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Customize the chatbot before proceeding to the conversation

 I want the personality of the chatbot as a nutrition expert to be:

 I want the chatbot to speak:

 Add additional characteristics you would like to the chatbot to 
be. This can be anything, including:

 Specialized nutrition expertise or training backgroun
 Tones or use of word
 Role play a specific perso
 Cultural background
 ...

It is not necessary to follow the above hints. You are encouraged 
to be creative in terms of an idealized chatbot for your dietary 
recommendation. Please limit your description to 30 words 
(optional)

Reset Next

extroverted introverted

casually formally

I am a fitness and running enthusiast with nutrition expertise.

Hey there! I’m SmartEats, here to give you personalized 
dietary recommendations that fit your needs. I have an 
extroverted personality, which helps me connect with you 
while keeping things clear and straightforward. As a fitness 
and running enthusiast, I love sharing what I know about 
healthy eating.



To begin, I might ask: “What’s your healthy eating goal?” 
This helps me give you the best advice!



If you’re happy with how I’m communicating, just press 
“Next” to continue. If you want to change the settings, click 
“Reset”. Let’s work together on your nutrition journey!

:

Figure 1: The customization interface of SmartEats. Users can select the personality and conversational style of the conversational agent (CA),
as well as enter additional characteristics of the CA. An example greeting message based on the customization will be displayed on the preview
panel, which offers users an option to reset the customization settings or proceed to the conversation for dietary recommendations.

Abstract
In conversational recommender systems (CRS), the communica-
tion characteristics exhibited by the conversational agent (CA) can
greatly shape user experience and their perceptions of the recom-
mendation quality. Yet, prior work often adopts a one-size-fits-all
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approach, leaving the potential benefits of CA customizability—
allowing users to tailor agent traits to their preferences—largely
unexplored. We examine this gap in the context of dietary recom-
mendations by introducing SmartEats, a CRS featuring a CA that
can be customized by users. Through a between-subjects exper-
iment (N = 214), we compared SmartEats to a non-customizable
baseline, and followed up with participants after one week to un-
derstand whether and how the recommendations affect their food
choices. We found that CA customizability directly improved partic-
ipants’ immediate experience and indirectly enhanced their ability
to later recall the recommendations. Reflecting on the findings, we
discuss opportunities for CRS to enhance health and well-being by
leveraging the customizability of emerging AI technologies.
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1 INTRODUCTION
Dietary practice, including what and how we eat, is important in
satisfying our nutritional and various health needs [86]. As shown
in prior research, unhealthy dietary practices, such as insufficient or
imbalanced nutrient intake, are one of the leading causes of chronic
diseases such as diabetes and cardiovascular diseases [5, 85, 91].
While most people recognize the importance of healthy eating, they
struggle to eat healthily in practice. A main challenge is to under-
stand one’s own nutritional needs, which can vary widely by age,
gender, and health conditions [4, 9, 88]. Although the internet pro-
vides extensive nutrition-related information, it can be tedious to
identify appropriate diets by integrating the information from mul-
tiple sources [1]. In addition, dietary practices are deeply embedded
within our social lives and are influenced by one’s work schedules,
budget constraints, and cultural backgrounds, which further com-
plicate people’s food access and eating preferences [8, 54, 57, 84].

To address the abovementioned challenges, researchers have
spent great efforts in developing dietary recommender systems to
help individuals find food items tailored to their needs and prefer-
ences [2, 21, 28, 38, 79, 93]. These systems formulate dietary recom-
mendations primarily by utilizing machine learning techniques to
predict user preferences based on their online activities (e.g., brows-
ing history, clicks of likes or dislikes of certain food) [27, 29, 63]
or previous food consumption records [28, 30]. With the advance-
ment of natural language processing technology, conversational
recommender systems (CRS) have come into play in recent years.
By engaging users in natural language conversations and using
the collected information to make personalized recommendations,
CRS has shown great potential to better understand user needs and
provide tailored recommendations [37, 73]. In the context of dietary
recommendations, researchers found that CRS were well-received,
with the ability to adapt different conversational dynamics and
build social rapport [10, 14, 23, 72].

On the other hand, it has been shown that different designs of
the conversational agent (CA) in CRS, particularly personality and
conversational style, have a great impact on users’ willingness to
disclose their personal information and their perceptions of the
recommendation quality [39, 67, 72, 82]. Designing such a tailored
CA is important for dietary recommendation, where high-quality
recommendation and personalized health support depend on the
richness of the information collected from users (e.g., daily routine
and health status) [8, 15, 41, 54]. However, prior work highlighted

that a one-size-fits-all solution may not exist due to the varying
needs and preferences of individuals, which consistently change as
the recommendation context switches [7, 15, 46, 82]. In response,
researchers have advocated for customizable CA by allowing users
to choose or self-define the CA’s traits, which has been shown to
be effective in enhancing their interaction agency and promoting
trust [50, 89]. Thus, we see customizable CA as a promising ap-
proach to encourage more active information sharing and build
better user experiences in receiving dietary recommendations.

In this work, we designed and developed SmartEats, a CRS (pow-
ered by GPT-4) that delivers personalized dietary recommendations
by gathering user information through natural language conversa-
tions. The recommendations include specific dishes accompanied
by images and text explanations, and dietary suggestions about
nutritional intake, eating habits, and lifestyle advice. To investigate
the effects of CA customizability, we compared two versions of
SmartEats: (1) a customizable version, in which people can choose
the CA’s personality and conversational style, with additional cus-
tomizable characteristics; and (2) a baseline version, which elimi-
nates the customization options and randomly assigns a personality
and conversational style to the CA. To ensure the appropriateness
and practicality of the recommendations, we tested SmartEats in
a pilot study with six participants and gathered feedback from a
nutrition expert.

Upon finalizing the system design, we carried out an online
between-subjects experiment, in which participants were randomly
assigned into two groups: the PC group (n = 112) and the PB group (n
= 102) that interacted with the customizable and baseline versions of
SmartEats, respectively. At the end of the interaction, participants
reported their experiences and perceptions of the recommenda-
tions in a questionnaire. Furthermore, as a health-support tool, we
believe the ultimate goal of dietary recommender systems is to
help individuals make informed, healthy food choices [28]. There-
fore, we conducted a follow-up survey one week later, examining
whether participants could recall or had followed any part of the
recommendations.

We found that while the two groups did not exhibit significant
differences in their recommendation acceptance rate, the PC group
shared richer contexts during the conversation, reported signif-
icantly higher satisfaction with and trust in SmartEats, and per-
ceived higher recommendation quality. In the follow-up survey,
with an over 65% response rate, we found that the two groups did
not differ regarding their recall and adherence to the recommenda-
tions. However, there was a mediation relationship between the CA
customizability, the richness of contexts included in participants’
responses, and their ability to recall the recommended dishes.

Our findings contributed to the CUI community in two folds:
(1) empirical understanding of how the CA customizability in a
dietary CRS affects individuals’ interaction experience, as well as
perceptions of and adherence to the recommendations; (2) key fac-
tors in individuals’ interaction with the CA that are related to their
recommendation recall and adherence. Additionally, our discus-
sion extends beyond this specific study context, offering design
implications for developing effective CRS for personalized health
recommendations.

In what follows, we first review prior research on dietary rec-
ommender systems, CRS for dietary recommendations, and CA
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customization in health-related contexts in the Related Work sec-
tion. Next, we present our research questions in the SmartEats
section, along with the design rationale, key features, and imple-
mentation details of SmartEats; in this section, we also introduce
a pilot test conducted through a focus group and system evalua-
tion with a nutrition expert, highlighting updates made based on
the results. In the Method section, we describe the procedure and
data analysis of a between-subjects study with SmartEats. We then
present our findings in the Results section, from which we later
discuss the lessons learned and implications for designing effective
CRS in the Discussion.

2 RELATEDWORK
2.1 Dietary Recommender Systems
Conventional frameworks of recommender systems typically in-

volve collecting individuals’ preferences through their online ac-
tivities and tailoring recommendations using machine learning
techniques [1, 86]. In providing dietary recommendations, a com-
mon practice is to gather individuals’ preferences for specific food
or recipes (e.g., likes and dislikes) and then offer recommendations
based on these data [27, 29, 63]. With the growing recognition
of the importance of individualized health conditions and other
contextual factors in dietary practice, such as lifestyle and taste
preferences, there has been a shift towards more health-oriented
and context-aware approaches to dietary recommender system
design [2, 21, 28, 38, 79, 93]. For example, Yang et al. designed Yum-
Me to gather users’ nutritional expectations and food preferences
through quiz-based interfaces with food photos and recommend
food from databases [93]. According to their user study, Yum-Me
achieved a satisfactory user acceptance rate exceeding 70% [93].
Elliot et al. developed GlucoGoalie for Type I diabetic patients, of-
fering dietary suggestions based on their tracked meals and blood
sugar levels [28]. Through a field study, researchers found partici-
pants could understand these dietary suggestions and chose meals
aligning with the suggestions over 60% of the time [28].

Despite the promises, researchers have pointed out the limi-
tations of these recommender systems relying on “one-shot” in-
teraction to gather user input and deliver recommendations. This
mechanismmay fall short in adapting to varied situations and evolv-
ing user needs by limiting the flexibility for users to offer relevant
information or to provide feedback on the received recommenda-
tions [37]. Toward a more proactive and adaptive recommendation
mechanism, there has been a growing interest in conversational
recommender systems, as described below.

2.2 Conversational Recommender Systems
(CRS) for Dietary Recommendations

With the advancements in natural language processing, conver-
sational recommender systems (CRS) have become prevalent in
the past years. Through engaging users in a “multi-turn” dialogue,
CRS can elicit user preferences, provide explanations for the recom-
mendations, and adjust recommendations based on user feedback,
which can address the limitations of traditional recommender sys-
tems [37]. There have been several studies exploring the design
of CRS for dietary recommendations [10, 14, 22, 23, 72, 73]. For
instance, Chowdhury et al. developed CHARLIE, which integrates

users’ calendars to recommend timelymeals and fitness plans, along
with nutrition knowledge to assist informed decision-making [14].
Prasetyo et al. introduced Foodbot, which offers personalized rec-
ommendations to help individuals achieve their healthy eating
goals based on their previous food intake record and a knowledge
graph [73].

The recent surge of large language models (LLMs), such as
GPT [32], Gemini [31], and DeepSeek [17], has shown the poten-
tial to power CRS. Specifically, LLM can facilitate a more effective
collection of necessary user information while maintaining the nat-
uralness and coherence of the conversation [49, 92]. For instance,
Wei et al. utilized GPT-3 to collect individuals’ food intake, exercise
routine, and sleep activities through natural language conversations.
They found the mode was highly effective in collecting predefined
information with clearly structured instructions [92]. Moreover,
trained on a vast amount of information and knowledge, LLMs can
also function as an engine to identify and deliver recommenda-
tions, as well as provide reasons behind [20, 94]. Among previous
work, researchers have utilized LLMs for medicine and nutrition
recommendations [20, 94]. For example, Yang et al. built ChatDiet
with GPT-3.5, which delivers personalized nutritional suggestions
to help individuals achieve specific health outcomes (e.g., better
sleep quality) by referring to a “population model” with knowledge
derived from existing nutrition graphs and dietary guidelines [94].
Through a systematic evaluation, the researchers found that 90% of
recommendation information was accurate [94].

On the other hand, researchers have found that designs of the
conversational agent (CA), particularly its personality and conver-
sational styles, play important roles in shaping user perceptions of
the recommendations and CAs [72, 82]. However, it is challenging
to design a one-size-fits-all CA that meets everyone’s preferences,
which vary across contexts [7, 15, 46]. In the following, we describe
prior literature exploring CA customizability and how it can en-
hance individuals’ interaction experience and trust in the system,
and potentially increase their recommendation adherence.

2.3 Customizability of Conversational Agent
(CA) in Health Support

Previous research revealed that the CA’s characteristics, which
mainly focus on its presented personality and conversational styles,
affected users’ perceptions of the CA and recommendation qual-
ity [47, 48, 72, 82]. For instance, Kuhail et al. found that students
demonstrated more trust, perceived authenticity, and usage inten-
tion toward an academic advising CA with a higher extroversion
level [47]. Resendez found that a formal conversational style of the
CA enhanced user perceptions of system usability compared to a
casual, highly colloquial style [77]. These findings underscore the
necessity of designing appropriate CA characteristics to improve
the interaction experience. However, individuals exhibit varied pref-
erences regarding these characteristics of the CAs they interact with
in different situations [15, 16, 18, 82]. For example, in promoting
personal information disclosure—crucial for effective information
collection in CRS—Cox and Ooi discovered that when discussing
sensitive topics such as personal medical history, more people pre-
ferred a formal communication style over a casual one; conversely,
a casual style was deemed more competent and engaging for less
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sensitive topics [15]. While these valuable studies focused on deter-
mining effective CA language and styles for different conversational
contexts, there remains an opportunity to explore how customizable
CA could accommodate diverse individual preferences.

For CA, customizability refers to users’ ability to modify the
agent’s characteristics and behaviors to align with their prefer-
ences and needs. To the best of our knowledge, only a few studies
have explored the customization of CAs in the domain of health and
well-being, notably after the emergence of LLMs [34, 58, 71]. Specif-
ically, Ha et al. built CloChat to examine how individuals tailor
the CA personas in different conversations and found participants
actively customized the personas across dimensions, ranging from
demographic and domain knowledge to verbal and visual cues [34].
Relatedly, Ma et al. studied user engagement with Replika, an LLM-
powered virtual agent, for mental health support [58]. Although
this work did not focus on agent customization, its findings showed
that users could customize Replika through various details, such
as avatar and social skills, which greatly promoted their trust in
the agent for intimate support [58]. These initial findings under-
score how customization can enhance user trust and engagement
with CAs in health contexts. Furthermore, the capabilities of LLMs
further expand these possibilities by enabling dynamic adaptation
to user preferences, though the full impact of such customization
remains to be explored.

Additionally, in the context of dietary recommendations, the
ultimate is more than obtaining the “acceptance intention” from
users [47, 67, 72]—it involves considering whether and how people
make use of the recommendations into daily practices [28]. To date,
only a few research studies on dietary recommendations examined
users’ dietary choices in real-life scenarios, such as in Elliot et al.’s
work, where a four-week-long study was conducted to understand
user experience with a nutrition recommender system and how they
make food choices accordingly [28]. Nevertheless, a deeper under-
standing of how users’ interactions with these systems affect their
willingness to retain and implementthe recommendations, remains
a crucial area for investigation. Taken together, we see customiz-
able CA as a promising feature for a dietary CRS to promote user
engagement and sustain their memory of the recommendations,
which can further inform them of healthy food choices.

3 SMARTEATS
In this work, we aim to advance conversational recommender sys-
tems (CRS) for dietary guidance by asking two research questions:

• RQ1. Whether and how does the customizability of the con-
versational agent (CA) affect individuals’ conversation expe-
rience and their perception of the recommendations?

• RQ2. How do individuals’ interactions with the CRS influ-
ence their recall of and adherence to the recommendations,
and whether these influences are related to the customizabil-
ity of the CA?

To answer these questions, we designed and developed SmartEats,
a research prototype that situates people to engage with a CA and
receive dietary recommendations. In the following, we describe
our design rationales for SmartEats and provide details on the
implementation, preliminary evaluation, and design updates made
before the formal study.

3.1 Design Considerations
3.1.1 DC1. Providing Representative Customization Options with
Flexibility. The emergence of LLMs has unlocked the possibility to
customize a CA across dimensions such as personal traits to conver-
sational style and domain knowledge [34]. Nevertheless, specifying
every CA attribute is not only impractical for individual users but
also difficult for researchers to evaluate the customization effects.
To effectively answer the RQs, we need to identify representative
customizable attributes that are subject to user preferences and
exhibit distinct interaction patterns, so that users can recognize the
effects of customization. Based on prior literature, CAs’ personality
and conversational style are two commonly studied attributes that
interplay with individual user preferences to affect their satisfac-
tion, trust, and enjoyment during the interactions [15, 44, 80, 82].
To accommodate diverse user preferences, we should also provide
flexibility for them to add additional characteristics of the CA, as a
way to complement the structured choices of representative cus-
tomization options.

Besides, when people customize the CA, they should be able to
understand how their customization affects the CA’s responses to
settle with the most ideal settings [34, 52]. This can be achieved by
allowing users to preview and adjust their customization based on
the previewed responses.

3.1.2 DC2. Promoting Recommendation Richness. While recom-
mending food that people are familiar with is more likely to be
accepted, it is important to consider food variety in dietary recom-
mendations [33, 57]. A balanced diet requires complementary nutri-
ents that a single food alone cannot provide [33, 57], which is often
overlooked in familiarity-driven recommender systems [26, 30].
Additionally, previous work also highlighted that exploring new
and exotic foods can bring surprises and joy to one’s life experi-
ence [33]. To reconcile these requirements, SmartEats strategically
balances novelty and familiarity while enriching recommendations
with dish images, leveraging visual cues to boost memorability and
user satisfaction [1, 21]. To complement the dish recommendations,
SmartEats also incorporates dietary suggestions and feedback tai-
lored to individuals’ lifestyles and cultural contexts, ensuring they
benefit from the conversations beyond the specific dishes.

3.1.3 DC3. Enhancing Recommendation Transparency and Safety.
Transparency—the system’s capacity to clarify the rationale behind
recommendations—can foster user awareness and trust [83]. This is
particularly critical when using LLMs as a recommendation engine,
where the risk of generating hallucinations (factually incoherent
outputs) can erode trust and produce harm [11, 36]. To mitigate the
risk, we adopted a commonly applied strategy: instructing the mod-
els to provide explanations about recommendations (e.g., linking
foods to user goals, dietary constraints, or nutritional priorities),
which has been shown effective in improving the accuracy of model
responses and increase the perceived usefulness and trustworthi-
ness of the users’ end [42]. Additionally, we invited a nutrition
expert to systematically assess the recommendations generated by
SmartEats, the process of which is described below in 3.4.2.

3.1.4 DC4. Reduce Interaction Burden for Streamlined Study Opera-
tion. To effectively answer our RQs, we aim for a large sample size
to obtain statistically valid results. For practical considerations, we
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plan an online survey study allowing us to collect data from a broad
and diverse participant pool [45]. In this regard, the interaction
with the system should be lightweight and straightforward. Specif-
ically, we aim to make the customization of CA self-explanatory,
allowing participants to complete it without assistance. Since our
ultimate goal is to provide dietary recommendations, where the CA
is designed to solicit individuals’ dietary practices and preferences,
interactions with the CA should not be overly lengthy.

3.2 SmartEats Design
Here, we outline our design of the customization interface and the
recommendation generation process, highlighting how this design
aligns with the above rationales. An example of interaction flow
with SmartEats is illustrated in Figure 2.

3.2.1 Customization Interface. At the beginning of the conversa-
tion, participants were asked to customize the CA by selecting a per-
sonality (i.e., ‘extroverted’ or ‘introverted’) and a conversational style
(i.e., ‘formal’ or ‘casual’), which are two representative attributes of
CAs that highly relevant to individuals preferences [15, 44, 80, 82],
as mentioned above. We limited the options for personality types to
‘extroverted’ and ‘introverted,’ because they are the most commonly
recognized personalities and are distinctive enough for people to
recognize their differences [82] (DC1). For the same reason, we
limited the options for conversational style to ‘formal’ and ‘casual.’
Additionally, the choice of these two dimensions did not overlap (an
extroverted CA could speak formally or casually), allowing us to
systematically examine the user experience across the four possible
combinations (DC4).

We also incorporated an open-ended textbox for people to add
any additional characteristics they would like to see from the CA
(DC1). To encourage diverse and thoughtful responses, we noted
that this textbox could encompass a wide range of attributes and
listed a few hints, as shown in Figure 1 to help people understand
the possibilities (DC1). Note that we did not intend for participants
to enter sophisticated descriptions, as our goal was simply to offer
a free-form option for CA customization. Given prior work found
that LLMs often struggle to handle lengthy prompts [49, 92], we
made this textbox optional and limited the total number to 30 words
to maintain simplicity (DC4).

To help people understand how their customization settings af-
fect the CA’s responses and make adjustments accordingly (DC1),
we designed a preview panel next to the customization settings, as
shown in Figure 1. The panel allows people to preview a greeting
message from the CA with the current customization settings and
make modifications as needed. On the backend, users’ customiza-
tion settings will be incorporated as part of the prompt to instruct
GPT-4’s responses. To ensure that the CA exhibits the personality
and conversational style chosen by users, we have tested the re-
sponses to refine the prompts iteratively. Details can be found in
supplementary materials.
3.2.2 Recommendation Generation. Based on previous works that
studied the key factors of people’s dietary practice [8, 54, 57, 59],
we pre-defined seven pieces of key information to be collected from
participants during a conversation: (1) health-related goals they
hope to achieve by improving their dietary practice; (2) usual time
spent on meals; (3) eating habits regarding whether they tend to

eat when they feel hungry or at regular times; (4) recent emotional
status; (5) preference for dining out or preparing meals at home;
(6) commonly consumed food; and (7) taste or cuisine preferences.
SmartEats gathers key information by engaging users in a natural
language conversation. To maintain a coherent conversation flow,
SmartEats also responds to users’ messages by acknowledging their
current practices or offering nutrition-related feedback tailored to
their concerns (DC2).

In addition to the seven pieces of information mentioned above,
we collected other basic information about individuals at the be-
ginning of the study (before CA customization), including their
biological sex, age, geographic location, special health concerns,
and dietary restrictions, if applicable. These data are collected in a
text-filling form instead of during the conversation because they
are straightforward to capture without detailed elaboration. This
approach helps keep the conversation concise and focused without
imposing burdens on participants (DC4).

Upon gathering the pre-defined information, SmartEats proceeds
to generate dish-specific recommendations for up to two rounds:
if people are unsatisfied with the recommendations in the first
round, they can provide feedback to be incorporated for refining
the second-round recommendations; if they are satisfied, the recom-
mendation will conclude with dietary suggestions. In each recom-
mendation round, SmartEats offers two dishes: one that is similar to
the person’s regular diet and another that is more novel and distinc-
tive (DC2). Along with the dish recommendations, SmartEats also
generates images of the dishes with explanations of the reasons for
the recommendation (DC2, DC3).

In the end, SmartEats wraps up the conversation with dietary
suggestions beyond specific dishes, such as guidance on nutritional
intake, eating habits, or other lifestyle advice to help individuals
achieve their health goals. Additionally, two to three keywords
are appended to summarize key points of the suggestions, which
reinforce the suggestion and ensure clear takeaways for users (DC2).

3.3 Implementation
We developed SmartEats using Python and GPT-4 ChatCompletion
API [69] to power all language generation parts. We chose the gpt-
4-1106-preview model to balance the content generation quality
and time cost. In addition, we utilized OpenAI DALL·E-3 API [70]
for image generation. We utilized the Flask framework [25] to
construct the back-end of SmartEats. Personal profiles, interaction
logs, and feedback data are stored in Firebase with role-based access
control (RBAC) [24]. The front-end of SmartEats was developed by
React Native [75] and hosted by Github Page. For the conversational
interface, we employed the react-native-gifted-chat framework [76].

3.4 Preliminary Evaluation and Design Updates
To ensure system usability and appropriateness of the dietary rec-
ommendations, we conducted a pilot test with six participants and
invited a nutrition expert to assess the generated recommendations
before deploying SmartEats for the experiment.
3.4.1 Pilot Test. Six students (three undergraduate and three
graduate, including four females and twomales, with an average age
of 21.67) interested in improving their dietary practice participated
in a pilot test of SmartEats. They first individually interacted with
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Figure 2: An example of interaction flow with SmartEats, starting from customizing the CA, providing diet-related information and receiving
recommendations in a conversation.

SmartEat to receive personalized dietary recommendations. Next,
they joined a two-hour focus group to share their thoughts and
experiences with the system (see Figure 3). Their participation was
voluntary without compensation.
3.4.2 Expert Interview. We also interviewed a nutrition expert
specializing in weight and chronic disease management (female,
with seven years of practicing experience). The nutrition expert was
recruited from the Nutrition Research Network at eatright.org 1.
Before the interview, the expert participant was asked to interact
with SmartEats as a person looking for dietary recommendations.
During the interview, we first asked the participant about their
interaction experience with SmartEats and considerations in de-
signing a conversational dietary recommender system. Next, as

1https://www.eatrightpro.org/

shown in Figure 3, we presented six conversation samples, each
representing a user persona with unique demographic backgrounds,
health conditions, and dietary goals (e.g., losing weight, improving
sleep quality, gaining energy), and sought the participant’s feedback
on whether the generated recommendations (i.e., dish components,
images, recommendation explanations, and dietary suggestions)
were relevant and appropriate. The interview lasted 45 minutes,
and the expert received 40 USD as an Amazon gift card.
3.4.3 Feedback and Design Updates. Overall, both the pilot par-
ticipants and the nutrition scientist found SmartEats was easy to
interact with, the conversations were engaging, and the recommen-
dations were relevant and helpful. However, they also pointed out
several aspects that can be further improved. In the focus group,
participants noted that at the beginning of the conversation, the

https://www.eatrightpro.org/
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Figure 3: Samples of participants’ feedback collected in the focus group, with their interaction screenshots and comments noted on a shared
slide (left); the research team met the nutritional scientist on Zoom to evaluate the design and recommendations of SmartEats (right).

expectations set by the recommendations were unclear; the lan-
guage used by the CA sometimes appeared unnatural or awkward;
the image style seemed artificial in some cases; and the dish recom-
mendation occasionally failed to consider their taste preferences.

During the expert interview, the nutrition scientist observed
that the nutritional feedback provided by the CA on individuals’
lifestyles and dietary practices was sometimes overly general and
lacked specificity. They also highlighted that SmartEats often over-
looked carbohydrate intake when recommending dishes for people
with weight concerns, which could potentially be problematic. In
addition, they noted that adhering to the exact dish recommenda-
tions in real life can be challenging and suggested incorporating
more flexible dietary tips.

Combining the feedback from both the focus group and the
expert interview, we made the following updates on SmartEats
to improve the conversation flow and the recommendation logis-
tics: (1) clarifying the recommendation procedure in the first greet-
ing message sent by the CA; (2) prompting the CA to use plain
and concise language; (3) prioritizing individuals’ health concerns
and taste preferences; (4) providing alternative meal options and
other lifestyle advice; and (5) incorporating specific information
and explain reasons in the generated nutritional feedback regard-
ing individuals’ lifestyle and dietary practice (e.g., if the individual
expresses a desire to lose weight, SmartEats explains the role of
exercise in creating a caloric deficit and suggests possible activities
to aid in fat reduction).

4 METHOD
Our study was conducted online and consisted of two stages on
Prolific 2. First, participants interactedwith SmartEats to receive rec-
ommendations and reported their user experience. One week (seven
days) later, we sent the participants a follow-up questionnaire, ask-
ing them to recall the recommendations and report whether they

2https://www.prolific.com/

had adhered to these recommendations over the past week. Upon
completing each stage, each participant was compensated with
£2.25 and £0.6, respectively. The study was approved by the univer-
sity’s Ethics Review Committee.

4.1 Participants
We recruited individuals who (1) are over 18 years old; (2) are

fluent in English reading and writing; (3) are interested in using
an AI for dietary recommendations; (4) are not currently dealing
with severe health conditions that require them to be extremely
cautious about diets. Initially, 230 participants who met the criteria
were randomly assigned to one of the two groups: the baseline
group (PB) and the customization group (PC). The only difference
between the two groups was that the PB group interacted with a
version of SmartEats without CA customization (i.e., no customiza-
tion interface). Within the PC group, participants could choose the
CA’s personality type, conversational style, and specify additional
characteristics; within the PB group, the CA’s personality type and
conversational style were randomly assigned to participants with
even distributions. Such an assignment is meant to eliminate po-
tential confounding factors (e.g., CA’s personality type) that may
interact with the main effect—customization–in this study. In this
stage, we excluded data from 16 participants due to incomplete
data caused by technical issues (1); lack of engagement (i.e., inter-
acting with the CA only with punctuation or average length of
responses less than two words) (4); failure to pass the attention
check questions (i.e., two items that ask the same concept with
opposite framings: “I understand why the foods were recommended
to me.” and “I do not understand why the foods were recommended
to me.”, from which we excluded the participants who rated both
statements within the ‘agree’ or ‘disagree’ range). (11).

As a result, 214 participants remained in our study: 102 in the PB
group and 112 in the PC group. Demographic information of these
participants, including age, gender, education level, geographic lo-
cation, and personality, was collected through the screening and

https://www.prolific.com/
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Table 1: The four aspects of response richness derived from our analysis of the conversation logs. Note that multiple features
can appear in a single response. As a comparison to the example responses below, a response lacking richness is “set times, but
these can vary” to the question “Do you usually eat at set times or when you are hungry?”

Response
richness

Specifics Additional contexts Self reflection Sensitive disclosure

Definition
Details to elaborate on
the response.

Contexts that are not necessarily
asked in the question.

Reflective thoughts involving
evaluating or learning from
one’s eating habits or lifestyles.

Sensitive personal information, such as
budget constraints, religious beliefs, and
special physical or mental health conditions.

Example

“I just eat whenever I am
hungry but usually only
eat one meal a day with
some snacks in between.”

“I usually eat when I am hungry, and it
also depends on my family members
and their schedules. Sometimes I am
hungry but can’t eat and I can’t always
choose what I want.”

“I tend to eat when I’m stressed
or bored. It’s a bad habit that I’d
like to break.”

“Not so good. I realized I was having some
premature ejaculation during sexual
intercourse. Could that be related to my diet?”

post-interaction questionnaire described in section 4.2. Their ages
ranged from 18 to 66 (M = 34.25, SD = 10.60), including 129 females,
84 males, and one non-binary. Over 87% of the participants were
from the US (57) and the UK (131), and the remaining were from
China, Japan, and South Korea. Participants’ education level in-
cluded high school (31), bachelor’s degree (121), to master’s degree
or higher (62). The two groups were balanced regarding age, gender,
education level, geographic location, and personality. We collected
participants’ personalities (i.e., extroverted or introverted) since 1)
these traits are shown relevant to users’ perception of recommen-
dations provided by CRS [39, 67, 82]; and 2) we were interested
in examining how participants’ personality interplays with CA’s
personality to affect their experience. In the second stage, 140 out
of 214 participants completed the follow-up survey.

4.2 Interaction with SmartEats
We integrated SmartEats into a structured survey, in which partici-
pants were first provided with the study overview and consented to
participate. Next, they filled in a form with their basic information,
including biological sex, age, gender, geographic location, health as-
pects they hope to improve, and any dietary restrictions. Afterward,
participants were directed to the customization interface, where
they were prompted to choose the personality and conversational
style of the CA, with an option to specify any additional charac-
teristics. Following this, the conversation with SmartEats began
with a greeting message and the CA asking for questions related
to their dietary practices. After 7–10 rounds of conversations, the
CA would generate dish recommendations based on the gathered
information, ask participants whether they would like to try any
of the recommended dishes, and then end the conversation with
dietary suggestions tailored to each participant.

Uponwrapping up the conversation, participants then proceeded
to complete a questionnaire regarding their perceptions of the rec-
ommendations, including their perceived recommendation accu-
racy, explanation quality, dietary suggestion quality, trust in the
CA, conversation enjoyment, satisfaction with the CA’s interaction
style, interaction adequacy (i.e., ability to elicit user preference and
allow for user feedback), and intention to use the system in the
future (the detailed questionnaire is provided in the supplemen-
tary materials). These questions were adapted from prior literature
on recommender systems [72, 74], designed in the form of Likert
scales ranging from 0 (strongly disagree) to 6 (strongly agree) about

several statements (e.g., “I understood why the foods were recom-
mended to me”). We also collected participants’ personality (i.e., by
letting them choose whether their personality was close to extro-
verted or introverted) in the questionnaire. Participants also had a
chance to provide open-ended feedback about their experience in
the end (i.e., “Do you have any additional thoughts and feedback on
SmartEats?”). On average, PB and PC participants spent 17 and 19
minutes completing the entire process, respectively.

4.3 Follow-up Questionnaire
One week after participants interacted with SmartEats, we invited
them to fill in a short follow-up questionnaire, which took about
five minutes to complete. The questionnaire asked participants to
recall the recommended dishes and dietary suggestions they had
received and whether they had followed these recommendations
in the past week. Given the complexity of the recommendations,
which typically contain multiple food items and lifestyle advice,
it can be difficult for participants to adhere to the same recom-
mendations. To capture varying degrees of adherence, we provided
participants with four response options: “I tried the exact food items
it recommends,” “I tried some foods similar to the recommendations,”
“I did not try the recommended food,” and “Not applicable, because I
don’t remember the recommendations.” The setting was the same
for the question asking for adherence to the dietary suggestions.
Besides, we asked participants whether they were willing to follow
the recommendations in the future and if they encountered any
challenges in following the recommendations in daily life. The re-
sponse rate of the follow-up survey is 65.4%, including 65 (63.7%)
from the PB group and 75 (68.2%) from the PC group.

4.4 Data Analysis
4.4.1 SmartEats Interaction Data. To understand how participants
customized CA for dietary recommendations, we first examined
the associations between their personal traits (e.g., personality) and
their customization choices of the CA’s personality and conver-
sational style, using Fisher’s exact test [87]. We also qualitatively
analyzed the additional characteristics that participants added to
describe the CA.

To understand how participants engaged in the conversation
with SmartEats, we aim to derive the richness of their responses
to the CA’s questions. Two researchers first independently ana-
lyzed conversation logs from a sample of 40 participants (18.7%
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Table 2: The primary aspects of ‘additional characteristics’ entered by participants with examples. Note that multiple aspects
can appear in a one participant’s input.

Customization Description Example

Specialized
expertise (n = 36)

Assigning the CA to be a professional specialized in nutrition
science, fitness, sports, etc.

“I am a nutrition and personal fitness expert. I have specialty expertise
around improving flexibility and balance as well as strength and
conditioning.” (PC-18)

Persona traits
(n = 19)

Specifying the CA’s demographic details (e.g., gender, race,
culture, and location), which might be related to the
participants’ own backgrounds.

“I am (a) female. I am (a) South East Asian. I am kind and encouraging. I
am a good motivator.” (PC-85)

Information
delivery (n = 16)

Instructing the CA to deliver information based on
evidence-based communication and use plain language.

“I am knowledgeable. I will back up recommendations with sources.”
(PC-83); “I will use simple language for explaining nutrition.” (PC-32)

of the total), evenly distributed between the PB and PC groups.
We qualitatively coded response excerpts that were deemed to be
important for personalized dietary recommendations. Following
prior literature on analyzing the data richness of open-ended re-
sponses [15, 54, 56], we refined the coding scheme through rounds
of discussions, and agreed to characterize the responses in four
aspects: specifics, additional contexts, self-reflection, and sensitive
disclosure (See Table 1 for their definitions with examples). Next, the
first author coded the rest of the data and summed up the number
of responses for each participant that touched on the above aspects.

To examine whether the customizability of the CA affected the
ways that participants engaged in the conversations, we compared
the conversation logs of PB and PC groups regarding the number of
responses exhibiting the above four features usingMann-Whitney U
test. Within the PC group, we also compared those who customized
the additional characteristics and those who did not.

4.4.2 Questionnaire Data. To examine the customizability of the
CA on participants’ conversation experience and recommendation
perception, we compared PB and PC regarding the questionnaire
responses mentioned in 4.2. We adopted the Mann-Whitney U test
because the data are not normally distributed [61]. For participants’
open-ended feedback on SmartEats, two researchers conducted
a content analysis following the practice outlined in Neuendorf’s
handbook [68], collaboratively analyzing and grouping the feedback
based on the sentiment of their experience (positive or negative),
comments on CA customization, and desired features. Because
participants’ responses were relatively short and mainly used to
complement our quantitative results, we did not calculate the inter-
reliability or apply a thematic analysis approach.

For the follow-up questionnaire data, we first assessed partic-
ipants’ responses to recalling the recommended dishes based on
the degree of recalling accuracy. Referring to each participant’s
conversation logs, two researchers went through several rounds
of iterative analysis to distinct the extent of recall and eventually
categorized these responses into three levels: (1) no or incorrect re-
call, (2) partial recall, and (3) detailed recall. The assessment of their
responses to recalling the dietary suggestions followed the same
categorization. We then used ordinal logistic regression to examine
which aspects of the interaction with SmartEats (e.g., interaction
style satisfaction, trust, conversation engagement) contributed to
participants’ recall of the recommendations. Besides examining
whether the two groups differ regarding their ability to recall the
recommendations, we also conducted a mediation analysis [60] to

examine whether a mediation relationship existed between the CA’s
customizability (group assignment), participants’ conversation ex-
perience with SmartEats, and their recall of the recommendations.
For participants who could partially or completely recall the dish
recommendations or dietary suggestions, we further assessed their
self-report adherence to the recommendations and conducted the
abovementioned analysis. Lastly, we followed a similar approach in
analyzing their open-ended feedback to categorize the challenges
that participants reported encountering in adhering to the recom-
mendations in real-life situations.

5 RESULTS
Here, we present our findings according to the two research ques-
tions presented earlier. We use PB-# and PC-# to denote the partici-
pants in the baseline and customizable groups, respectively.

5.1 RQ1: Effects of Customizability on
Conversation Experience and
Recommendation Perception

In general, the two groups of participants received a similar set
of questions from the CA. On average, each conversation lasted
9.29 rounds (PC: 9.31, PB: 9.26). Below, we first describe how the
PC group customized the CA, and then present findings regarding
their conversation experience and recommendation perception.
5.1.1 Customization Settings. In the PC group, more than 60%
participants preferred an ‘extroverted’ personality and a ‘casual’
style. Particularly, we found a correlation between participants’
own personalities and the CA’s personality they chose: 32 out of 36
extroverted participants (88.9%) chose the CA to be ‘extroverted,’
while 40 out of 76 introverted participants (52.6%) chose the CA to be
‘introverted.’ This finding indicated that compared with introverted
participants, extroverted participants are more likely to prefer a CA
with the same personality as themselves (odds_ratio = 0.112, p <
.001). Meanwhile, 91 (81.3%) of the participants chose ‘casual’ as the
CA’s conversational style, and their personalities did not appear to
affect their choices.

Beyond customizing the CA’s personality and conversational
styles, 62 (55.4%) of participants specified its additional characteris-
tics, as shown in Table 2.

5.1.2 Conversation Experience. As shown in Table 3, compared
to the PB group, the PC group included more contexts in their
responses with significance(z = 2.660, p = .002). The PC group also
shared more specifics, self-reflection, and sensitive information,
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Table 3: Participants’ conversation engagement assessed based on their conversations with the CA. The statistically significant
difference between the two groups is marked with ** (p < .01).

Group Specifics Additional contexts** Self-reflection Sensitive disclosure

PC (n = 112) M = 2.05, SD = 1.74 M = 0.92, SD = 1.26 M = 0.39, SD = 0.82 M = 0.38, SD = 0.72

PB (n = 102) M = 1.91, SD = 1.69 M = 0.43, SD = 0.76 M = 0.22, SD = 0.54 M = 0.26, SD = 0.63

Table 4: Participants’ interaction experience with the CA. The statistically significant difference between the two groups is
marked with * (p < .05), or ** (p < .01)

.

Group Conversation enjoyment Interaction style satisfaction** Trust in the CA* Use intention

PC (n = 112) M = 4.45, SD = 1.37 M = 4.67, SD = 1.30 M = 4.50, SD = 1.20 M = 3.90, SD = 1.40

PB (n = 102) M = 4.16, SD = 1.51 M = 4.22, SD = 1.40 M = 4.19, SD = 1.36 M = 3.75, SD = 1.61

although no statistical significance was observed. Within the PC
group, participants who customized the additional characteristics
of the CA included more contexts (M = 1.13) than those who did
not (M = 0.66), z = 2.051, p = .026.

As for participants’ overall conversation experience (see Table 4),
the PC group reported higher satisfaction with the CA’s interaction
style (z = 2.723, p = .004) than the PB group. Relatedly, the PC
group mentioned that their customized settings were well reflected
during the conversation: “(The CA is) really great at molding around
personality types” (PC-47), while some participants in the PB group
felt not satisfied with the random-assigned ‘casual’ conversational
style: “Maybe too much use of emojis.” (PC-87).

The PC group also reported significantly higher trust in the
CA (z = 2.221, p = .025) than the PB group. For their intention
to use SmartEats in the future, while the results did not differ
significantly, we found participants in the PC group expressed such
intention more frequently in their open-ended feedback: “I enjoyed
this experience and looked forward to using this service again in the
future.” (PC-76). Relatedly, participants in the PC group sensed a
high degree of anthropomorphism in the CA. For instance, PC-102
felt the CA was “pretty humane,” and PC-110 mentioned “After a
while, I forgot it was a bot,” which was not observed in the PB group.
5.1.3 Recommendation Perception. Both groups achieved an ac-
ceptance rate of over 97% (PC: 98.00%, PB: 97.06%), and over 88%
of them directly accepted the first round recommendations (PC:
88.19%, PB: 89.90%). As shown in Table 5, participants’ ratings re-
garding the recommended dishes were all above 4 (out of 6). This
indicated that overall, participants in both groups perceived the
recommendations as high quality.

Among the assessments, the PC group perceived a significantly
higher dietary suggestion quality than the PB group (z = 1.974, p =
.044). In addition, the PC group perceived higher interaction ade-
quacy than the PB group, with a marginally significant difference
(z = 1.717, p = .065), indicating it was easier to inform the system of
participants’ requirements among the PC group. Consistent with
the ratings, participants in the PC group also stated that the CA
was considerate and understood their needs throughout the conver-
sation: “I like how it would consider my messages from throughout
the chat, and my location, in providing me with a recommendation.”
(PC-105), “(The CA) was clear and really understand my lifestyle
choices.” (PC-94).

On the other hand, participants noted other aspects they hoped
the recommendations to incorporate: (1) more details in the rec-
ommendations, such as meal plans, recipes, and macronutrient
information (e.g., “The chatbot could create a menu for the days of
the week” (PB-84), “Being able to count and be familiar with food
macros is a great plus” (PC-34)); and (2) emotional support during
the conversation, for example, PC-42 shared their struggles with
losing weight while juggling work and raising children as a single
father: “I think it would be better if it acknowledged the hardships I
talked about in my life a bit more.” In rare cases (3 out of 214), the
generated recommendations failed to adequately consider the infor-
mation provided by participants, which can be critical when it came
to their food restrictions (e.g., “I explicitly stated I was vegetarian,
and it recommended me turkey!” (PC-16)) and specific requirements
were missed (e.g., “I was asking for breakfast recommendations and
it kept recommending me lunch and dinner ideas” (PB-27)). In 11
instances, the generated food image appeared to be “too artificial”
or with “low quality”.

5.2 RQ2: Factors Affecting Recommendation
Recall and Adherence

Among the 140 participants who completed the follow-up survey
one week after receiving the recommendations, only nine (6.43%)
were able to recall the recommended dishes in detail, and none
of them could fully recall the dietary suggestions. This could be
due to the complexity of some nutritional terminologies presented
in the recommendations; additionally, the CA delivered multiple
tailored feedback related to health and nutrition across the conver-
sations, which can be difficult to fully cover. We considered all the
health and nutrition feedback given by CA in the conversations
as valid ‘dietary suggestions’ rather than focusing only on the last
concluding message. As our analysis showed, while some partici-
pants could not recall the suggestion in last concluding message,
they still remembered many other suggestions brought up during
the conversation. The two groups’ recall and adherence data are
listed in Table 6.

5.2.1 Recommendation Recall. Among the factors captured during
participants’ prior interaction with SmartEats, we discovered that
their conversation engagement—specifically additional contexts
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Table 5: Participants’ perceptions of the recommendations. Statistical significance and marginal significance are marked with *
(p < .05) and . (p < .1), respectively.

Group
Recommendation
accuracy

Explanation
quality

Generated image
quality

Dietary suggestion
quality*

Interaction
adequacy .

Eating intention

PC (n = 112)
M = 4.96,
SD = 1.08

M = 5.06,
SD = 0.89

M = 4.40,
SD = 1.65

M = 4.94,
SD = 0.98

M = 5.23,
SD = 1.02

M = 4.54,
SD = 1.29

PB (n = 102)
M = 4.79,
SD = 1.28

M = 4.93,
SD = 1.11

M = 4.21,
SD = 1.62

M = 4.64,
SD = 1.19

M = 4.91,
SD = 1.31

M = 4.40,
SD = 1.31

Table 6: Participants’ recall and adherence to the recommended dishes and dietary suggestions one week after the study. The
statistics of adherence were listed for only those who could at least partially recall the recommended dishes or suggestions.
The PC and PB groups did not significantly differ regarding recommendation recall and adherence.

Group Recall (dishes) Recall (dietary suggestions) Group Adherence (dishes) Group Adherence (dietary suggestions)

PC
(n = 75)

• Detailed : 6 (8.0%)
• Partial: 35 (46.7%)
• None: 34 (45.3%)

• Detailed : 0 (0.0%)
• Partial: 33 (44.0%)
• None: 42 (56.0%)

PC
(n = 41)

• Partial/Full: 23 (56.1%)
• None: 18 (43.9%)

PC
(n = 33)

• Partial/Full: 26 (78.8%)
• None: 7 (21.2%)

PB
(n = 65)

• Detailed : 3 (4.6%)
• Partial: 28 (43.1%)
• None: 34 (52.3%)

• Detailed : 0 (0.0%)
• Partial: 29 (44.6%)
• None: 36 (55.4%)

PB
(n = 31)

• Partial/Full: 17 (54.8%)
• None = 14 (45.2%)

PB
(n = 29)

• Partial/Full: 23 (79.3%)
• None = 6 (20.7%)

(coef = 0.64, SE = 0.20, z = 3.239, p = .001) in their responses—
significantly correlated with their ability to recall the recommended
dishes. However, no significant correlationwas found between prior
interaction and recall of the recommended dietary suggestions.

Based on the correlation results, we conducted mediation analy-
ses by treating the CA customizability (group assignment) as the
independent variable, participants’ conversation engagement as
mediators, and their recall of the recommendations as a dependent
variable. The analysis revealed an indirect positive relationship
between the CA customizability and participants’ ability to recall
the recommended dishes through providing additional contexts
during the conversations, ab = .11, SE = .05, CI = .022 to .229. This
finding indicated that compared with the PB group, participants
in the PC group who included more additional contexts in their
responses were more likely to recall the recommended dishes.
5.2.2 Recommendation Adherence. To assess the recommenda-
tion adherence of the participants who completed the follow-up
survey, we included only those who could at least partially recall
the recommended dishes or dietary suggestions. We categorized
these participants into three groups according to their self-report
results described in 4.3: those who (1) partially or fully adhered to
both the recommended dishes and suggestions (n = 21), (2) partially
or fully adhered to either the recommended dishes or suggestions
(n = 47), and (3) did not adhere to any recommendations (n = 25).
Unlike the analysis used in Table 6, which counted the number
of participants in the PC and PB groups adhering to dishes and
dietary suggestions separately, we combined the recommended
dishes and suggestions as the overall recommendation adherence
because our goal was to understand how much participants were
willing to follow the recommendations regardless of specific dishes
or suggestions, which were subject to their life constraints. Also,
as shown in Table 6, the sample size of suggestion adherence was
relatively small, and the distribution was unbalanced. To increase

the statistical power, we did not distinguish dish and suggestion
adherence.

Although providing additional contexts in their responses was
highly correlated with participants’ ability to recall the recom-
mended dishes, this variable was not related to their adherence
to the recommendations, nor was the customizability of the CA.
However, we found other factors from participants’ prior interac-
tions positively correlated with their adherence, including their
self-reported intention to follow the recommendations (coef = 0.66,
SE = 0.22, z = 2.999, p = .003) and their sensitive disclosure in the
responses to the CA (coef = 0.79, SE = 0.35, z = 2.265, p = .024). Since
over 90% of the participants in both groups stated a willingness to
follow some parts of the recommendations in the future, we did
not run statistical analyses on this measure.
5.2.3 Realistic Challenges. As the above results showed, adhering
to the recommendations in practice was challenging, despite the
recognition of the recommendation’s relevance. Participants ex-
plained the challenges mainly came from the resource constraints
(n = 24), including food access barriers, such as budget and food
availability, and lacking storage and cooking facilities (e.g., “I don’t
have an oven” (PB-14)). Some brought up situational constraints
(n = 11), such as time and location restrictions. They also faced
social constraints (n = 8), such as family responsibility and a lack
of agency to decide meals. Moreover, participants acknowledged
the challenges of lacking motivation to try food beyond their daily
routines (n = 12). For example, PC-18 noted that trying the recom-
mendations itself is not challenging but a feasible plan is needed:
“I don’t think there are any firm obstacles in trying the recommen-
dations, but it would take a conscious effort to do so. I’m not always
thoughtful about the meals I plan or what I end up eating.”

6 DISCUSSIONS
Our findings showed that CA customizability alone did not impact
the recommendation acceptance rate, as over 97% of participants in
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both groups accepted the recommendations. We suspect this was
partly because both versions of SmartEats could gather sufficient
information to enable meaningful personalization to meet partici-
pants’ expectations. However, we also observed an intention-action
gap, where individuals’ initial acceptance of the recommendations
did not align with their recall of and adherence to the recommenda-
tions later, suggesting a need for designing more practical dietary
CRS that considers real-life constraints. Additionally, we uncovered
several insights into participants’ CA customization practices and
the interrelationships among their conversation engagement, rec-
ommendation perceptions, recall, and adherence. In the following,
we connect these findings to explore the opportunities of enhanc-
ing user experience and recommendation adherence with CRS for
health support.

6.1 Combing System-enabled Personalization
With Open Customization

While prior studies have primarily focused on identifying optimal
CA characteristics for providing recommendations [39, 40, 82], our
study showed that among the two basic options (i.e., personality,
conversational style) alongside additional free-form customization,
some preferences were indeed consistent across users, but others
were not. Specifically, participants’ preferences towards the CA’s
personality were highly correlated with their own personalities,
especially for extroverted participants. Echoing prior work show-
ing that personality congruence between people and CAs would
lead to better interaction experiences [39, 82], our findings revealed
that most participants were able to sense such congruence before
interaction. As for conversational style, the majority of participants
preferred the CA to communicate casually, despite prior work show-
ing that a formally speaking CA appeared to be better received [15].
This different observation may be due to the context of the con-
versation, as the previous study was about personal financial and
sensitive health topics, where formal speech might be perceived as
more appropriate and reassuring. Ours centered on dietary prac-
tice, with the idea of exploring healthy, delicious, and potentially
exotic foods, may capture individuals’ interests and curiosity so
that they prefer lively, engaging interactions with the CA at initial
encounters [35]. Thus, future work on designing CAs for dietary
recommendations could consider users’ personalities while priori-
tizing more relaxing, less formal styles.

On the other hand, over half of the participants in the PC group
opted to specify additional characteristics of the CA, which were
closely related to their dietary goals or the health aspects they
wanted to improve. While highlighting personal goals in health
support system design is not new [28, 66], it is noteworthy that, as
shown in Section 5.1.1, individuals’ goals could extend beyond what
is generally considered diet-related and be more nuanced and com-
plex (e.g., improving “flexibility and balance as well as strength” and
“glute growth”). Moreover, some participants meticulously described
the demographic or cultural characteristics of the CA, such as “south
east Asian female” and with “Yorkshire accent.” Although these de-
tails may reflect their own backgrounds, the specific emphases—one
on the region and the other on the accent—were not entirely clear
until the participants elaborated further. Likewise, when requesting
personal traits of the CA, participants showed various preferences

such as making the CA “inspirational, creative, and sympathetic”
or “understanding the hardships of overcoming weight loss.” Similar
findings have been shown in prior literature that examined how
people customize LLMs to meet their emotional needs [34, 50, 52],
where the personas they wished to engage varied in numerous de-
tails depending not only on their general preferences but also their
situational moods and physical environments. Such individualized,
nuanced needs and preferences may not be entirely fulfilled through
system-enabled personalization, but providing the option for in-
dividuals to openly customize the CA paves the way for them to
articulate these needs and preferences. We suspect this contributed
to the PC group reporting higher interaction satisfaction with the
CA. Thus, in building personalized dietary CRS, we believe that
granting individuals the flexibility to customize the CA combined
with the system-enabled personalization, can allow articulation of
personal needs and build more meaningful interaction [71].

6.2 CA Customizability For Enhancing
Engagement and Information Retention

Our findings showed a positive mediation effect between the CA
customizability and participants’ recall of the recommended dishes,
through the richness of additional contexts they provided. The rea-
sons behind these observations could be multifold. First, the PC
group may engage in the conversations more actively and, subse-
quently, share more additional personal contexts that the CA did
not ask for. In addition to our findings in Section 6.1 that the CA
indeed performed better in aligning with individual interaction
preferences, the customization process itself might have created a
sense of agency to foster trust, supported by our observation (see
Table 4). This observation can be related to the “IKEA effect,” where
people place a higher value on the items they created [89], or to the
increased “sense of identity,” where people perceive the customized
product as a reflection of themselves [90]. Supporting this interpre-
tation, within the PC group, participants who had customized the
additional characteristics option of the CA shared richer additional
contexts than those who had not, likely due to their greater invest-
ment in the customizing process and a more autonomous input
method [65, 71, 90]. Therefore, participants in the PC group who
had experienced better conversation engagement by sharing more
contexts might pay more attention to the recommended dishes and
show better information retention—the recall of the recommended
dishes in our study context—compared to those who did not share
more contextual information despite having customization options.

However, such a mediation effect was not observed for the recall
of the dietary suggestions, possibly because they were more chal-
lenging to remember as they appeared across the conversations
and may include specific terminology. Additionally, unlike recom-
mended dishes accompanied by food photos, the purely text-based
information may lack visual cues that aid memory retention. Al-
though prior works did not specifically examine the roles of food im-
ages in supporting recommendation recall, images are great media
to enhance user engagement, if delivered appropriately [19, 64, 93].
Connecting to the findings on customization, future research could
explore whether image style customization (e.g., realistic vs. car-
toon, background specification) [19] could impact user experience
and recall in dietary recommendation contexts.
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6.3 Fostering a Supportive and Motivating
Information Sharing Space

In our study, neither CA customizability nor recommendation recall
was related to individual adherence, which highlighted several
challenging questions. For example, how can design strategies that
are known to affect user experiences be applied to make a real-
world impact? How can recommendation recall be transformed
into adherence in practice? Below, we try to interpret our findings
related to recommendation adherence and explore future directions.

As our findings highlighted, several realistic challenges, such as
budget and time constraints, prevented participants from adhering
to the recommendations, even though they could recall them. De-
spite that, there was consistency between participants’ reported
intentions and their actual behaviors: those who reported a higher
likelihood to follow the recommendations in the first stage indeed
showed a higher adherence later, with a correlation coefficient of
.66 (see Section 5.2.2). This observation is aligned with the the-
ory of self-efficacy introduced by Bandura, which suggests that
one’s belief in successfully accomplishing a task can influence one’s
likelihood of completing it [6]. Therefore, future dietary recommen-
dation systems should not only provide personalized suggestions
but also tips for users to overcome practical barriers, enhancing
users’ self-efficacy.

Another factor we identified that correlates with the adherence of
participants was their sensitive disclosure during the conversations
(r = 0.80), which was an even stronger predictor than self-reported
intention. We suspect that those who disclosed more sensitive in-
formation were more intrinsically motivated to improve their diet.
The act of sharing sensitive information often suggests a high level
of commitment to making changes [62, 81]. This finding under-
scores the importance of fostering trust and psychological safety
in health-related CA conversations to encourage user engagement
and sustainable behavior change. At the same time, as proposed in
self-efficacy studies [6], we should also acknowledge that intrin-
sic motivation plays a fundamental role in enabling sustainable
behavior change through technology [13, 43, 55].

To address motivation issues, we can start by exploring design
opportunities to help people understand the importance and bene-
fits of recommendations. In health behavior promotion, this could
include projecting positive outcomes related to one’s health goals
with concrete examples. For instance, researchers have found that
forecasting one’s future weight based on self-tracked calorie data
could greatly boost their motivation to reduce calorie intake [8, 78].
With the advancement of generative AI, this approach can be en-
riched with more creative techniques [12, 53], such as leveraging
personalized narratives to cultivate health literacy, or visual-aided
annotations to illustrate the potential impact of the changes. Fur-
thermore, as promoting health behavior is a long-term process,
future work should investigate more situated user experiences and
behaviors, which we consider an important next step.

7 Study Limitations and Future Work
First, our CRS design has inherent limitations associated with LLMs’
digression from prompts or hallucination issues related to image
generation [3, 51, 92]. These limitations manifested in a few in-
stances of our data, where the CA failed to detect users’ requests for

clarification and generated inaccurate recommendations (e.g., rec-
ommending meat to vegetarians) or low-quality images, highlight-
ing the need for more robust intent recognition and conversation
flow management in future iterations. Second, occasional technical
issues caused negative interaction experiences. For instance, the
CA’s slow responses due to network instability could potentially
erode participants’ patience to some extent. Third, despite our ef-
forts to recruit participants from diverse regions, the study involves
more participants from Western countries, potentially introducing
cultural bias in our findings. Thus, more culturally diverse sampling
is needed in future research to ensure the generalizability of results
across different dietary cultures and preferences.

As the first step to exploring the customization effect of a CA in
dietary recommendations, our study gathered user experience data
from a large-scale sample of 214 participants, covering their dietary
practices. We examined how the customizability of the CA influ-
enced participants’ engagement in conversations, their interaction
experiences, and their recall and adherence to recommendations.
The lessons learned from our work can be extended to other healthy
lifestyle contexts where incorporating a customizable CAhas the po-
tential to improve interaction experience, as many personal health
assistants follow a similar interaction flow—collecting information
from end users and then making personalized recommendations.
In the context of fitness coaching, for example, individuals can
customize the CA to align with their specific fitness goals. By inter-
acting with the CA and sharing information about their real-life
situations, individuals can develop fitness knowledgewhile building
self-confidence with empathetic responses, potentially enhancing
their motivation to achieve their goals. Going forward, we plan to
upgrade SmartEats to provide dietary recommendations for spe-
cific groups living with dietary problems, such as those with eating
disorders. To gather a more holistic personal health profile, we can
integrate data captured from other sources such as fitness data on
wearable devices.

8 CONCLUSION
In this work, we designed and built SmartEats, which incorporates a
customizable conversational agent (CA) to collect user information
and deliver recommendations. To explore the design opportunities
for enhancing user experience and recommendation adherence, we
examined the CA customizability by comparing the performance of
baseline and customizable versions of SmartEats through an online
experiment with 214 participants. Our study gathered rich quanti-
tative and qualitative insights, showing how enabling CA customiz-
ability positively affected participants’ conversation engagement,
conversation experience, and perceived recommendation quality.
We also uncovered aspects of interaction that could affect partic-
ipants’ recall and adherence to the recommendations. Reflecting
upon the findings, we explored opportunities for the CA customiz-
ability to improve user experience during interaction as well as
recommendation recall and adherence in practice, extending these
insights to broader health behavior contexts. Our findings pave the
way for future research in health interventions that leverage CAs
to improve individual well-being and public health outcomes.
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