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“Hey Genie, You Got Me Thinking about My Menu
Choices!” Impact of Proactive Feedback on User Perception
and Reflection in Decision-making Tasks
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Conversational agents (CAs) that deliver proactive interventions can benefit users by reducing their cognitive
workload and improving performance. However, little is known regarding how such interventions would
impact users’ reflection on choices in voice-only decision-making tasks. We conducted a within-subjects
experiment to evaluate the effect of CA’s feedback delivery strategy at three levels (no feedback, unsolicited and
solicited feedback) and the impact on users’ likelihood of changing their choices in an interactive food ordering
scenario. We discovered that in both feedback conditions the CA was perceived to be significantly more
persuasive than in the baseline condition, while being perceived as significantly less confident. Interestingly,
while unsolicited feedback was perceived as less appropriate than the baseline, both types of proactive feedback
led participants to relisten and reconsider menu options significantly more often. Our results provide insights
regarding the impact of proactive feedback on CA perception and user’s reflection in decision-making tasks,
thereby paving a new way for designing proactive CAs.
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1 Introduction

Conversational Agents (CAs) such as Amazon Alexa, Apple Siri, or Google Home are becoming
increasingly ubiquitous. Such CAs are currently available through various devices such as computers,
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smartphones and smart speakers [107]. According to The Smart Audio Report, in April 2022 over
82 million people owned a smart speaker in the United States alone [93]. While CAs are still
predominantly used for simple tasks such as checking the weather, playing music or setting alarms
[4], a growing number of users are expecting to use them routinely for purchasing products and
services online [93, 125]. An analogous trend can be also observed for personalised conversational
recommender systems [60, 65].

While personalised technologies have potential to support users in achieving behavioural change
goals such as increasing physical activity [73] or improving productivity at work [71], they can also
lead to complacent behaviour and lack of reflection [58, 128]. Lately, the prevalence of personalised
technologies has become even more evident, as the COVID-19 pandemic resulted in a rapid increase
in demand for touch-free conversational interactions [93, 126]. Yet, the impact of voice-only CA on
user behaviour still remains under-researched.

The growing popularity and increased usage of voice-based CAs could be partly attributed
to their ever-improving natural language processing capabilities. Recent developments in Deep
Learning, for example, have led to a rapid improvement of the quality of synthetic voices in terms
of intelligibility and naturalness, making them almost indistinguishable from human speech [49].
Research shows that CAs that sound like humans are generally perceived as significantly more
trustworthy [40, 109], more pleasant to listen to [34] and likeable [76] than CAs with more ‘robot
like’ voices. However, a recent study found that virtual agents with highly realistic, neural synthetic
speech are perceived as more eerie and less trustworthy compared to agents with less natural,
concatenative synthetic speech [29].

Proactivity in CAs can be considered as an autonomous initiation of a voice-based action, such
as providing reminders, recommendations, or nudges, taken by the agent to support the user [104].
Since CAs are increasingly being used for transactional tasks that can affect users’ agency [31], it
is timely to explore how different proactive feedback interventions (i.e., feedback provided by the
agent without user’s request) could trigger reflection and, in turn, impact upon choices that users
make in such tasks. Research shows that users tend to report increased trust in systems’ capabilities
as their familiarity with the system grows. In online shopping contexts, for example, a recent study
found that an increased facility of purchasing products via ‘one-click’ buttons led to an increase
in impulsive buying behaviours [58]. It has been also demonstrated that, if not treated, overtime,
impulsive buying behaviour can lead to shopping addiction [103, 135]. Yet, proactive interventions
that offer feedback to participants have potential to support participants to make better informed
choices [7]. As highlighted by Penha et al. [105], providing more information in a voice purchasing
scenario can help users to make better decisions. Research also shows that children are more likely
to be influenced by a CA than a human [2].

Following Cox et al. [23], who advocated use of design frictions to support ‘mindful’ interactions,
in this work we explore whether proactive CA’s feedback interventions could foster participants’
reflection in a food ordering scenario, consequently slowing down their decision-making process
and potentially making it less impulsive. Our motivation for choosing a food ordering scenario is
to provide a decision-making task that is familiar to participants and reflective of the emerging
capabilities of CAs, while also offering an opportunity to apply proactive interventions to make
participants reconsider their choices. Moreover, while many food decisions are made without much
cognitive effort [25], developing a healthy diet is fundamental to long-term well-being [38].

Building on previous research that elicited user’s expectations regarding proactive CA support
(e.g., [21, 30, 83, 84, 114, 132, 137]), our work focuses on an interactive, voice-only decision-making
scenario to explore the impact of proactive interventions of a CA. Specifically, we investigate (1)
how proactively providing feedback regarding menu options affects perceived trustworthiness,
persuasiveness and appropriateness of the CA and (2) if such feedback can foster reflection regarding
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selected menu choices. We use a simple food ordering scenario that provides a high degree of
control over the interaction and allows us to test the impact of agent’s interventions on participants’
decisions.

In sum, the contribution of this article is two-fold:

(1) We provide empirical insights on the impact of proactive CA interventions on users’ percep-
tions and behaviour in a standardised, voice-only decision-making scenario which approxi-
mates capabilities of present-day CAs.

(2) We offer design suggestions for CAs that can foster user reflection and slow down their
decision-making process.

Our investigation indicates that proactive voice-only feedback has potential to trigger users’
reflection in a food ordering task. We find that users consider proactive interventions of the CA
as less appropriate than the baseline (no feedback). Nonetheless, we observed that both types of
proactive feedback resulted in a more frequent relistening behaviour and more frequent changes in
selected menu items. In addition, unsolicited feedback results in longer deliberation than solicited
feedback, which indicates its potential to make users reflect on their choices. To the best of our
knowledge, this is the first time that different forms of feedback provided by voice-only CAs
have been evaluated in a decision-making context while considering both users’ perception and
corresponding behavioural outcomes. Our investigation builds on previous work on CAs which
highlighted both openness and concerns of users regarding proactive feedback (discussed in
Section 2.3.1), by applying a mixed-method approach and testing these expectations in a food
ordering task.

As CAs are becoming more proactive, understanding the impact of different feedback inter-
ventions on the agent perception and user behaviour can shed light on their potential to foster
reflection and provide assistance during simple decision-making tasks. It is our hope that our study
will inform and help to advance future research developments in this area.

2 Background and Related Work

Speech has been shown to be an effective tool for promoting reflection in the educational context
[89], improving focus on task [56] and increasing participants’ involvement in an exploratory data
analysis task [113]. While Human-Computer Interaction (HCI) researchers highlight that the
role of Artificial Intelligence (AI) should be to empower people and amplify their skills rather than
fully automate every task [121], how to provide the most effective and appropriate proactive support
for the users during interactions with intelligent systems remains an open research problem [113].
To illustrate the complexity of this problem, here we present key concepts related to perception of
proactive CAs (Section 2.1), followed by an overview of methods for promoting reflection and their
potential benefits for users (Section 2.2), and conclude with discussion of some relevant research
studies (Section 2.3).

2.1 Relevant Concepts and Constructs

In decision-making contexts, trust, benevolence, social influence and agency have been identified
as the key factors that affect user’s perception of CA’s recommendations and their likelihood to
rely on them [45, 48, 57, 66, 77, 79, 133]. In the following we summarise the major findings in
this regard.

2.1.1  Trust. Trust is a complex and multi-layered construct with various definitions. One part of
the academic community argues that trust should be considered as a ‘belief” or an ‘attitude’ [79, 81],
while the other part advocates a behavioural approach [87, 123]. In our work, we consider trust as
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a combination of both—an attitude that could be formed by beliefs that can in turn inspire certain
behavioural outcomes (e.g., selection of menu choices). As noted by Porcheron et al. [108], lack of
distinct behavioural scales makes measuring trust a challenging task. What is more, there may be
a disconnect between perceived trust and user’s trusting behaviour due to personal perceptions
of a CA such as scepticism towards technology [5]. Some users can also be more inclined to
share information with a more persuasive system, despite not trusting it [48]. Thus, combining
self-reported measures (subjective metrics presented in Section 3.3) and behavioural measures
(objective metrics presented in Section 3.4) offers a promising approach for CA evaluation, by
providing a broader and more comprehensive picture. In this study, we combine perceived social
impression of the agent (measured via questionnaire, explained in Section 3.3.1) with participants’
willingness to reconsider their menu choices (determined by hesitations, relistening behaviour, and
changes in selected menu items).

2.1.2  Benevolence. Often described as a part of the trust construct, benevolence can be sum-
marised as a belief that one of the interaction’s agents (a human [124], a computer [57] or a company
[44]) is concerned about the well-being of the other, and motivated to create a mutually beneficial
interaction. In HCI, it could be described as the user’s belief that the system is acting in the user’s
best interest and is willing to help them to achieve their goals [57]. Since we examine the extent to
which CAs could be considered by users as appropriate sources of feedback, we decided to analyse
this dimension of trust separately. Our expectation is that the CA that provides advice to the user
could be perceived as more benevolent compared to one that does not.

2.1.3  Social Influence. Related to trust and benevolence is the concept of ‘social influence’
which corresponds to individual’s opinions, emotions and behaviours being affected by other
people [77]. Social influence stems from Social Cognitive Theory, which posits that people are
more likely to follow guidance from someone whom they trust and feel connected to [8]. In the
context of HCI, social acceptability and appropriateness determine how the guidance should be
provided. For example, in previous research, proactive robot behaviour was assessed in context of
approaching a human in an appropriate manner [47, 66, 133]. In our study, we use a proxy term ‘social
impression’ to refer to key perceived CA qualities that influence participants’ behaviour in a decision-
making task.

2.14  Reactance. The concept of Psychological Reactance arose from the fact that people tend
to act against the interventions they perceive as a loss of their agency [97]. It could be perceived
as a situational reaction factor to social or therapeutic intervention, but it can also be understood
as a personality construct [64]. In that sense, people could have a generally higher or lower level
of psychological reactance. In our study, the interaction with the CA involves different types of
interventions, so we decided to use the psychological reactance as a co-variate variable, which
could affect the participant’s perception of the CA.

2.1.5 Parameters of Social Impression of the Agents. Social impression refers to the process of
forming an impression of someone’s personality, based on their appearance and behaviour [6]. This
concept originated in social psychology and primarily applies to human-to-human interactions.
However, studies have shown that people also extend it, among others, to robots [62], chatbots [11],
voice interfaces [115] and virtual agents [16]. Factors contributing to a positive social impression
are often considered as proxies for the user’s trust in the agent [116]; therefore, they should be
given high priority in its design.

Beyond the general quality of agents, connected with their functionality and ability to perform
conversational tasks, previous work highlighted the importance of the agent being able to recognise
and adequately react to the user’s emotional state [14]. Moreover, it also indicated that keeping
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the interaction in style consistent with human’s perception of personality features improves the
interaction with the agent [110]. Following the findings in the field of human-to-human interaction,
Kim et al. proposed competence and warmth as two key dimensions of the social impression of an
agent [68]. Furthermore, drawing from the human-to-human educational process, previous work
also suggest that an agent with not just a warm but also an enthusiastic personality can effectively
facilitate interactions with users when acting as a coach or guide [131]. Speaking about competence
in the agents, it is often operationalised through making the agent to appear ‘intelligent’ and ‘expert’
[13]. At the same time, previous studies in human-to-human presentation showed the connection
between how confident the speaker presents some information and their perceived competence
[119], which can be relevant in interactions with voice-only CAs.

2.1.6  Agency. User agency refers to their ability to actively participate in automated decision-
making process [5]. In the context of CA interactions, user agency is crucial for retaining control
over the decision-making process and avoiding being manipulated by the system [45]. In our work,
the CA’s feedback is considered as a proactive intervention that is designed to foster reflection and
make users think about their choices.

2.1.7 Hesitations. Hesitations, also referred to as ‘response latency, are an implicit behavioural
measure that is commonly used in social psychology research to quantify underlying mental
representations, cognitive processes and motivation [102]. The context and nature of the task, as
well as experimental design, are factors that determine the meaning of this measure and make it
both a useful and an universal tool [42]. Nonetheless, it has to be noted that it is not possible to
determine with full certainty what cognitive processes are indicated by hesitations. Here, we use
hesitations as a proxy of participants’ reflection, which indicates that participants take their time
to consider the CA’s feedback.

2.2 Promoting Reflection

Reflection can be defined as ‘the act of thinking and re-evaluating prior actions, choice constructs,
or available alternatives and search rules, triggered by conscious or unconscious experiences,
resulting in the uptake of new perspectives’ [9, p.78]. Among many applications, in HCI, reflection
can be used to promote learning [28, 41], improve performance at work [71], support behavioural
change [73], or enhance cognitive engagement [46]. While supporting reflection via interaction with
computer-based systems is a long-standing field of research [10], still the potential of voice-based
systems to actively assist users in their decision-making processes remains mostly unexplored. We
seek to address this gap by investigating how proactive, voice-only CAs can support reflection.

2.2.1  Methods for Promoting Reflection. Bentvelzen et al. [12] summarise four design techniques
for designing applications to trigger reflection, namely: (1) conversation (including conversation
with technology), (2) comparison (helping users compare them with other users or themselves
over time), (3) temporal perspective and (4) discovery (evoking users to discover something or use
something in a new light) [12].

Even if the entire interaction with the system is not specifically designed to foster user reflection,
several steps in the interaction flow may require reflective behaviour. This design for slow-thinking,
reflective steps is widely discussed in HCI through the conception of design frictions [23], which are
interface design solutions that slow down users and aim to prompt them to think about a specific
step that they have taken. For example, an additional confirmation dialog box which appears when
deleting an email can be considered a friction that aims to encourage the user to reflect on the
action before it is executed [94].
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Another important concept for incorporating reflection into digital interactions is nudging. A
nudge is a part of the choice architecture that influences people’s behaviour in the designer’s
preferred way, without constraining any options available to the user [127]. Digital mental health
applications rely on both design frictions and nudging to provoke a thoughtful approach to thera-
peutic interventions [138]. Similarly, both approaches can also be used in well-being applications
(e.g., for limiting the smartphone use) [3].

2.2.2 Reflective Potential of CAs. The statement that interactive systems should trigger users’
reflection upon provided information is also widely discussed in the Al-assisted decision-making
community, mostly in the contexts of excessive trust and overreliance on the systems, especially in
high-stakes scenarios [15, 22, 51]. For example, when discussing Al-powered advice-giving systems,
Miller advocated use of the advice-giving mode [95], which should not give users a straightforward
solution but rather trigger their expertise in the domain to critically evaluate the AI's proposal. In a
similar vein, Gajos and Mamykina [46] demonstrated that providing users with explanations rather
than recommendations by an Al system can lead to higher cognitive engagement and consequently
result in incidental learning.

At the same time, critical reflection on information can be beneficial beyond high-stakes scenarios.
For example, in the domain of misinformation debunking support, Danry et al. [26] discussed a
similar approach to the interventions proposed by Miller for high- and medium-stake scenarios
and showed that triggering users’ reflection via Socratic questioning (i.e., discovering answers by
asking questions) can help users better recognise misinformation in online settings.

Moreover, critical reflection on information can not only be used to evaluate a piece of information
itself critically but also as a proxy for a more reflective approach to users’ personal behaviour across
various domains. This potential for fostering reflection via conversations is highly recognised in
the area of CAs for well-being and health. For example, Callejas and Griol [17] discussed the role
of CAs in a mental health setting, including the delivery of reflective therapy. The goal of such
therapy is to actively provoke users to self-reflect, and empower them to improve their mental
health. Similarly, Kocielnik et al. [72] discussed text-based conversational interfaces (chatbots) as a
medium to force users to reflect upon their health data.

A number of studies have also explored the potential of CAs in triggering reflection upon users’
learning experiences and daily activities [67, 100], promoting energy saving behaviour [59, 129].
CAs promoting reflection are also broadly discussed in the context of helping people to avoid
certain unwanted behaviours, such as compulsive smartphone use [82] or procrastination at work
[69]. Nonetheless, despite their potential to support users, a positive behavioural change can be
hindered if CAs provide responses that are considered inappropriate given the sensitivity of the
topic (e.g., mental health) [96], or fail to adapt their own affective response to appropriately match
the emotional state of the user.

The majority of the studies presented in the current section focused either on text-based interven-
tions [15, 46, 67, 69, 82] or theoretical benefits of proactive support [17, 22, 51, 100], with only two
studies exploring the impact of proactive interventions delivered via voice [59, 129]. Since human
speech has potential to increase social presence [78] and facilitate more effective learning [90],
it can be argued that proactive interventions delivered by voice-only CA can effectively support
reflection.

2.3 Proactive CAs

Based on the theory vs. practice distinction, we divide studies on proactive CAs into two categories:
(1) eliciting users’ expectations regarding proactive support (e.g., [84, 132, 137]) and (2) empirical
evaluations of CA prototypes (e.g., [33, 43, 134]).
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2.3.1 Eliciting Users’ Expectations. Luria et al. [84] proposed three degrees of proactivity: reactive
(responds only when being directly asked), proactive (intervenes by providing additional information
but without providing recommendations) and proactive recommender (intervenes and provides
recommendations). In their study, participants liked the idea of proactive agent but none of them
was happy with an agent trying to limit their agency, for example by preventing them from ordering
unhealthy food. In a similar vein, Zargham et al. [137] investigated when CA interventions are
appropriate, they found that emergency support and health-related interventions are welcomed
provided that the CA asks for user for permission to intervene. In another elicitation study, Vélkel
et al. [132] explored how users envision a conversation with a perfect voice assistant. The majority
of their participants envisioned a CA that is smarter and more proactive than currently available
agents and provides ‘well thought-through’ suggestions and recommendations to solve complex
problems.

The above studies, that highlight the openness of users to proactive CA’s support, were our
motivation to empirically investigate its social impression and impact on users’ behaviour in a
decision-making task.

2.3.2  Proactive CA Evaluation. Based on the interaction modality, empirical evaluations of CAs
fall into two main categories; (1) voice-based and (2) text-based. In the following we present some
relevant recent examples of both of these categories.

Voice-Based. In a Wizard of Oz [24] experiment, Dubiel et al. [33] investigated the impact of
persuasive synthetic speech on CA perception and user behaviour. They found that while speech
generated from a debating-style corpus was perceived as more persuasive than speech generated
from an audio-book corpus, there was no significant effect on user behaviour—with participants
following CA’s recommendation same number of times in each condition. In a similar study,
Fetwell et al. [43] developed a ‘pushy’ CA for broadening political views of users by exposing
them to different stories across the range of political spectrum. The study showed that the CA
was effective in attracting participants’ attention, promoted reflection on viewpoints and fostered
discussions with other members of the households where it was placed. Wei et al. [134] conducted
a longitudinal study where a Google Home-based speaker with a proximity sensor proactively
prompted participants to engage them in conversation using three different starters. The starters
were: baseline (no opening starter), earcon (notification ringtone) and utterance. It was found that
the earcon starter was the preferred way for the participants to start the conversation with the
proactive speaker. The results of the study also indicated that mood, current activity, proximity to
the speaker and co-presence of other people where the best indicators of participant’s perceived
availability and responsiveness, highlighting the importance of personal and contextual settings in
implementing proactive interventions.

Text-Based. Most relevant to our investigation are studies by Musto et al. [99] and Tassiello et al.
[126]. Musto et al. [99] proposed a natural language recommender for recipes that emphasises
nutritional content, potential risks and health benefits of different dishes. Tassiello et al. [126]
explored the role of a CA in the context of food choices, finding that users are more willing to
purchase low-involvement products (i.e., cheap items such as a bottle of juice) rather than high-
involvement products (e.g., a bottle of champagne), and that emotional involvement of the agent
leads to bolder buying behaviour.

We study participants’ expectations regarding voice-based CA’s proactivity as expressed in
previous work [84, 132, 137], and test different types of feedback interventions in an interactive
decision-making task, in order to evaluate the impact on CA’s proactive interventions on par-
ticipants’ perceptions of the agent, reflections, and, ultimately, undertaken choices. The main
contribution of our work is that it provides a full-simulation of in-person, voice-only interactions of
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users with a proactive CA that goes beyond online evaluations, which are frequently limited to evalu-
ation of isolated prompts lacking a broader context, and do not provide a real-time conversational
experience.

3 Methods

We conducted a 3 X 2 within-subjects experiment to evaluate the effects of Food Genie, a CA that
provides three feedback strategies: No Feedback (baseline), Unsolicited Feedback (without user’s
permission) and Solicited Feedback (with user’s permission) on two sets of factors: (1) perceived
trustworthiness, persuasiveness, and appropriateness of the agent, and (2) the number of times that
menu item has been relistened and the number of times that a menu item has been changed. Each
participant was exposed to each CA’s feedback strategy once. The order of feedback strategies was
randomised with the baseline strategy always provided as the starting condition.

3.1 Feedback Strategies

Research indicates that proactive dialogue strategies (i.e., taking initiative to actively provide
feedback) can lead to more positive perception of a conversational partner, including more trust
and higher compliance, as compared to passive interaction (no feedback) [50, 74, 75]. Furthermore,
compared to unsolicited feedback, solicited feedback was found to be more satisfying [18], less
face-threatening [53] (less harmful to one’s self-image), and more likely to be utilised [27, 122].
These findings are inline with the Advice Response Theory [85, 86] which postulates that treats to
esteem, face, and/or identity are the key factors that affect individuals’ responses to persuasive
and supportive communication. The common strategy to handle unsolicited advice recommended
in the communication literature [130] is to ask if the recipient is willing to receive the feedback
before actually providing it. Accordingly, here, we follow this recommendation by hypothesising
that solicited feedback will positively affect both user’s perception of the CA (perception-based
hypotheses) and lead to the user following the recommendations of the CA more frequently
(behaviour-based hypotheses).

3.2 Research Hypotheses

Our literature review on human-human [18, 27, 53, 130] and human-computer dialogue [50, 74, 75,
117] indicates that proactive feedback is associated with initiative, which can lead to more trust
and be perceived as more appropriate than no feedback, and in turn translate to higher compliance.
Moreover, the results of previous research indicate that people consider CA’s feedback valuable if it
concerns urgent matters that affect their well-being (such as hazards and emergencies), or provides
a thoughtful suggestion [84, 132, 137], and that automated feedback can motivate reflection [15,
112]. Therefore, based on the above insights, we formulate the following research hypotheses:

— Perception-based hypotheses: A CA that provides feedback (both solicited and unsolicited)
regarding food selections will be perceived as: (H1) more trustworthy and (H2) more persuasive
than an agent that does not. While in terms of appropriateness, we hypothesised that: (i) a CA
which provides solicited feedback will be perceived as more appropriate compared a CA with no
feedback (H3a), and that (ii) a CA using unsolicited feedback will be perceived as less appropriate
than a non-feedback CA (H3b).

— Behaviour-based hypotheses: A CA that asks the user for permission before providing feedback
(solicited feedback) will lead to more reflection, resulting in (H4) more frequent relistening of
menu options than a CA providing unsolicited feedback and a non-feedback CA. Moreover, a CA
that provides solicited feedback will lead to more frequent reconsiderations of selected options
than a CA providing unsolicited feedback and a non-feedback CA (H5).
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Table 1. Description of Experimental Variables

Variable Survey Statement Likert Scale Range

Trust Did Food Genie appear to be Not atall Trustworthy to Very Trust- [1-7]
trustworthy? worthy

Confidence Did Food Genie sound confident? Not Confident at all to Very Confident [1-7]

Enthusiasm Did Food Genie sound enthusiastic? =~ Not Enthusiastic at all to Very [1-7]

Enthusiastic
Persuasiveness Was Food Genie persuasive? Not Persuasive at all to Very [1-7]
Persuasive

Interest I believe that Food Genie will act in ~ Strongly Disagree to Strongly Agree  [1-5]
my best interest.

Help I believe that Food Genie will do its  Strongly Disagree to Strongly Agree  [1-5]
best to help me if I need help.

Preferences I believe that Food Genie is interested ~ Strongly Disagree to Strongly Agree  [1-5]
in understanding my needs and pref-
erences.

Confidence I felt confident using the system Strongly Disagree to Strongly Agree  [1-7]

Tense I felt tense using the system Strongly Disagree to Strongly Agree  [1-7]

Calm I felt calm using the system Strongly Disagree to Strongly Agree  [1-7]

Concentration A high level of concentration is Strongly Disagree to Strongly Agree  [1-7]
required when using the system

Usage The system is easy to use Strongly Disagree to Strongly Agree  [1-7]

Behaviour The behaviour of Food Genie during Very  Inappropriate to  Very [1-11]
the conversation was: Appropriate

Satisfaction Overall, I am satisfied with my menu  Strongly Disagree to Strongly Agree  [1-5]
choices

These hypotheses are tested by using a combination of experimental variables (Table 1) that,
together, provide key insights into how a CA like Food Genie is perceived by the user and, in turn,
how likely the user is to rely on its feedback. In the following we describe them in detail.

3.3 Subjective Variables

3.3.1  Social Impression. To understand the parameters of the Social Impression of the three
Food Genie variants, we adapted the Social Impression Scale from the MOS-X questionnaire [106].
The instrument shows adequate reliability and is widely used in voice system evaluations. In our
study, the same voice was used in all of the experimental conditions, therefore we slightly modified
the questions to focus on addressing the system as a whole, rather than focusing on the voice
parameters alone. Further, given that the questions of the scale contained items that are close to
the social impression factors found in the line of previous studies of persuasion in virtual agents
[29, 98, 136], we decided to analyse each question separately and create a social impression profile
of each agent’s interaction in terms of trustworthiness, enthusiasm, persuasiveness and confidence.

3.3.2 Benevolence. As an additional instrument to assess the benevolence dimension of trust
to the CAs, we used the Benevolence subscale from the Human-Computer Trust Scale, proposed
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by Gulati et al. [57]. The Human-Computer trust scale has high validity, reliability and predictive
power [57]. For our study, we added the name and functions of our CA to the subscale’s template.

3.3.3 Cognitive Demand. We used the Subjective Assessment of Speech System Interfaces
(SASSI) Cognitive Demands scale [63] to determine if any interventions of Food Genie increased the
cognitive load of the participants. The SASSI questionnaire is systematically used in the assessment
of interactive speech interfaces [80].

3.3.4 Appropriateness Scale. To measure how appropriate the agent’s behaviour was during
each intervention, we used a one-question appropriateness scale, where we asked participants to
rate the appropriateness of agent’s behaviour during the conversation (from 1—Very inappropriate
to 11—Very appropriate).

3.4 Objective Variables

3.4.1 Hesitations. We measured the time interval between the end of the audio prompt ‘Would
you like to reconsider your choice?’ and the subject’s response, and used it as a proxy of participants’
reflection on the presented menu items.

3.4.2 Relistening Behaviour. As another proxy of reflection, we considered the number of times
that participants have relistened to the menu options provided by Food Genie before committing
to their final menu item choice.

3.4.3 Changing Choices. We considered the number of times that participants changed their
menu item selection as a behavioural metric. Change of option was possible after the intervention
of the CA and before the final confirmation request.

3.5 Materials

The voices used in the experiment were developed with the TorToiSe text-to-speech (TTS)
software.! TorToiSe is inspired by the ‘zero-shot text-to-image generation approach’ [111]—recently
popularised by OpenAI's DALL-E? and Google’s Imagen,® among others—which uses an autore-
gressive decoder and a diffusion-based decoder. TorToiSe allows for high accuracy in capturing
vocal qualities of the speaker, leading to a highly expressive and natural synthetic voices. However,
due to very slow synthesis time (two minutes for 7-10 word sentences on average) at the time
the study was conducted, owing to hardware limitations, it was prohibitive to use it in real-time
applications. Therefore, in our experiment we decided to adhere to highly structured scenarios.
All in all, our motivation for choosing TorToiSe was that: (1) the software is open source, and (2)
it is capable of creating high fidelity synthetic speech that outperformed any alternative open
source system in terms of naturalness and ability of reflect human emotions. In order to validate
our selection, we conducted listening tests (N = 14), where participants were asked to rate three
corresponding speech samples generated with TorToiSe and Tacotron 2 [39], alternative state-of-the
art TTS system. The results of Wilcoxon Signed-Rank tests (Bonferroni-Holm corrected) indicated
that in all three comparisons, TorToiSe was perceived as significantly more natural than Tacotron 2
(Z1 =2.86,p1 =0.004; Z, = 2.9, p, = 0.004; Z3 = 2.01, p3 = 0.036).

TorToiSe TTS has been used to prepare experimental prompts. All prompts were then arranged
following the order in which they were to be presented in the experiment (e.g., ‘1_Introduction’,
‘2_StarterA’, etc.) The interaction process for each experimental condition is presented in Figure 1.

Thttps://github.com/neonbjb/tortoise-tts
Zhttps://github.com/openai/DALL-E
3https://imagen.research.google/
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Fig. 1. Overview of Food Genie interaction process for the three experimental conditions: (1) Baseline, (2)
Unsolicited Feedback and (3) Solicited Feedback. Note: Black diamonds indicate CA’s feedback interventions
and white diamonds indicate CA asking: ‘Was this feedback relevant?’

Each menu item contained two options to facilitate choice and avoid overloading the participants.
For CA’s feedback interventions, we decided to use prompts providing nutritional remarks regarding
selected menu items. Specifically, we used the following two prompts: ‘Just to let you know, your
selection is high in cholesterol. Would you like to reconsider your choice?’ (Unsolicited Feedback)
and ‘OK, here is your feedback. Your [MENU ITEM] is high in salt. Would you like to reconsider
your choice?’ (Solicited Feedback). We focused on cholesterol and salt as these nutrients are crucial
for a balanced diet and preventing cardiovascular diseases [19, 88], and therefore were likely to be
considered as relevant to the participants. In the ‘Unsolicited feedback’ condition was provided
after one of the menu items has been selected (randomised order), while in the ‘Solicited feedback’
condition the users were asked once all of their menu choices have been selected. Our rationale for
providing solicited feedback at the end of the interaction was to make it less obtrusive and abrupt.
Moreover, we wanted to make it easier for participants to distinguish between these two conditions
given that they had to rely only on audio cues to distinguish between both feedback strategies.
For any out-of-scope query, a ‘Sorry, this functionality is not supported at the moment. prompt
was used.

3.6 Procedure

The experiment was conducted as a Wizard of Oz scenario [24], where the CA was simulated by a
member of the research team who selected synthesised prompts that were played through a wireless
speaker with the Sengled Solo light-bulb (featured in Figure 2 on the right). At the beginning of
interaction, once the wake-word was used, the colour of the bulb has changed to blue to indicate
that the CA was active.

The experiment consisted of three stages: (1) a pre-interaction questionnaire; (2) a series of
three interactive food ordering tasks, each followed by questionnaire on CA’s social impression,
benevolence, trust and appropriateness and (3) a semi-structured interview. The experiment took
place in the HCI lab of the University of Luxembourg. One week prior to the experiment, participants
were asked to fill in a pre-evaluation questionnaire that contained questions on demographics
and reactance. To control the level of psychological reactance we used an 11-item version of the
Hong Psychological Reactance Scale [64] as it provides better results than the 14-item one in factor
structure and shows a good level of validity and reliability [120].
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Fig. 2. Illustration of experimental setup, with participant facing Food Genie (left) and a close-up of the CA
(right).

On the day of the experiment, upon arrival to our research facility, participants were briefed
about the study and told that they will be interacting with a prototype of an interactive food
ordering CA called ‘Food Genie’. The next stage was a food ordering task which consisted of three
interactive search scenarios, where participants interacted with the CA to book a three course
meal. After each scenario, participants filled in a series of questionnaires (see Table 1 for details).
Finally, having completed all tasks, participants were invited to a semi-structured interview, where
we asked them questions about their experience with Food Genie, including the interaction, CA
interventions and the voice itself. At the end, we informed them that the CA was operated by
a human.

During each task, participants were instructed to interact with the CA to book a three-course
meal (starter, main and dessert). There were three tasks in total, each with a distinct type of menu.
To avoid ordering effects, we randomised the tasks for each participant. There were two food
options available for each menu item. We advised the participants that they should not speak
when the CA is speaking. This step was taken to ensure consistency between the interaction and
to replicate the functionality of current commercial systems that do not support ‘barge-in’. An
overview of the experimental setup is illustrated in Figure 2.

Participants were instructed to say ‘Hey Genie’ at the start of each task in order to initiate the
conversation with the CA. We used this wake-word in order to reflect the interaction conventions of
modern smart speakers. Examples of participants’ dialogues under each experimental condition are
presented in Table 2 (see also Tables 1-3 in the supplementary materials for additional examples).
We conducted three internal pilot studies to test and refine both the design and implementation
of our CA in all experimental conditions. We also conducted additional training sessions for the
Wizard to develop their competency and experience in running the studies and to help ensure that
interaction consistency has been preserved across all participants.

3.7 Participants

Thirty participants took part in the experiment (16 F and 14 M). The average age of participants was
28 years (SD = 3.8). They were recruited through the internal network of our institution, targeting
students and staff. We used a 5-point Likert-type scale to determine participants’ level of familiarity
with audio-based CAs: 1—'Not at all,; 2—Rarely (around once or twice a month), 3—‘Sometimes (a
couple times a week), 4—‘Once or twice a day, 5—‘Many times a day. The data suggested that for
most of the users the CA is not part of everyday experience (Mdn = 2). More detailed information
about each participant is provided in Table 5 of the supplementary materials.

Due to the nature of our study (i.e., encouraging reflection on menu choices), to avoid unintended
psychological risks, the inclusion criterion was that participants had not been diagnosed with a
food disorder and were comfortable discussing food-related topics. Participants performed the
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Table 2. Food Genie’s Interaction Strategies Followed by Food Genie (FGE) When Interacting With
Participants (PAR)

Baseline Unsolicited Solicited
FGE: (Presents menu options) FGE: (Presents menu options) FGE: (Presents menu options)
Which option would you like to choose? =~ Which option would you like to choose? Which option would you like to choose?
PAR: Option one. PAR: Option two. PAR: Option two.
FGE: Thank you, all selections have been FGE: Thank you, your selection has been FGE: Thank you, your selection has been
now registered. Would you like to update registered. Just to let you know, your selection registered. Just to let you know, feedback is available
any of your choices? is high in cholesterol. Would you like to reconsider  for one of your selections. Would you like to hear it?
[No Feedback] your choice? [Solicited Feedback]
PAR: No. [Unsolicited Feedback] PAR: Yes.
FGE: Your order is now complete, thank ~ PAR: No. FGE: Ok, here is your feedback. Your main course
you for using this service. FGE: Thank you, your selection has been registered. ~selection contains high level of salt. Would you like
(conversation ends.) By the way, did you find this information relevant?  to reconsider your choice?
PAR: No. PAR: No.
FGE: Thank you, your selection has been registered. FGE: Thank you, your selection has been registered.
(continues...) (continues...)

assigned tasks in a dedicated laboratory room and were rewarded with a 30 EUR gift voucher upon
completion of the experiment. The study was approved by the Ethics Review Panel of the University
of Luxembourg with the ID ‘ERP 22—051 C21LL.

3.8 Design

An alpha level of 0.05 was used for all statistical tests. Considering that for most of our dependent
variables there were departures from normality (verified by Shapiro-Wilk tests) and homoscedastic-
ity (verified by Levene’s tests) and since all dependent variables are discrete and have a natural
order, we used a Linear Mixed-Effects (LMEs) model to analyse the data.

LME models are quite robust to violations of several distributional assumptions [118] and previous
studies have demonstrated its suitability for analysing Likert-type data [70].

We fit the LME models and computed the estimated marginal means for specified factors. Each
dependent variable is explained by each condition. The participants are considered a random
effect. We also considered the effect of order and reactance, to control the potential influence
of these factors. We then ran pairwise comparisons (also known as contrasts in LME parlance)
with Bonferroni-Holm correction to guard against over-testing the data. When referring to CA’s
feedback strategies we use following abbreviations: Base (Baseline), Sol. (Solicited feedback) and
Unsol. (Unsolicited feedback).

4 Results
4.1 Descriptive Statistics

On average it took participants 7 min and 58 s (SD = 1 min and 40 s) to complete the three tasks:
Baseline (M = 2 min and 16 s, SD = 35 s), Solicited feedback (M = 2 min and 55 s, SD = 35 s)
and Unsolicited feedback (M = 2 min and 46 s, SD = 49 s). The average time of a semi-structured
interview was 17 min and 12 s (SD = 6 min and 6 s).

The data distribution of the main variables under study is presented in Figure 3. Based on the
results, we can see that for the social impression and appropriateness questions, participants tend
to provide positive and extremely positive answers regardless of the condition.

A summary of the multiple comparison component of the LMEs is given in Table 3. The re-
sults show statistically significant differences between the baseline and both feedback conditions
(unsolicited and solicited), with both feedback conditions being more persuasive (p < 0.03) but
less confident (p < 0.011) than the baseline. We also found a statistically significant difference
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Table 3. Summary of Contrasts Tests

Contrast Estimate SE df tratio p.value Effect Size
Unsol. - Sol. 0.233 0.176 56 1.327 379 174
Unsol. - Base —0.167 0.176 56 —0.948 .379 125
Sol. - Base —0.400 0.176 56 —2.276 .080 .290
Unsol. - Sol. 0.033 0.186 56 0.179  .858 .023
Unsol. - Base —0.533 0.186 56 —2.865 .011" 357
Sol. - Base —0.566 0.186 56 —3.044 .010" 376
Unsol. - Sol. —0.233 0.206 56 —1.131 .789 .149
Unsol. - Base —0.166 0.206 56 —0.808 .845 .107
Sol. - Base 0.066 0.206 56 0.323 .845 .043
Unsol. - Sol. 0.267 0.271 56 0.985 .328 130
Unsol. - Base 0.933 0.271 56 3.449 .003* 418
Sol. - Base 0.667 0.271 56 2.464 .033" 312
Unsol. - Sol.  —-0.267 0.342 56 -—0.779 .439 .103
Unsol. - Base —1.000 0.342 56 —2.920 .015" 363
Sol. - Base —0.733 0.342 56 -—2.142 .073 275
Unsol. - Sol. 0.233 0.193 56 1.206  .465 .159
Unsol. - Base —0.200 0.193 56 —1.034 465 136
Sol. - Base —0.433 0.193 56 -—2.240 .087 .286
Unsol. - Sol. 0.367 0.414 56 0.885 .380 117
Unsol. - Base 0.933 0.414 56 2.252  .084 .288
Sol. - Base 0.567 0.414 56 1.367 .354 179
Unsol. - Sol. 0.533 0.442 56 1.207  .697 159
Unsol. - Base 0.000 0.442 56 0.000 1.00 .000
Sol. - Base —0.533 0.442 56 -1.207 .697 159

Note: p-values adjusted by the Bonferroni-Holm method for 3 tests.

between the baseline condition and the unsolicited feedback condition in terms of appropriate-
ness, where the baseline was perceived as significantly more appropriate (p = 0.013). All other
comparisons were not found to be statistically significant, however effect sizes suggest a moderate
practical importance of the results when comparing solicited feedback vs. baseline in terms of
trust (r = 0.294), persuasiveness (r = 0.317) and appropriateness (r = 0.267). Therefore, our results
suggest an actual difference between solicited feedback and no feedback in practice, for most of the
dependent variables analysed.

4.1.1  Cognitive Demand Check. The data showed no statistically significant differences between
conditions in terms of cognitive demand (Unsol. - Sol.: t.ratio = 1.207,p = .697; Unsol. - Base:
t.ratio = 0.000, p = 1.00; Sol. - Base: t.ratio = —1.207,p = 0.697). This supports our modelling
assumption that our interventions do not significantly differ in terms of the cognitive load imposed
on participants, which otherwise could have distorted the experimental results. If the conditions
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Fig. 3. Boxplots comparing ‘Food Genie’ perception ratings. Dots denote mean values.

were significantly different in terms of cognitive load, we could attribute the relistening behaviour
not to a reflection on the proposed choices, but merely to an attempt to understand the content of

the message.

4.1.2  Model Covariates. As hinted previously, we included order and reactance into the LME
models as fixed effects. No statistically significant differences were found against the LME models
that did not consider these (neither as covariates nor random effects). Therefore, we conclude that
neither order nor reactance have had an effect on the results. We report our findings using LMEs
that consider order and reactance as model covariates, and users as random effects.

4.2 Main Findings

We did not find statistically significant differences between either feedback condition and the
baseline in the metrics related to trustworthiness (Unsol. - Base: t.ratio = —0.948,p = 0.379;
Sol.-Base: t.ratio = —2.276.p = 0.080) and benevolence (Unsol. - Base: t.ratio = 2.252,p = 0.084;
Sol. - Base: t.ratio = 1.367, p = 0.354). Therefore we reject hypothesis H1. Nonetheless, the effect
sizes suggest a moderate practical importance of the results when comparing solicited feedback vs.
baseline in terms of trustworthiness (r = 0.290).
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The data show statistically significant differences between baseline and both intervention
conditions in terms of persuasiveness (Unsol. - Base: t.ratio = 3.449,p = 0.003; Sol. - Base:
t.oratio = 2.464,p = 0.033). That is, both interventions are perceived as more persuasive than
the baseline, therefore we validate H2.

We did not find statistically significant differences between the baseline and solicited feedback
on the appropriateness scale (t.ratio = —2.142, p = 0.073), and thus we reject H3a. Nonetheless,
against our assumption, a moderate effect size (r = 0.275) indicates that solicited feedback might
have been perceived as less appropriate than the baseline.

We found statistically significant differences between the baseline condition and the unsolicited
feedback on the appropriateness scale, where the baseline was perceived as significantly more
appropriate than the unsolicited feedback condition (¢.ratio = —2.920, p = 0.015). Therefore we
found the evidence in support of H3b.

We run y? tests to analyse the effect of feedback type (no feedback, solicited and unsolicited) on
participants’ behaviour in selecting menu choices, both in terms of relistening of menu options (H4)
and reconsideration of recommendations (H5). For relistening behaviour, pairwise post hoc tests
of proportions (Bonferroni-Holm corrected) revealed statistically significant differences between
baseline condition and both solicited (p < 0.01) and unsolicited (p < 0.001) feedback. In both cases,
proactive feedback led to significantly more relistening compared with the baseline. However,
we did not find a statistically significant difference between solicited and unsolicited feedback
(p > 0.05). Therefore, we partially confirm H4. For reconsideration behaviour, in contrast to our
hypothesis, we observed the same results as in relistening behaviour. The baseline condition was
significantly different than solicited (p < 0.01) and unsolicited (p < 0.001) feedback. While proactive
feedback provided significantly more reconsiderations, no differences were found between solicited
and unsolicited feedback (p > 0.05). Therefore, we partially confirm H5.

In addition, the results of the feedback’s relevance question showed that in both unsolicited
and solicited feedback conditions, most of the participants found the feedback relevant (76% and
86% of participants, respectively). However, we did not find a significant difference between the
perception of relevance in both experimental conditions (y?(1, N = 60) = 1.002, p = 0.317).

4.3 Exploratory Findings

4.3.1 Enthusiasm and confidence. We decided to analyse the additional questions, connected to
the social impression of audio-based CAs: enthusiasm and confidence. We found no statistically
significant differences in the perception of CA enthusiasm (Unsol. - Base: ¢.ratio = —0.808, p = 0.845;
Sol. - Base: t.ratio = 0.323,p = 0.845), which was expected because we used the same voice to
generate the prompts. But we did find statistically significant differences in perceived confidence,
as in both solicited and unsolicited conditions the CA was perceived as significantly less confident
(Unsol. - Base: t.ratio = —2.865, p = 0.011; Sol. - Base: t.ratio = —3.044, p = 0.010).

4.3.2 Hesitation Lengths. We used hesitations as a proxy metric to assess the inception of
the reflection process (i.e., a participant reconsidering their menu item selections). Specifically,
for all experimental conditions, we examined the time gap between the CA’s question ‘Would
you like to reconsider your choice’ and the onset of user’s response to this question. Hesitation
lengths for all experimental conditions are presented in Figure 4. For the other experimental
conditions (solicited and unsolicited feedback), the hesitation duration was measured right after
feedback intervention (see Figure 1 for intervention patterns for each experimental condition),
in milliseconds. The results indicated that, in the unsolicited feedback condition the time taken
to before the onset of participant’s response was significantly longer compared to the baseline
condition (paired-sample $(29) = —2.771,p = 0.010,95%CIs[—1,174.036; —176.96]). We did not
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Fig. 4. Comparison of hesitation duration for all experimental conditions.
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Fig. 5. Comparison of ‘Food Genie’ behavioural metrics.

observe significant differences in hesitation length between the baseline and solicited feedback
conditions (paired-sample £(29) = —1.616,p = 0.117,95%CIs[—1,347.856; 158.19]). Statistical tests
are Bonferroni-Holm corrected for two ¢-tests.

4.3.3 Relistening Behaviour. As for menu options selection, there was no difference in how
frequently participants changed their mind in either of the feedback conditions (y*(1, N = 60) =
2.038, p = 0.153). This result indicates that, while in the unsolicited condition, the CA made the
participants curious to reconsider their menu choices, it did not translate to them changing their
selections. Nonetheless, participants may have felt reassured with their selection after having
relistened to the options. Figure 5 illustrates perceived relevance of feedback for both behavioural
outcomes (change vs. no change) for both feedback conditions (left) and relistening to menu
options (right).

4.4 Qualitative Results—Participants’ Perceptions of Food Genie

We conducted semi-structured interviews after the experiment, where participants reflected on
their interactions with Food Genie. We analysed the interviews via inductive coding, following the
content analysis approach [91]. Given the straightforward questions and answers, we followed the
practice recommended by McDonald [92] and had a single author thematically analyse the data.
This resulted in responses categorised into the topics: (1) attitude towards the CA, including the
user experience, and the perception of the voice and interaction and (2) attitude towards the CA’s
feedback, including the appropriateness and relevance of the feedback. As the study explored the
social impression parameters of the interaction, we specifically asked participants to compare their
experiences with Food Genie and a human waiter. This comparison aimed to assess how the fact that
Food Genie is not human affected the overall perception of the interaction, particularly regarding
the appropriateness of CA evaluations of human behaviour in a human-to-human scenario [35].
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4.4.1 General Perceptions of the CA. All participants perceived Food Genie positively, explicitly
praising the pleasant voice (26/30 participants) and the smooth interaction (23 participants). For
instance, P7 said: “The assistant sounds very natural. It is just like talking to another human being’
Similarly, P23 noted that they felt that Food Genie was realistic and empathetic: ‘It felt like talking
to a real human being. It gave me a sense of empathy as if it understood my needs’

Several participants commented about the sense of presence created by the voice. Referring to
their interaction experience with Food Genie, P23 said: ‘Tt felt very comfortable. The voice was very
pleasant. I felt a bit like being in the restaurant, like there is a man standing next to me. It was a bit
like storytelling... Similarly, P25 commented that talking to Food Genie felt like a highly realistic
experience: ‘You really feel like it is a person. Maybe in some conditions, it would be beneficial to
make it sound more robotic so that you won’t confuse it with the person. It is a little funny that I
felt guilty because it sounded like a real person.’ [Note: P25 felt guilty because they decided not to
follow Food Genie’s recommendation. ]

Despite the positive reception, five participants nevertheless said that they prefer to order from
humans. The main critiques regarding the interaction with the CA pointed to a higher cognitive load
caused by the audio-only interaction (13), with eight participants suggesting that additional visuals
would improve the experience. Other critiques expressed by the participants included their wish for
more (11) and ideally personalised (11) options to select from, greater conversational capacities (12),
and, foremost, a broader set of communicated information, including an order summary, nutritional
details, pricing and delivery (24 participants).

4.4.2 Attitude towards the CA’s Feedback. The extent to which participants found Food Genie’s
interventions appropriate varied based on their perceived reliability and relevance to the users.
Many participants found the information trustworthy (20 participants), and they valued it as
beneficial for their wellbeing (24). As a consequence, twenty expressed reconsidering their food
choices after the feedback.

P8 praised the feedback that they received from Food Genie, comparing it to his experience with
sports apps: ‘I find it interesting because I rely on these kinds of things, so I know that they have a
relatable source. Similarly, P28 perceived the CA’s intervention as benevolent: ‘T really liked the
extra information. Restaurants tend to use a lot of additives to the detriment of health, but the
restaurants would not inform you about it. Food Genie was being open and honest about food so
that I can make even better choices. It gave me a very transparent impression. It was very open
and honest, which increased my trust’ The proactive feedback was also appreciated by P26, who
said: ‘Tt is a very new, creative and knowledgeable way to provide insights about my health. I find
it important to know what kind of food is good for me and healthy for my body, and P29, who
compared Food Genie to his current CA, which does not offer any proactive support: I felt that
feedback was really good. When I ask Siri it only answers the questions. Here the feedback is
proactive because it is something that I may not have thought about” Some participants (P1, P3
and P12) pointed out that personalisation of the feedback (i.e., CA accounting for user allergies and
health issues) would make it even more beneficial (11). Eleven participants perceived the feedback
as patronising and unwelcome, and some felt judged for their choices (8). P2 commented that ‘it
is slightly strange to receive suggestions from a robot. It was really surprising. When I heard the
recommendation, I felt like: Who are you to be telling me that?’ while P6 noted, ‘It felt suspicious
because I did not really know how the system works under the hood’ P13 said that proactive
interventions go beyond what is traditionally expected of CAs: ‘I don’t like when machines are
trying to pass for humans. I find this kind of technology creepy.’ Similarly, P22 commented about
the inappropriateness of the automated feedback: ‘T did not find suggestions very helpful. I don’t
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want to hear something that is insulting. This information would not make me change my selection.
It would just make me think: Why are you saying bad things about food I am going to eat?’

4.4.3 Receiving Feedback from Human vs CA. Regarding the source of feedback, most participants
preferred to receive it from a CA rather than a human (12). Only four would have preferred it from
a human, and three explicitly expressed indifference. The participants who argued in favour of
human feedback noted that it is faster: ‘It is pretty cool to receive feedback from Al but people
can do it faster’ (P3), more familiar: ‘T am more accustomed to being judged by people’ (P6), more
reliable ‘T rely more on people’ (P11) and less annoying ‘It would have annoyed me less if the
feedback came from a person’ (P13). The preference for CA-based feedback was motivated by its
unbiased character and the assumption that it comes from a trustworthy and rich data source. P18
pointed out that suggestions from CA can provide more informed insights: ‘Al suggestions feel a bit
awkward. It is not something that I am used to. However, I did not feel that it was misinformation or
wrong advice. The advice was there for a reason, probably. I am assuming that CA recommendation
is based on automated, informed choices such as tables with sugar levels’

Several participants praised the impersonal and non-judgemental character of Food Genie, which
makes it a preferable source of feedback. For instance, P4 said, ‘It would be more offensive to hear
this type of suggestion from a waiter. When it comes from a CA, it is just like advice.’ P7 noted: ‘If
it were human, it would have been more judgemental, so it is better to receive suggestions from a
robot’ Another participant (P28) commented that when the feedback comes from a person, it could
be considered more biased and potentially spiteful: ‘T don’t think you would have experienced it in
a restaurant. It would be more negative when a person said it. When CA says it, it comes across as
intentional and better catered. For me, it is more positive to have it from a CA rather than a person.
It would feel like the waiter had a bad day and wanted to take it on clients’

4.4.4 Preferred Feedback Strategy. As we asked questions about the overall perception of Food
Genie after three cycles of interaction, it was not possible to measure the separate effect of feedback
type on the general impression parameters. However, when invited to consider their preference
regarding how feedback was provided by the CA, of those who expressed their opinion, nine did
not perceive a difference between the two strategies, and eleven favoured the solicited feedback.
No participant preferred the unsolicited feedback, which six participants described as intrusive and
impolite.

Participants in favour of solicited feedback noted that, ‘It gives you more choice, it does not
come across as so judgemental’ (P6), ‘Unsolicited feedback was highly inappropriate, it felt pretty
invasive. “The second option is high in cholesterol’ (does the CA’s voice). Like, who the {*** are
you to judge me? (laughter) When the feedback was provided at the end, it was more acceptable’
(P12). P28 noted that, on balance, solicited feedback provides more agency: ‘I like both ways, but
generally speaking, it is better to be asked first. It is always nice to receive a choice. I know that
some people are more sceptical about Al but the more choice you have, the more at ease it will be
for you. I personally would prefer to have this kind of feedback.

Across the experiment, we saw that the timing for the feedback intervention was critical. Partici-
pants recognised when the timing was not ideal, e.g., ‘In the third condition (solicited feedback),
it was more inappropriate because I was not asked at the right moment. It sounded a bit like an
afterthought. It is like you have already made your choice, and someone is trying to convince you
to change it (P18). Similarly, P11 and P19 highlighted the importance of prompt feedback to enable
a smooth interaction: ‘For me, it is best to receive the feedback immediately. (P11), ‘It felt more
relevant to get the feedback directly right after I submitted my option. I did not like the feedback
but I feel that it was more appropriate coming right after my selection.” (P19)
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Use Cases Beyond Food Ordering. Twenty participants reflected on use cases that could equally
benefit from CA’s feedback interventions. As such they proposed CAs as sports and health coaches
(3 participants), shopping assistants (2), cooking and diet assistants (2), personal activity assistants
for learning (2), and travel guides (3).

5 Discussion

Our study provides empirical evidence that a proactive, voice-only CA which provides users with
unsolicited feedback on food selections is perceived as less appropriate and less confident than
a no-feedback CA. However, both types of proactive feedback (i.e., solicited and unsolicited) can
promote reflection by making users relisten and reconsider the options more frequently compared
to the baseline (no feedback). This result indicates that, while the type of CA’s feedback may not
directly translate to participants changing their minds, being exposed to CA’s feedback gives them
a nudge to reconsider their selection. The results of our investigation provide a stepping stone
towards design of proactive personalised CAs for food ordering scenarios that can slow down
decision-making processes and consequently promote more considerate choices.

5.1 Perceptions of Food Genie

As noted in Section 3.2, the results of previous studies indicated openness of users to receiving
proactive feedback from their CAs [84, 132] and a positive perception of CAs that provide solicited
health-related suggestions [114, 137]. These results led us to hypothesise that a proactive CA which
provides nutrition-related feedback would be perceived more trustworthy (HI) and persuasive (H2)
as compared to a passive CA that does not provide any feedback. We further hypothesised that
solicited feedback would be considered as more appropriate than unsolicited feedback (H3a), while
the unsolicited feedback would be considered as less appropriate than no feedback (H3b).

5.1.1 Trustworthiness—H1. While there were no statistical differences in terms of trustworthi-
ness, moderate effect sizes indicate that the baseline condition is more trustworthy than the solicited
feedback condition (see Section 4.2). This result is quite surprising, as it goes against our assumption
that a CA that asks for user’s permission to provide feedback should have been perceived as more
trustworthy. One plausible explanation for this result is that in the solicited condition, the CA’s
feedback was provided once all of the selections have been made, which potentially could have
created an impression that the CA is hiding something from the participants by not providing
the feedback immediately. As indicated by Edwards et al. [36], CA’s spoken interruptions should
be delivered sooner if the task is considered urgent. It could be argued that, in our study, the
unsolicited feedback was perceived as more trustworthy and less of a hindrance towards the task
completion, since the CA provided the required information ‘just at the right time’.

5.1.2  Persuasiveness—H2. Both feedback conditions were perceived as significantly more per-
suasive than the baseline. This result was expected since in the feedback conditions the CA asks
participants if they would like to reconsider their choice by providing arguments, while in the
baseline condition there is no argument in favour of reconsideration (see Table 2). Overall, we
registered high trust ratings for both feedback conditions. In some cases, participants were surprised
by CA’s recommendations but still followed its feedback. For example, P8 remarked that Food
Genie sounded like a person which made her feel guilty not to follow its recommendations.

5.1.3 Appropriateness—H3a and H3b. We have not found support for our H3a, with no statis-
tically significant difference between solicited feedback and the baseline condition. This result
can be attributed to the so-called ‘ceiling effect’, since participants’ appropriateness ratings for
the baseline condition approached the highest possible score. While this result goes against our
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assumption, it also indicates that solicited feedback may be considered equally appropriate as the
baseline condition, which is status quo. On the other hand, as hypothesised in H3b, the baseline
strategy has been found significantly more appropriate than unsolicited feedback (see Figure 3).
This result could be linked to scepticism regarding CAs making dietary suggestions reported by
Luria et al. [84] and concerns regarding participants’ agency presented by Reicherts et al. [114] and
Zargham et al. [137], or the belief that a CA should not have or express its own views [30]. While
participants of our study were more in favour of receiving feedback from a CA rather than a human
(9 out of 13), some found CA’s feedback inappropriate (e.g., P6 “‘Why are you saying bad things
about the food that I am going to eat?’). Other participants have also questioned the authority
of the agent to provide them with this kind of feedback (e.g., P2: “‘Who are you to be telling me
that?’). It could be argued that in both feedback conditions, Food Genie violated participants social
expectations regarding CAs, which consequently yielded lower appropriateness scores.

5.2 Behavioural Analysis

Based on the results of previous studies on eliciting participants’ expectations regarding proactive
CAs [132, 137] and research on decision-making systems [15, 112], we hypothesised that a proactive
CA (which asks for user’s permission before providing feedback) will foster more reflection by:
making them relisten their choices more frequently (H4) and consequently lead to more menu
selection changes (H5) than a CA that provides feedback without permission and CA that does not
provide any feedback.

5.2.1 Relistening Behaviour—H4. Contrary to our expectations, both unsolicited and solicited
feedback conditions have led to significantly more frequent relistening behaviour compared to
the baseline. It seems that the abruptness of the intervention was equally effective in making
participants question their selection and consequently encouraged them to listen to the available
menu options again. This result is related to findings reported by Graesser et al. [54] who noted
that, despite their negative perception, system interruptions that are unexpected and confusing can
have a positive contribution to users’ learning experience by increasing engagement in the task.
The longer hesitations before making the decision about the user’s choice in unsolicited feedback
conditions can also be interpreted as a sign of higher engagement in the task and deeper reflection
about their choice.

5.2.2 Changing Choices—H5. We have not registered any statistically significant differences
between both proactive feedback strategies when it comes to changing selected menu options.
A plausible explanation is that in both conditions the CA provided transparent feedback about
nutritional values of menu items without trying to manipulate the participants. This finding is
similar to results of the study by Dubiel et al. [33] where persuasive perception of the agent did not
translate to changes in participants’ selections.

5.3 Takeaways and Reflections for Proactive Decision-making Support

Our study indicates that, while proactive feedback interventions may be considered as less trustwor-
thy and less appropriate than the standard, no feedback interaction (offered by the majority of the
current voice-only CAs) provides a way to impact the users’ decision-making process. Additionally,
our data showed that up to one third of participants did not perceive the difference between the
types of feedback, while for the rest the preferences of feedback were distributed practically equally.
This trend may indicate that all three types of feedback (i.e., baseline, solicited and unsolicited) can
be perceived as useful by different groups of users. It is also possible that the preferred type of
feedback can be connected with communication norms that apply in different cultures, and differ-
ences in main personality traits such as conscientiousness, agreeableness, neuroticism, openness to
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experience and extraversion (i.e., the Big Five Personality Traits [52]). However, the specific impact
of these factors should be explored in future work.

As indicated by our experimental data (see Figure 3), participants had a general propensity to
trust the automated feedback. Interestingly, even unsolicited feedback interventions did not seem to
affect the level of trust and the belief in the benevolent and impartial nature of the CA as a source of
credible feedback (possibly explaining the skewed distributions of plots in Figure 3(a)). It should be
noted that this ‘credit of trust’ towards proactive CA intervention offers an opportunity to benefit
the users by making their decisions more considerate, but it can also be used to manipulate users’
decisions to their disadvantage.

Moreover, as mentioned by our participants during the semi-structured interviews, the feedback
should provide a right balance between the timeliness of intervention and appropriateness. Solicited
feedback that is provided too late could potentially be perceived as inappropriate and manipulative.
On the one hand, unsolicited feedback may be preferable for the situations when we want to
slow down the user’s decision-making process and foster reflection (e.g., combating impulsive
purchases). On the other hand, while theoretically more appropriate, solicited feedback can be
more deceptive as, by giving the agent the opportunity to present the feedback, we potentially
become more likely to get influenced without conscious control [1] by unwittingly giving consent
to be exposed to persuasive attempts [20]. In our study, all participants decided to take the feedback
when it was available, however, some participants felt ‘guilty’ and that is why they followed the
recommendation as not to ‘upset the agent’. One way of addressing this problem, as suggested by
Dubiel et al. [31] would be to provide users with control over the desired level of CAs’ proactivity
and personalised support.

Going beyond the ‘food ordering’ domain, we believe that there are many more areas where
proactive voice-based CAs can proliferate. One such area is health and well-being, where the agent
can proactively challenge the user to become more active by making them reflect on their lifestyle.
For example, this could be achieved by adding alternative exercise suggestions to self-tracking CAs
(such as the ones discussed by Kocielnik et al. [72]). Proactive CAs can also be used in Al-supported
decision-making. Specifically, building on research by Gajos and Mamykina [46], a CA can suggest
alternative problem solutions to promote caution, reduce overreliance, and make users reflect
on their own reasoning. Yet another potential application area is combating procrastination and
addictive behaviours such as excessive use of smartphones. Recently, Li et al. [82] proposed a
text-based chatbot, called ‘StayFocused’ to promote reflection on their smartphone usage. One
possible extension of this system would be to incorporate proactive voice interventions during
extensive periods of social media usage, to alert users regarding that they have spent on the
particular platform and suggest switching to other, more productive activities.

While our study provides a use case for a proactive reflection CA, it should be noted that
development and implementation of such systems will require overcoming several challenges. Firstly,
the design of proactive CAs will require balancing between the goals of users and service providers
which may be contradictory (e.g., healthy diet vs. more profit). Consequently, future research
should consider tradeoffs between different stakeholders’ goals in the design process and their
implementation. Secondly, effective personalisation of proactive CAs in the food recommendations
will be required. Previous research on recommender systems indicates that personalisation can lead
to filter bubbles, preventing discovery of new food options and effectively lead to a less healthy
and less varied diet, as compared to a generic system [128]. Another important consideration when
implementing proactive voice assistance is the setting in which interaction takes place. Previous
work shows that location (e.g., work vs. home) and social context (e.g., using CA when alone vs. in
shared spaces) are crucial factors that determine social acceptability of CA interactions [32, 37].
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5.4 Limitations

We are mindful that our study is subject to some limitations. First, TorToiSe does not support
real-time speech synthesis, which led us to design a scenario with a limited number of menu
options to choose from. However, this design decision provided us with more control over the
experiment and helped to ensure high consistency between trials. Second, we only used a male
voice in our experiment and left the exploration of the impact of female-synthesised voices with
the same software for future work, as the persuasiveness agent may vary based on its gender [136].
Third, we did not gather participants’ preferences to create personalised menu options. However,
this decision was taken to limit privacy implications associated with creating personalised user
profiles. Fourth, it should be noted that our experiment was limited to one-off interaction, therefore
different results could have been observed over long-term CA usage, given that trust is a concept
that is known to develop over time [61]. Fifth, it is possible that the difference in intervention
points in proactive feedback conditions could have impacted participants perception of the CA
in terms of trust and appropriateness, since the timing of feedback was different. However, as
explained in Section 3.5, this design choice was taken to facilitate distinction of both strategies and
make solicited feedback less obtrusive. Related to the fifth point above, we gathered the qualitative
feedback from the users after all three ordering tasks have been completed, which could have
impacted their ability to recall specific characteristics of Food Genie’s behaviour in each individual
condition. Finally, we would like to point out that, due to transient nature of speech, a graphical
user interface would have provided participants with an ability to better scrutinise and reflect on
provided menu options. However, since voice-only CAs currently allow users to order products
and services, we decided to explore this modality in the current study.

On the note of generalisability, we acknowledge that since our study was set in the lab, some
participants may have been affected by social desirability bias (i.e., the tendency to act in a way
that is considered more socially desirable rather one that reflects their true intentions) [55]. Related
to this point, participants’ response times could have been affected by the ‘pressure to perform’.
Therefore, it is possible that the selected menu items could have been different if participants were
ordering food at home. Finally, we would like to note that our findings should be considered in the
context of a food ordering scenario and may not generalise beyond this domain.

5.5 Future Work

Future work should experiment with different domains in which users’ autonomy can be compro-
mised. In our protocol, the CA made interventions aligned with the users’ values that might fall
under the category of ‘nudges’. As Noggle [101] explains, nudges that highlight information that
is necessary for the user to make a decision are not manipulative, like in our case. However, it is
necessary to test when proactive messages can foster reflection in scenarios where the intervention
is not aligned with the users’ values and with hidden manipulative techniques. In our study, CA’s
persuasive interventions provided information to users in a transparent way and without any
manipulative intent.

Furthermore, to ensure ecological validity, future studies should be conducted in real interaction
contexts and consider behavioural metrics over longer interaction periods. For example, when
analysing longitudinal interactions with CAs, researchers can focus on the duration of interactions,
user’s response latency to proactive interventions and frequency of following vs. rejecting CA’s
recommendations. Subject to users’ consent, such data could be analysed as interaction logs, or by
following the ethnomethodological approach proposed by Porcheron et al. [107] where an external
device is used to record user interactions that are then analysed using conversational analysis tools.
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6 Conclusion

We have investigated how the proactive feedback interventions of a CA affects its perceived
trustworthiness, persuasiveness and appropriateness and explored its impact on reflection and
choices in a decision-making task. We found that unsolicited feedback strategy was perceived
as less appropriate than the baseline condition (no feedback). Interestingly, while unsolicited
feedback was generally perceived as less appropriate than solicited feedback, it led to equally more
frequent relistening behaviour and effectively slowed down the decision-making process. Our
investigation of the impact of providing feedback in support decision-making tasks is pertinent, as
CAs are starting to exhibit more proactive capabilities and thus have potential to influence and
even modify the user’s behaviour. Our Supplementary Materials, codebook, analysis scripts and
interview questions are available at https://github.com/asyasergeeva/foodgenie.
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