
AI representational fairness and help prevent misalignment in subsequent 
adaptive behaviours. Future work will explore this co-editing approach 
within deployed systems, examining whether culturally grounded profiles 
meaningfully improve adaptive interactions such as conversational interfaces.

CONCLUSION

This study investigated a multimodal profiling approach that structures food 
culture into three dimensions and invites users to express each dimension 
through text, visuals, and audio. These multimodal inputs were then used 
to generate AI-based cultural summaries for adaptive systems supporting 
healthier and more sustainable eating. The findings show that different input 
modalities elicit distinct forms of cultural expression, and that multiple 
modalities allow the generation of resonant user profiles. The work introduces 
cultural resonance as an evaluative lens and demonstrates how food-culture 
dimensions can be operationalised to structure culturally grounded profiling. 
Together, these insights outline a multimodal profiling strategy that can 
evolve into a co-editing process between users and systems. Future work 
will investigate how cultural profiles and AI-generated summaries can 
be integrated into real adaptive systems, for example in conversational 
interfaces, and examine how this culturally grounded information influences 
user experience and is perceived by users.
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