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ABSTRACT  
Researchers have started using large language models (LLMs), such 
as OpenAI’s GPT, to generate synthetic datasets designed to mimic 
human response behavior. Several studies have systematically 
compared LLM-generated data with human samples in order to 
explore LLMs’ ability to mimic consumer decision-making. 
Extending prior findings, our research sets out to explore how 
GPT-4o responds to sensory information, and to evaluate its 
ability to grasp crossmodal correspondences as well as 
multisensory congruence – as commonly encountered in service 
settings. Our results indicate that while GPT-4o identifies and 
describes sensory stimuli accurately, it often fails to replicate the 
associative meanings and interpretations that humans derive 
from these stimuli, especially in stand-alone assessments. Our 
research therefore underscores the need for further exploration of 
the conditions under which LLMs reliably mirror human 
responses to sensory stimuli, and the implications of using LLMs 
in research on sensory-rich service settings.

摘要  

研究人员已经开始使用大语言模型（LLMs），例如OpenAI的GPT， 
来生成旨在模拟人类响应行为的合成数据集。一些研究系统地将 
大语言模型生成的数据与人类样本进行了比较，以探索大语言模 
型模仿消费者决策的能力。延续先前的研究，我们的研究旨在探 
索GPT-4o如何响应感官信息，并评估其理解跨模态对应关系以及 
多感官一致性的能力，而这在服务场景中是非常常见的。我们的 
研究结果表明，尽管GPT-4o能够准确识别和描述感官刺激，但它 
往往无法复制人类从这些刺激中得出的联想意义和解释，尤其是 
在独立评估中。因此，我们的研究强调了进一步探索大语言模型 
在何种条件下能够可靠地反映人类对感官刺激的响应，以及在感 
官丰富的服务场景研究中使用大语言模型的意义。
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1. Introduction

Generative artificial intelligence (AI) and, particularly, large language models (LLMs) like 
OpenAI’s Generative Pre-trained Transformer (GPT) are transforming marketing research 
as we know it (Hermann & Puntoni, 2024; Sarstedt, Adler, et al., 2024). As a computational 
simulation of human speech that potentially also inherits covert social information, GPT 
has the potential to serve as ‘an invaluable source of insight into consumer preferences 
due to its ability to mimic or replicate human responses’ (Brand et al., 2023, p. 2). 
Researchers have recently started testing this notion by systematically comparing syn
thetic (or silicon) samples with human samples to explore LLMs’ ability to adequately 
mimic behavioral phenomena. Corresponding studies spanning fields as diverse as 
human–computer interaction, general psychology, and social psychology, produced 
mixed results in this regard. While GPT has, for example, been found to be sensitive to 
various types of biases regarding judgment (e.g. probability weighting), information pro
cessing (e.g. framing effects), and response behavior (e.g. social desirability bias) as well as 
decision-making heuristics (e.g. confirmation bias) (e.g. Binz & Schulz, 2023; Gao et al., 
2024; Salecha et al., 2024), researchers could not identify other effects that are known 
to characterize consumer behavior, such as the endowment effect, mental accounting, 
and prospect theory elements (Y. Chen et al., 2023). Summarizing the diverse research 
in this field, synthetic participants might indeed, under specific conditions, be adequate 
proxies for human participants (e.g. Arora et al., 2025; Demszky et al., 2023; Sarstedt, Adler, 
et al., 2024), thereby offering both service researchers and companies enormous 
potentials.

While research on LLM-human comparisons is evolving very quickly, the applicability of 
LLMs in sensory consumer research is a field that has remained largely unexplored; that is, 
can LLMs, like GPT, be used to mimic sensory stimuli’s impact on consumer behavior? This 
is surprising since subtle, and often unconsciously perceived sensory stimuli are known to 
shape consumer perceptions of and responses to service environments (e.g. Ahn & Back, 
2020; Girard et al., 2019; Sarstedt, Imschloss, et al., 2024). By engaging the senses – sight, 
sound, touch, smell, and taste – service businesses are able to create an environment that 
enhances the overall customer experience (Hollebeek et al., 2024), thereby impacting con
sumer behavior (e.g. spending). Consider, for example, the strategic use of visual stimuli in 
a service – and retailscape design – as illustrated in the photographs of women’s and 

Figure 1. Retail environments with a focus on female clothing (left) and male clothing (right). Credits: 
Licht Kunst Licht AG.
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men’s clothing departments in two major retail stores in Figure 1. While one environment 
features bright colors, emphasizing femininity to complement the female clothing 
offerings (left picture), the other environment employs a dark color scheme to highlight 
the masculinity aligned with the male clothing offerings (right picture).

Previous research has provided robust evidence of sensory stimuli’s effects in service 
contexts across various sensory modalities. For example, Zlateva et al., (2024) recently 
showed that consumers’ enjoyment of touch and sound enhances the service experience 
for those who had an Autonomous Sensory Meridian Response during the service deliv
ery. Focusing on scent, Ardelet et al. (2022) documented that the presence of an ambient 
scent could increase consumers’ comfort with frontline employee interactions in service 
settings. Similarly, a service environment’s soundscape is well-known to impact not only 
consumers’ evaluation of service-intensive retail environments, as well as in-store behav
ior in retail settings (e.g. Grewal et al., 2003; Milliman, 1982), but also consumer satisfac
tion in tourist contexts (e.g. Liu et al., 2018).

LLMs might hold considerable promise for studying sensory stimuli’s influence on con
sumer behavior, as they could capitalize on the link between language and human per
ception, thus offering a means to derive insights into consumers’ sensory expectations or 
experiences solely based on the use of language (Marjieh et al., 2024). Illustrating this link, 
consumers often use sensory language to describe abstract concepts when making refer
ences to the five senses, such as when using the metaphor ‘soft-hearted’ to convey pro
social tendencies (Cheon et al., 2019). Such associations might also be present in LLM 
training data.

To date, only three studies have used LLMs to explore aspects of sensory experiences 
and perception. Siedenburg and Saitis (2023) prompted GPT-3 to describe the sound of 
eight instruments (e.g. flute, oboe, trump, violin) for each low-register, mid-register, 
and high-register note along a total of 20 verbally anchored semantic dimensions (e.g. 
the dimension ‘pure, clear, clean’, the dimension ‘deep, thick, heavy’). Comparing the 
average GPT ratings with those of a human sample revealed significant correlations 
between twelve of the twenty semantic sound description dimensions. Marjieh et al., 
(2024) evaluated correlations between human and LLM-based similarity judgments of 
two stimuli in certain sensory modalities (e.g. pitch, loudness, colors, taste) by prompting 
different GPT version; for example, via hex codes (e.g. Color 1: #ff0000, Color 2: #A020F0), 
frequencies in hertz (e.g. Note 1: 587.3295358348151 Hz, Note 2: 987.7666025122483 Hz), 
and decibels (e.g. Tone 1: 72.6 dB, Tone 2: 74.1 dB). Their results indicate high correlations 
between the synthetic and human pairwise similarity ratings for pitch, loudness, and 
colors (r = .84 to .92 for the best GPT model), while lower ones were observed for taste 
(r = .54) and timbre (r = .42). Finally, Motoki et al., (2024) investigated whether GPT 
mimics consumers’ tendencies to associate tastes (e.g. sweet) with specific colors and 
shapes (e.g. pink and round) across three languages. Their results show that GPT generally 
captures color-/shape-/taste correspondences, with some language-specific and version- 
specific variations.

While these studies provide valuable insights into LLMs’ ability to decode certain 
sensory descriptions, the extent to which they might be capable of mirroring human 
responses to sensory stimuli – including the interpretation of sensory input to form con
cepts of objects or relationships (Coren, 2003) – remains unclear. LLMs’ ability to, for 
example, decode hex codes of different colors and to assess their similarity, might not 
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correspond to a human’s perception of colors. That is, they might not mimic human 
samples in the way they process, respond to, or are influenced by sensory stimuli, such 
as different colors. For example, would LLMs, in terms of color associations infer that a 
service provider has a more exciting (vs. competent) brand personality if the brand 
logo is red (vs. blue), as human samples showed (Labrecque & Milne, 2012)? Or, in 
terms of multisensory (in-)congruence, would LLMs mimic humans’ tendency to assess 
servicescapes more favorably if the sensory stimuli (e.g. ambient scent and sound, or 
flooring and sound) are congruent rather than incongruent (Imschloss & Kuehnl, 2017; 
Mattila & Wirtz, 2001)?

As it is still unclear whether LLMs, like GPT-4o, could mimic the sensory stimuli’s 
effects on consumer behavior reliably, our study sets out to shed light on these 
and similar questions. Specifically, we explore GPT-4o’s ability to grasp color associations 
(Exploration 1), crossmodal correspondences (Exploration 2), and multisensory congru
ence effects (Exploration 3) that are well-established phenomena in sensory consumer 
research (Krishna, 2012; Labrecque & Milne, 2012; Spence, 2011) and service research 
(Mari & Poggesi, 2013). We do so by confronting GPT-4o with different sensory stimuli 
or scenarios, and testing whether its outputs align with color psychology’s predictions 
(Wright, 1995), crossmodal correspondences (Spence, 2011), gestalt psychology 
(Koffka, 1935), and related fields. Aligning with prior research on LLMs (e.g. Y. Chen 
et al., 2023), we focus on long established effects in previous research with human 
participants, thereby dispensing with the need to compare each output with a new 
human sample.

Our insights add to research on sensory marketing and should therefore serve as a 
basis for discussion, promoting further explorations of GPT’s capabilities to mimic or 
predict sensory stimuli’s influence on consumer behavior in service settings. In this 
regard, our work offers various future research avenues that might stimulate further 
research on LLMs’ ability to study aspects of sensory marketing in service settings. In 
terms of service practice, our aim is to inspire and guide managers in the service 
domain on when and how using GPT might be useful for pretesting sensory adjustments, 
or designing sensory elements of service environments.

2. GPT-Exploration 1: color associations

While LLMs might be capable of extracting and recoding sensory stimuli’s structural prop
erties (e.g. by analyzing color hues or saturation levels’ of visual stimuli), it remains unclear 
whether they capture the associative meaning linked to sensory information, such as 
color hues. To shed light on this issue, we examined LLMs’ tendency to mirror conceptual 
color associations in terms of the link between colors and the perceptions of a service pro
vider’s brand personality (Explorations 1a and 1b). Specifically, we focus on humans’ 
associations of red with excitement and blue with competence, which have long been 
established in color psychology (e.g. Walters et al., 1982; Wexner, 1954; Wright, 1995), 
and have also been replicated in different marketing contexts (e.g. Labrecque & Milne, 
2012). Such color associations are important for brand managers, as they serve as a 
basis for establishing visual brand identities (Jin et al., 2019). For example, companies 
use red logos to grab consumers’ attention and to convey a feeling of excitement and 
energy (e.g. Coca-Cola, Netflix, Nintendo; Jin et al., 2019).
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2.1. Exploration 1a: stand-alone assessments of color associations

We prompted GPT-4o with one of two differently colored logos in two separate trials. We 
asked GPT to identify the logo’s color to test its multi-modal ability to identify colors cor
rectly. We further asked it to rate the brand’s competency on a scale from 1 (‘not very 
competent’) to 7 (‘very competent’). We decided that this prompt structure would be 
similar to the questions and scales typically used in marketing research.1

Figure 2 shows that GPT-4o correctly identifies the logos as either being red or blue; 
however, GPT-4o does not make an explicit reference to color associations. Instead, 
GPT-4o alludes to the logo’s geometric shape and its overall impression, noting that 
the ‘design looks somewhat minimalistic and abstract’ (red logo), or that the ‘design is 
simple and clear’ (blue logo). In both instances, GPT-4o concludes that the overall 
design fails to convey ‘a strong sense of professionalism or expertise’. Not mentioning 
– and perhaps even neglecting – the possible color associations with red or blue is surpris
ing, as they are widely documented on marketing web pages and in blogs. In light of the 
convergent conclusion that the blue, as well as the red-colored logos, do not communi
cate professionalism or expertise well, it is somewhat surprising that GPT-4o’s numerical 
rating of competence is slightly higher in respect of blue (rated 4) than red (rated 3). 
Although this rating points in the intended direction based on what one would expect 
from the respective color association documented in previous research (e.g. Walters 
et al., 1982; Wexner, 1954; Wright, 1995), the difference in ratings is minimal and might 
be a result of GPT’s limited ability to return accurate numerical comparisons and evalu
ations (McCoy et al., 2023; Sarstedt, Adler, et al., 2024).

2.2. Exploration 1b: comparative assessment of color associations

While Study 1a demonstrated that GPT-4o only grasps the blue-competent association 
in a stand-alone assessment slightly, this result might become more salient in a compara
tive evaluation of two logos. That is, a direct comparison of the differently colored 
logos might bring color associations not evident in the stand-alone assessment to 
the fore.

Figure 2. Logo designs (separate prompts with blue logo (left) vs. red logo (right), stand-alone 
assessment).

THE SERVICE INDUSTRIES JOURNAL 5



We provided GPT-4o with differently colored logos next to one another, and asked the 
model to rate the logo that conveys a more competent brand on a 7-point scale. Figure 3
shows that GPT-4o correctly identified the logo colors, and now makes an explicit refer
ence to color associations. That is, GPT-4o alludes to blue’s color associations (‘Blue often 
conveys trust, stability, and professionalism, which could suggest reliability and compe
tence (…)’) and also offers an association related to red (‘Red, while vibrant and atten
tion-grabbing, is associated more with energy, urgency, or excitement but can 
sometimes evoke feelings of risk or caution’). It seems that when the logos are displayed 
next to each other, GPT-4o no longer focuses on the the logo’s holistic impression (e.g. 
shape), but on the unique criteria that distinguish the two logos (e.g. the colors). Interest
ingly, GPT-4o justifies its rating of the blue-colored logo as being more competent by 
directly referencing color associations (‘Considering this, I would rate TA1 as slightly 
more competent than TA2 based on these color associations’).

Together, the results of Studies 1a and 1b suggest that while GPT-4o correctly identifies 
color hues, it does not explicitly use their associative meaning in stand-alone assessments. 

Figure 3. Logo designs (single prompt with blue logo (left) and red logo (right), comparative 
assessment).
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However, once provided with a comparative assessment of logos that only vary in color, 
GPT-4o relies explicitly on color associations for its judgment. Critically, despite alluding to 
extremely contrasting color associations, GPT-4o seems hesitant to transfer the magni
tude of the contrast to its numerical judgments. In addition, GPT-4o does not clearly dis
criminate the concepts mentioned in the color associations, which might prove 
problematic in empirical follow-up assessments (Voss et al., 2020).

3. GPT-Exploration 2: crossmodal correspondences

Human senses do not function in isolation, but are inherently intertwined in the form 
of crossmodal correspondences, which refer to systematic associations between infor
mation across the senses, so that inputs in one sensory modality might influence 
perceptions or responses in another sensory modality (Chuquichambi et al., 2024; 
Spence, 2011; Spence et al., 2009; Velasco et al., 2015). For example, crossmodal 
correspondences might occur between consumers’ auditory and haptic perceptions 
(Imschloss & Kuehnl, 2019), auditory and taste perceptions (Crisinel et al., 2012; see 
Guedes et al., 2023 for a review), as well as color and taste perceptions (Spence & 
Levitan, 2021; Sugimori & Kawasaki, 2022). As an example, Imschloss and Kuehnl (2019) 
show that consumers perceive fabrics to be softer when listening to soft (vs. hard) 
music in retail environments.

A prominent stream of research in this field examines shape and sound symbolism 
effects, showing that particular sounds, as well as specific abstract shapes, are associated 
with certain other sensory qualities (Spence, 2012). The kiki-bouba effect in sound symbo
lism, which is rooted in gestalt psychology (Koffka, 1935), is a particularly prominent 
example of such crossmodal shape-sound associations. According to this effect, 
humans tend to match the speech sound of the fictive word ‘kiki’ with spiky angular 
shapes and the speech sound of ‘bouba’ with round shapes (Y.-C. Chen et al., 2016; 
Ćwiek et al., 2021). Previous research substantiated that the kiki-bouba effect is a funda
mental crossmodal correspondence in human perception that develops in early child
hood (Fort et al., 2018) and generalizes across various languages and cultures (Ćwiek 
et al., 2021).

The kiki-bouba effect has important implications for servicescape design, as it high
lights the interaction between two sensory stimuli (Mari & Poggesi, 2013). For example, 
the shapes used in physical settings, such as architecture, interior design, and signage, 
should align with the sound of the business’s name. A soft sounding restaurant name 
would feel mismatched if the interior is filled with sharp, angular furniture. Similarly, for 
service industries focused on relaxation (like spas), using ‘bouba’-inspired design 
elements (soft names, round shapes) could help create a calming atmosphere, thereby 
aligning the auditory and the visual elements to enhance the sense of relaxation.

To examine whether LLMs also demonstrate an association between the words kiki/ 
bouba and abstract angular vs. round shapes, we prompted GPT-4o with a spiky shape 
and a round shape (Figures 4 and 5). Instead of presenting the words as auditory 
stimuli, we presented them visually as part of the prompt itself. That is, for each of the 
abstract shapes, we asked whether the shape would be associated with the name ‘kiki’ 
(1 on a 7-point scale) or with ‘bouba’ (7 on a 7-point scale). We again asked GPT-4o for 
separate and comparative evaluations.

THE SERVICE INDUSTRIES JOURNAL 7



Figure 4. Kiki-bouba effect (separate prompts, stand-alone assessment).

Figure 5. Kiki-bouba effect (single prompt, comparative assessment).
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Figures 4 and 5 show that GPT-4o indeed mimics correspondences regarding both the 
spiky ‘kiki’ shape and the round ‘bouba’ shape in both the stand-alone as well as the com
parative assessment. In this exploration, GPT-4o also exhibits meta-knowledge by refer
ring directly to the kiki-bouba effect in psychological literature.

4. GPT-Exploration 3: multisensory congruence

Humans experience servicescapes holistically, incorporating information from multiple 
senses simultaneously (Mari & Poggesi, 2013). Prior research has shown that multisensory 
congruence – that is, stimuli that match (vs. mismatch) in terms of their arousal level, in 
their semantic-perceptual level, or in their thematic meaning – lead to positive consumer 
reactions (e.g. Imschloss & Kuehnl, 2017; Spence et al., 2014). For example, matching (vs. 
mismatching) the arousal level of in-store music and scent increased consumers’ satisfac
tion with the shopping experience, and led to more favorable in-store behaviors like 
impulse purchases and approach behaviors (Mattila & Wirtz, 2001). Similarly, matching 
– as opposed to mismatching – haptic stimuli such as flooring and background music 
along the semantic-perceptual dimension of softness has been shown to have positive 
effects on product evaluations in retail environments (Imschloss & Kuehnl, 2017). Multi
sensory congruence can also be established along thematic dimensions, as evidenced 
by research documenting more favorable attitudes toward a mock retail environment 
employing combinations of Christmas scent and Christmas music when compared to 
combinations of no scent and Christmas music (Spangenberg et al., 2005). Similarly, in 
respect of food consumption environments, previous research has shown a higher than 
expected liking of the food when the food products are consumed in a thematically con
gruent consumption context, such as consuming a watermelon (vs. chocolate truffle) in a 
congruent virtual summer (vs. winter) eating environment, or consuming a popsicle (vs. 
sushi) in a congruent beach (vs. sushi restaurant) context (Schouteten et al., 2024; Van 
Bergen et al., 2021).

To test whether LLMs could help examine service or retail environments’ effects, we 
used the servicescape settings reported in the study by Mattila and Wirtz (2001) as a tem
plate to create sensory scenarios. These authors conducted a 3 × 3 between-participant 
field study in a gift shop to examine the effects of multisensory congruence along the 
arousal dimension. They did so by either dispersing grapefruit ambient scent (high 
arousal), or lavender ambient scent (low arousal), or no scent but employed classical 
music by Elizabeth Miles by playing either the energizing collection featuring fast- 
tempo music (high arousal), or the relaxing collection encompassing slow-tempo music 
(low arousal) or no music. Their results showed that the matching (vs. mismatching) 
arousal qualities of the two ambient sensory stimuli guide consumers to exhibit higher 
levels of approach behavior, impulse buying, and satisfaction with the shopping 
experience.

Building on this study design, we prompted GPT-4o with four sensory scenarios that 
describe servicescapes as being scented with a low or high arousal scent (i.e. lavender, 
grapefruit) and employing low or high arousal music (i.e. slow vs. fast tempo classical 
music). We asked GPT-4o to indicate a consumer’s satisfaction with the experience in 
the respective servicescape, since this variable’s interaction effect had the highest 
effect size in the original study compared to the other outcome variables.

THE SERVICE INDUSTRIES JOURNAL 9



GPT-4o did not provide any indication of arousal (in)congruence effects on satisfaction 
(Table 1). To illustrate, GPT-4o rated consumers’ satisfaction level equally as a five on a 
seven-point scale when prompting the arousal incongruent servicescape scenario with 
fast music and lavender scent, as well as when prompting the arousal congruent services
cape scenario with fast music and grapefruit scent. Likewise, there was no difference in 
GPT-4o’s ratings of the arousal-incongruent servicescape with slow music and lavender 

Table 1. Prompt and GPT-4o reactions to multisensory congruence task.
GPT-4o prompt: Please envision the following servicescape: The servicescape employs fast/slow tempo classical music 

and a lavender/grapefruit ambient scent. Please indicate a customer’s satisfaction with the experience in this 
servicescape on a scale from 1 to 7, with 1 = not very satisfied to 7 = very satisfied. Please provide a numerical value as 
an answer.

GPT-4o answers for different retail environment scenarios

Lavender Grapefruit

Fast 
tempo 
music

Given the description of the servicescape with fast 
tempo classical music and a lavender ambient scent, 
the customer’s satisfaction can vary based on personal 
preferences. However, both classical music and 
lavender scent are commonly associated with positive 
effects on mood and relaxation, although the fast 
tempo of the music might counteract some of the 
calming effect of lavender. On a scale from 1 to 7, a 
reasonable assumption would place satisfaction 
around 5. This represents generally positive, but not 
necessarily overwhelming, satisfaction.

Based on the description of the servicescape, the 
combination of fast tempo classical music and 
a grapefruit ambient scent might create a 
stimulating and energetic environment. While 
individual preferences vary, a general 
assumption can be made that this type of 
atmosphere would appeal to those who enjoy 
lively environments and fresh, citrusy 
scents. Given these elements, I would estimate 
the customer’s satisfaction with the experience 
in this servicescape as 5 out of 7. This reflects 
moderate to high satisfaction, assuming the 
customer has a positive response to both the 
music and scent combination. However, 
satisfaction could vary depending on personal 
tastes.

Slow 
tempo 
music

Given the described servicescape – slow tempo 
classical music and a lavender ambient scent, both of 
which are commonly associated with relaxation and 
positive mood enhancement – it’s reasonable to infer 
that a customer would likely have a favorable 
response. These elements are often used in 
environments designed to promote calmness, 
comfort, and a pleasant atmosphere. On a scale from 
1 to 7, I would estimate a customer’s satisfaction to 
be approximately 6. This reflects a high level of 
satisfaction, though individual preferences and 
context could shift this score slightly.

Based on the description of the servicescape, I 
would estimate a customer’s satisfaction with 
the experience to be a 6 on a scale from 1 to 7.  

Slow tempo classical music and grapefruit 
ambient scent tend to evoke a calm, pleasant, 
and refreshing atmosphere, which is likely to 
enhance customer satisfaction, though 
individual preferences could lead to variations.

No music Given the description of a servicescape with no music 
and a lavender ambient scent, customer satisfaction 
may vary depending on individual preferences. Since 
lavender is commonly associated with relaxation and 
calmness, the absence of music may further enhance 
a tranquil atmosphere. However, some customers 
may prefer background music to complement the 
ambiance. Considering these factors, I would 
estimate a moderate to high satisfaction rating. A 
reasonable assumption for customer satisfaction 
could be:5 out of 7.This rating accounts for the likely 
positive influence of the lavender scent but also 
considers that the lack of music might not appeal to 
everyone.

The numerical value for a customer’s satisfaction 
with the described servicescape would likely 
be around 4. This is based on the fact that 
while grapefruit is generally considered a 
pleasant and refreshing scent, the absence of 
music may make the environment feel neutral 
or lacking in ambiance for some customers. 
Satisfaction can vary greatly depending on 
individual preferences, but a neutral response 
of 4 seems reasonable for an experience that 
might feel incomplete without auditory 
elements.

Note: The words in italics are provided depending on the condition.
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scent, and the servicescape with slow music and grapefruit scent. Here again, GPT expects 
consumers to have an equal satisfaction level (six on a seven-point scale). We also find 
that the descriptions of service environments with two sensory stimuli (music and 
scent) did not produce substantially different results than descriptions only appealing 
to one sensory stimulus (scent). Specifically, GPT-4o returns a generic response with a 
favorable assessment of olfactory stimuli per se, and does not refer to distinctive interac
tive effects that might be stimulated by slower vs. faster music, and less vs. more arousing 
scents. Instead, describing servicescapes that employ either a grapefruit or lavender scent 
without music, leads GPT-4o to generically suggest that consumers in such servicescapes 
could have an ‘experience that might feel incomplete without auditory elements’. Overall, 
the output indicates that the congruence between the arousal levels of different music 
tempi and scent types is not readily available to the model; possibly because such associ
ations are often not described explicitly, could therefore not be inferred from the training 
data.

Apart from the aforementioned stand-alone assessment, we next prompted GPT-4o 
with comparative servicescape scenarios. Specifically, we prompted GPT-4o with both 
an incongruent and a congruent servicescape scenario, and asked it to indicate in 
which servicescape consumers might be more satisfied with their experience. Unlike in 
the stand-alone assessment, GPT-4o now reveals indications of multisensory congruence 
effects. Rendering this understanding of multisensory (in)congruence, Figures 6 and 7
document that for servicescape scenarios of slow music paired with (incongruent) grape
fruit versus (congruent) lavender scent, as well as for servicescape scenarios of fast music 
paired with (incongruent) lavender versus (congruent) grapefruit scent, GPT-4o suggests 
higher satisfaction ratings with the respective congruent servicescape conditions. Specifi
cally, GPT-4o explicates that ‘a consumer is likely to be more satisfied with Servicescape 1 
due to the calming synergy of lavender and slow tempo classical music’ (Figure 6). For the 
fast music scenarios, GPT-4o notes that ‘a consumer might be more satisfied in Services
cape 2, as the grapefruit scent complements the fast tempo classical music by enhancing 
feelings of energy and alertness’ (Figure 7). Overall, GPT-4o accurately describes the 
environment with the potential associations that come from both the auditory and the 
olfactory stimuli. The model also correctly returns the (in)congruence effects on a descrip
tive level, but once again does not translate them into substantially differing numerical 
evaluations.

5. Discussion

5.1. Theoretical implications and future research directions

This article contributes to the ongoing discussion on AI’s applicability in market research, 
specifically setting the stage for future explorations into the capabilities and limits of LLMs 
regarding mimicking human responses to sensory stimuli and their influence on consu
mer behavior in service settings. Across three explorations, we find that LLM-generated 
synthetic datasets represent a promising frontier in service research, especially given 
the most recent development of multimodal AI interfaces like GPT-4o.

Our exploration suggests that LLMs, like GPT, possess the potential to mimic certain 
human responses to sensory stimuli, especially those reflected in language. GPT was 
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especially helpful for the direct comparisons of sensory stimuli, for example, those con
cerning color associations (Exploration 1a and 1b) and scenarios of multisensory congru
ence (Exploration 3). For sound symbolism (Exploration 2), GPT-4o performed 
satisfactorily in separate as well as comparative assessments. These findings relate to 
recent advances in sensory research with LLMs (Motoki et al., 2024) and in the field of 
silicon sampling (Arora et al., 2025; Sarstedt, Adler, et al., 2024). Specifically, we extend 
the work of Motoki et al. (2024), who found that GPT associates certain colors and 
shapes with specific tastes by demonstrating that GPT-4o also associates shapes with 
sounds – a crossmodal correspondence long established in studies with human 
participants.

However, our results also show that GPT-4o’s ability to portray sensory experiences 
diverges from humans in some instances – at least in its current implementation. GPT- 
4o, for example, did not identify color associations and multisensory congruence 
effects when the different stimuli were presented separately in stand-alone assessments. 

Figure 6. Servicescape scenario with slow music and a lavender scent (congruent sensory stimuli) 
versus a servicescape scenario with slow music and a grapefruit scent (incongruent sensory stimuli).
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The observed divergencies give rise to three future research areas that might address 
questions pertaining to (i) LLMs’ responses to sensory information in general, (ii) LLMs’ 
representation of crossmodal correspondences and multisensory congruence, and (iii) 
ways to use LLMs in sensory consumer studies.

5.1.1. How do LLMs respond to sensory information?
Further research is required to examine the conditions under which LLMs are capable of 
describing sensory experiences and more complex multisensory interplays that character
ize human perception of servicescapes (Spence et al., 2014). Extending our example on 
the role of color associations and brand personality ratings, future research should 

Figure 7. Servicescape scenario with fast music and a lavender scent (incongruent sensory stimuli) 
versus a servicescape scenario with fast music and a grapefruit scent (congruent sensory stimuli).
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systematically examine the potential of LLMs to mimic a diverse set of human sensory 
associations as well as their influence on consumer behavior. For example, future research 
could examine whether LLMs adequately represent the associative meaning of sensory 
descriptions regarding various colors, music, and scents. Do LLMs, for example, consider 
a jasmine scent as rather relaxing? And if so, are LLMs capable of mimicking the noncon
scious positive effect of jasmine scents on service quality evaluations, as Girard et al. 
(2019) have shown in the context of public transportation services? Do LLMs associate 
a coffee scent with alertness and with improvements in (expected) performance levels 
as shown in respect of human samples (Madzharov et al., 2018)? Or – in a service 
context – do LLMs discern national associations in music (e.g. Spanish vs. Italian music) 
and mimic the influence of national-specific music on consumer behavior in a restaurant 
setting (e.g. preferences for seafood paella vs. chicken parmesan), as documented in pre
vious research (Zellner et al., 2017)?

In a related context, it would be interesting to explore whether LLM responses to 
sensory information are sensitive to the specific servicescape types that are frequently dis
cussed in the literature (Mari & Poggesi, 2013), such as banks, doctors’ waiting rooms, res
taurants, and sports venues. For example, Kabadayi et al. (2023, p. 516) emphasize the 
significance of sensory and environmental factors in creating brand love in restaurant set
tings, thereby highlighting the particular role of servicescape characteristics such as 
‘attractive wall decorations, pleasing plants/flowers, quality furniture, colors that create 
a warm atmosphere, relaxing and enjoyable music, soothing fragrance, well-adjusted 
room temperature, warm lighting, tasteful and high-quality table setting, spacious 
dining areas, and a sufficient number of well-groomed service staff’. Future research 
could thus address a wide range of questions specific to particular service settings, 
such as whether LLMs would differentiate between service settings in which a calming 
atmosphere would be preferable (e.g. spas or doctors waiting rooms) versus settings in 
which consumers would look for stimulation (e.g. restaurants or sports venues). Other 
research might examine whether LLMs could mirror human responses to specific sen
sations, like thermo-perception, accurately, or whether LLMs could effectively capture 
and represent responses to sensory elements that are particularly meaningful in certain 
servicescapes when provided with pictorial or written information, such as the interior 
design of restaurants. Likewise, future research could prompt GPT with pictures or 
videos of differently crowded service and retail settings to assess their suitability as 
mirrors of human responses to crowding or to other customers as documented in 
previous service research (e.g. Ittamalla & Srinivas Kumar, 2019; Li et al., 2009; Uhrich & 
Benkenstein, 2012). This approach might also facilitate the examination of diverse 
congruence effects between music played in service environments and other services
cape elements such as consumer density or the generic service category (Oakes & 
North, 2008).

5.1.2. How do LLMs represent crossmodal correspondences and multisensory 
congruence?
In light of the robust empirical evidence of crossmodal correspondences and the effects of 
multisensory (in)congruence (Sarstedt, Imschloss, et al., 2024), future research should 
explore LLMs’ capability to adequately represent the human-like connections between 
different sensory modalities.
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First, in the domain of crossmodal correspondences, future research could investigate 
for which sensory modalities LLMs produce human-like correspondences. Color-taste cor
respondences – as is common in restaurant settings – have recently been investigated 
(Motoki et al., 2024), although researchers need to acknowledge that not all crossmodal 
correspondences could be readily examined with LLMs. To illustrate, crossmodal effects 
between auditory stimuli and taste perceptions showing that, for example, bitter, 
sweet, or zingy and refreshing-sounding music modulate taste perceptions (Crisinel 
et al., 2012; North, 2012), can only scantly be verbalized in the text with which the 
model was trained. Cross-modal associations are likely to only occur in LLMs if basic 
knowledge of individual associations was represented in their training data. GPT-explora
tions 2 and 3 specifically show that GPT-4o refers directly to the kiki-bouba-effect as well 
as to the already established calming properties of the lavender scent and the grapefruit 
scent’s arousing properties. GPT might therefore be less capable of mirroring human 
responses to sensory stimuli or to atmospheric compositions less represented in the train
ing data.

To systematically explore LLMs’ ability to mirror crossmodal correspondences, future 
research could draw on Spence’s (2011) categorization of crossmodal correspondences. 
While some crossmodal correspondences might occur due to the correlations of stimulus 
dimensions in the natural environment (e.g. the correlation between object size and res
onance frequency), others might occur due to shared neuro-structural representations in 
the brain (e.g. for magnitude-related dimensions like loudness and size) or due to a 
semantic overlap in stimulus description along different sensory dimensions (e.g. the 
words ‘low’ and ‘high’ can be used to describe visual elevation or auditory pitch) 
(Spence, 2011). It would be interesting for future research to examine whether LLMs 
are particularly effective in mimicking semantically mediated crossmodal correspon
dences due to their grounding in language as opposed to statistical or structural crossmo
dal correspondences.

Second, given the effects of multisensory (in)congruence on consumer decision- 
making (Sarstedt, Imschloss, et al., 2024), it would also be interesting to examine 
whether LLMs identify when and which sensory stimuli are (in)congruent. Specifically, 
are LLMs equally capable of identifying different types of congruence, such as multisen
sory congruence along the arousal, semantic-perceptual, and thematic dimensions? 
Would GPT, for example, be useful to mirror human responses in terms of expected 
food preferences in different food-context combinations (van Bergen et al., 2021), such 
as when GPT is prompted with thematically congruent food-context settings (popsicle 
at the beach, sushi in the sushi restaurant) as opposed to incongruent settings (popsicle 
in the sushi restaurant, sushi at the beach)? It would be plausible to assume that LLMs are 
particularly effective in capturing multisensory (in)congruence for stimuli that (mis)match 
along the semantic-perceptual or thematic dimension. Future research could therefore 
explore whether LLMs are indeed less capable of mimicking multisensory (in)congruency 
effects of stimuli that (mis)match in their psychological or physiological arousal level, as 
these dimensions might be less represented in the underlying text corpus.

5.1.3. How to use LLMs for sensory consumer studies?
Across all domains discussed above, studying the effectiveness of LLMs in mimicking the 
influence of sensory cues on consumer behavior in service contexts, requires an 
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understanding of how they need to be instructed to produce human-like responses – for 
example, in terms of prompting techniques that induce a certain level of the results’ varia
bility. Our findings suggest that the prompting technique (i.e. using comparative rather 
than stand-alone assessments) might help generate accurate sensory descriptions. 
Researchers could therefore systematically examine the implications of testing sensory 
stimuli in isolation versus in comparative settings (e.g. testing the impact of different 
sensory food descriptions in isolation vs. next to each other; Garaus et al., 2023). Also, 
future research should validate prompting techniques that account for previous human 
sensory experiences. To illustrate, a consumer’s previous experience with certain foods 
or beverages in restaurant settings, and in keeping with this consumer’s evaluation of 
food or beverage pairings might depend strongly on sensory familiarity as well as on pre
vious sensory experiences with the combined foods or beverages (Van Bergen et al., 
2022). Future research might also explore how to best infuse LLMs with some types of 
previous human sensory experiences, and examine whether, for example, a food 
pairing of soy sauce and vanilla ice cream is preferred when prompted with a description 
of a consumer who has consumed soy sauce multiple times versus never before. Taking 
this example further: would it be plausible to assume or to test the effects of repeated 
exposure or sensory habituation by prompting LLMs accordingly? In addition, given 
that most sensory experiences can only be examined by using language descriptions of 
sensory impressions, more research is needed on how to best prompt such ‘sensory scen
arios’ of servicescape experiences. For example, future research should assess if LLMs’ 
ability to produce human-like responses to sensory stimuli depends on whether the 
stimuli are operationalized in terms of perceptual effects (e.g. ‘loud music’ or ‘intense 
color’) as opposed to their physical parameters (e.g. ‘80 dB’ or ‘100% saturation’).

In terms of generating human-like output, future research should further examine 
whether LLMs differ in their capability to mimic different sensory effects’ dimensions. 
Since sensory cues could influence consumers’ affective (e.g. mood), physiological (e.g. 
arousal), cognitive (e.g. thoughts), and behavioral (e.g. approach behavior) responses, 
the question arises which of these experiential dimensions are adequately reflected in 
LLM-generated synthetic data. Specifically, researchers could explore which particular 
outcome measures LLMs mimic well. While it might, for instance, be more difficult to 
use LLMs to predict sensory stimuli’s influence on outcomes, such as approach behavior 
and impulse purchases, they might be better equipped to approximate human responses, 
such as satisfaction, willingness-to-pay, and purchase intentions, which are probably 
more present in the underlying text corpus. Finally, using LLMs as a catalyst for extracting 
sensory descriptions and associations from the training data might provide a means to 
generate hypotheses about crossmodal correspondences or congruence effects. Such 
associations could then be tested in subsequent studies with a human validation 
sample (Sarstedt, Adler, et al., 2024).

5.2. Practical implications

Regarding practical implications, our explorations underscore the potential of GPT-4o as 
an initial tool for managers designing the sensory aspects of service environments. For 
instance, GPT-4o captures fundamental effects of sound symbolism (Exploration 2), 
aiding managers in selecting names and shapes (e.g. for furniture) that align with 
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desired sensory impressions. Additionally, our findings demonstrate that GPT-4o is par
ticularly valuable for comparative assessments, such as identifying specific color associ
ations (Exploration 1b) and evaluating the multisensory (in-)congruence of ambient, 
stimuli-like scent and music (Exploration 3).

In other words, GPT-4o could help establish which sensory properties harmonize with 
other stimuli or semantic content when comparing different options. This makes it a 
useful pretesting tool for decisions related to brand positioning, color schemes, and 
the interplay of multiple sensory elements in service environments. By being both fast 
and cost-effective, GTP-4o enables managers to conceptually evaluate and refine 
sensory designs. Since much sensory information is likely embedded in LLMs’ training 
data, GPT-4o could transform this knowledge into actionable text, thereby offering a prac
tical way of initially assessing sensory elements in service contexts.

Overall, our explorations suggest that GPT-4o could act as a versatile tool for managers 
in the service industry, helping them assess the effects of sensory stimuli, and anticipate 
consumer responses to sensory elements or environments in service contexts. LLMs, like 
GPT-4o, enable the fast and cost-effective pretesting of various sensory stimuli, and their 
potential impacts.

However, our findings also indicate that GPT-4o occasionally struggles to accurately 
mimic color associations and assess multisensory congruence when sensory stimuli are 
described individually rather than compared directly (i.e. when GPT-4o is asked to evalu
ate two or more specific sensory descriptions side by side). Managers intending to use 
GPT-4o for pretesting sensory elements in their service environments are therefore 
advised to avoid stand-alone evaluations. Instead, they should create comparative 
descriptions of alternative environments for GPT-4o to analyze and evaluate more 
effectively.

5.3. Limitations

Our manuscript describes three explorations into GPT’s ability to mimic human responses 
to sensory stimuli, serving as a starting point for more systematic assessments of sensory 
silicon sampling. However, our approach comes with several limitations, including a focus 
on a single model (GPT-4o) rather than a comprehensive evaluation of responses from 
multiple available LLMs (e.g. Llama, Claude, Gemini, etc.). Additionally, we did not 
explore variations in model settings, such as temperature, top-k, or top-p.

Although it is multimodal, GPT-4o can only process language and visual stimuli, but 
not olfactory, auditory, gustatory, or haptic stimuli. The inherent boundaries of the inter
face’s perceptual capabilities thus limit LLMs’ ability to assess crossmodal correspon
dences’ and multisensory congruence’s effects – at least for the time being. Modeling 
phenomena of crossmodal correspondences or multisensory congruence thus is currently 
only possible through written descriptions of sensory scenarios or the use of pictorial 
material. While this naturally restricts potential research into the areas of sensory expec
tations and associations, our findings nonetheless offer insights into the extent to which 
LLMs respond to sensory input just like human samples do.

We further decided to examine well-known effects in sensory research as documented 
by previous research based on human participants, thereby dispensing with the need to 
contrast each output with a specific human sample. While the intention was to examine if 
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GPT-4o could mimic basic sensory effects, descriptions of the findings were probably 
included in the training data. This might not harm GPT’s ability to sufficiently reflect 
human assessments of known stimuli, but it might limit its usefulness regarding new 
and complex stimuli.

6. Conclusion

While many existing studies on AI implementation in service contexts have examined its 
ethical and responsible implications for employees and customers (Belanche et al., 2024; 
Tlili et al., 2024; Vatankhah et al., 2024; Weng et al., 2024), this paper contributes to our 
understanding of the opportunities and limitations of AI’s application in market research. 
Specifically, we regard our article as a starting point for future research to systematically 
explore the effectiveness of LLMs regarding mimicking human-like responses to sensory 
stimuli as commonly encountered in service settings. Such exploration should focus on 
examining how LLMs process sensory input and deal with the peculiarities of human 
sensory information processing, such as crossmodal correspondence and multisensory 
(in)congruence. These explorations also require researchers to address the role of prompt
ing strategies in generating and mimicking human-like responses to sensory stimuli.

Note

1. To facilitate reproducibility, we document all prompts in the figures (Deer et al., 2025).
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