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Abstract

This thesis reports a between-subjects experiment testing how conversa-
tional formality affects how older adults evaluate and interact with an au-
tonomous voice assistant during a well-being check-in. Prior research sug-
gests that formal language increases perceptions of professionalism and
trustworthiness, whereas informal language increases perceived friendli-
ness and empathy. In the context of well-being, both perceptions of pro-
fessionalism and friendliness may be experienced positively and increase
intention-to-use. However, most evidence on the effect of formality comes
from Wizard of Oz studies or domains outside well-being. It therefore re-
mains unclear whether formality affects older adults” evaluations and be-
havior when the assistant is autonomous and the interaction asks users to
reflect on their well-being. In this study, 137 older adults interacted with
Cali, a voice assistant developed for this study, which conversed in either
a formal or informal style. Participants then completed measures of per-
ceived empathy, anthropomorphism, likeability, perceived intelligence,
trust, and intention to use, and provided open-ended feedback. Transcripts
were used to examine conversational behavior. Results showed that par-
ticipants indeed perceived the formal version as more formal. However,
conversational formality did not reliably affect perceptions, intention-to-
use, or participant conversational behavior. Instead, prior experience with
voice assistants was associated with stronger intention to use Cali. Ex-
ploratory results suggested possible associations between participant per-
sonality and perceptions of Cali. These findings suggest that formality
alone is unlikely to improve older adults’ evaluations of voice assistants
in well-being check-ins. Designers should therefore look beyond conver-
sational style and consider users’ prior experience and personality when

developing voice assistants for reflective well-being contexts.

Keywords: Voice Assistants, Conversational Style, Formality, Older Adults,

Trust, Technology Acceptance, Well-being, Conversational Behavior
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1. Introduction

The global population is aging rapidly, with the share of people aged 65
and older increasing from 5.5 percent in 1974 to 10.3 percent in 2024, and
projected to double again to roughly 20.7 percent by 2074 (United Nations
Population Fund n.d.). In the United States, this demographic shift is partic-
ularly pronounced, placing growing strain on healthcare systems and care-
givers (U.S. Census Bureau 2023). Many older adults want to age in place,
and are turning to digital technologies to do so (O’Brien et al. 2020).

Among these technologies, voice assistants have emerged as a promising
tool for remote healthcare, offering older adults a natural, hands-free way
to access companionship, obtain health information, and maintain indepen-
dence by reducing reliance on caregivers (C. Chen et al. 2023; O’Brien et al.
2020). This thesis focuses on voice assistants, understood as speech-based
conversational agents! that interact with users through spoken natural lan-
guage. Yet adoption remains uneven (Pradhan, Lazar, et al. 2020). A recent
systematic literature review of conversational agents for older adults” health
shows that older adults” acceptance is shaped by concerns such as privacy,
dependence, usability, information quality, personalization, and control (An
et al. 2025). Because voice assistants are experienced through spoken in-
teraction, adoption depends not only on functional usefulness but also on
whether the assistant’s communicative style feels trustworthy, appropriate,

and supportive in context.

Conversational formality is one social cue through which users infer
what kind of voice assistant they are interacting with (Chaves and Gerosa
2021; Desai, Chin, et al. 2024; Cox and Ooi 2022). Formal language is often
associated with competence, professionalism, and authority, while informal
language can convey warmth, approachability, and empathy (Desai, Chin,
et al. 2024, Cox and Ooi 2022). For older adults, these distinctions may
be especially salient because conversational style can shape the social role
assigned to the assistant. Prior work suggests that older adults often com-

pare formal voice assistants to professionals such as doctors or librarians,

IThe broader term conversational agent is used when discussing literature that in-
cludes text-based chatbots, embodied agents, or dialogue systems more generally.



while informal assistants are more often linked to familiar social roles such
as family or close friends (Desai, Chin, et al. 2024). In healthcare-adjacent
interactions, these role impressions matter because users may be asked to
share personal information and follow guidance, situations where credibil-

ity and emotional support both shape comfort and trust (Zhan et al. 2024)

However, much of the existing evidence on older adults’ responses to
conversational formality comes from highly controlled Wizard of Oz stud-
ies, including Desai, Chin, et al. (2024) and Zhong and M. Ma (2022). In
these studies, human operators tightly script and manage the assistant’s
behavior. This design leaves open whether conversational style remains
meaningful when the assistant is fully autonomous rather than human-
simulated. Existing work has mostly examined formality in task contexts
outside healthcare. It therefore remains unclear how older adults interpret
conversational formality when interacting with an autonomous voice assis-
tant in a healthcare-adjacent well-being check-in. This gap limits our un-
derstanding of whether and how formality functions as a social signal that

shapes perceptions and behavior in healthcare contexts.

To address this gap, together with the project team (see Contribution
Statement), I built “Cali”, a voice assistant that conducts well-being check-
ins with older adults in formal and informal conversational styles. In this
thesis, I present results from an experiment with 137 older adults (60 to 85

years old, M=66.35). My study answers three research questions:

* RQ1: What effect does a voice assistant’s conversational formality
(formal vs. informal) have on perceptions of empathy, likability, in-

telligence, anthropomorphism, and trust?

* RQ2: What effect does a voice assistant’s conversational formality

have on intention to use voice assistants?

* RQ3: What effect does a voice assistant’s conversational formality

have on participants’ conversational behavior?

These questions are relevant because the research gap is not only whether

older adults can use voice assistants, but whether a specific conversational
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design dimension remains meaningful in an autonomous healthcare-adjacent
interaction. RQ1 addresses the central perceptual question: whether for-
mal versus informal language changes how older adults evaluate the assis-
tant in terms of empathy, likability, intelligence, anthropomorphism, and
trust. RQ2 examines whether conversational formality influences intention
to use the voice assistant, an important factor for its successful adoption in
well-being support. RQ3 examines whether conversational formality influ-
ences how participants communicate during the well-being check-in. Un-
derstanding these behavioral effects is important because design choices
should be evaluated not only by what users report, but also by how they
shape real interactions. Together, these questions connect the literature gap
to both design theory and practical deployment: if formality affects percep-
tions, intention to use, or conversational behavior, it may be a useful design
lever; if it does not, this suggests that other aspects of autonomous voice

interaction may matter more.

The remainder of this thesis is structured as follows. I first review related
work on conversational formality, trust, and empathy. I start with human-
Al interaction and then narrow down to voice assistants for older adults,
leading to the hypotheses for the research questions. I then describe the ex-
perimental design, including the development of Cali, participant recruit-
ment, and measurement instruments. Next, I present my findings, followed
by a discussion of their implications for the design of voice assistants. Fi-

nally, I conclude with limitations and directions for future research.



2. Background

2.1 HCI and Al Interaction Design

Across Human Computer Interaction (HCI) and Al interaction research,
people consistently evaluate systems not only by technical function but also
by how the interaction feels, including how the system presents itself and
what it communicates through its behavior (Chaves and Gerosa 2020). Early
conversational systems such as ELIZA, shown in Figure 2.1, already made
this visible: even simple machine dialogue could invite social interpretation
rather than purely instrumental use (Chaves and Gerosa 2020; Rahman and
Desai 2026).
Welcome to
EEEEEE LL
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LL
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enbaum

friend made you come here ?
I the time.

am unhap
(plain what

Figure 2.1: ELIZA as an early example of conversational interaction in HCI
and AL

This observation was formalized through the Computers Are Social Ac-
tors (CASA) paradigm: people often apply social rules and expectations to
computers rather than treating them only as neutral tools (Nass and Moon
2000). From the 2000s to the 2010s, the literature shifted from a simple social
response to more explicit work on anthropomorphism and social character-
istics, asking how human-like cues such as language, personality, and style
shape perception (Chaves and Gerosa 2020; M. Li and Suh 2022).
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At the same time, this literature also shows that social cues do not work
uniformly. Users are not simply fooled by Al; instead, effects depend on
context, expectations, and whether the system’s social cues fit its role and
capabilities (Chaves and Gerosa 2020; M. Li and Suh 2022). More recent
human-AI communication theory draws on Theory of Mind to explain how
users reason not only about what an Al system does, but also about what
it seems to know, mean, and intend (Q. Wang et al. 2021). Mutual Theory
of Mind extends this further by treating communication as a two-sided pro-
cess in which expectations develop through feedback and interaction. This
becomes especially relevant as Al systems become more adaptive and able
to shape the exchange through context-sensitive responses (Q. Wang et al.
2021; Rahman and Desai 2026).

Across these shifts, the argument becomes stronger that how an Al sys-
tem communicates is a fundamental part of interaction design, not just sur-
face wording or polish (Chaves, Doerry, et al. 2019; Chaves and Gerosa
2020). This helps motivate formality as a meaningful design variable, since
differences in how formal or informal a system converses can affect whether
the interaction feels appropriate or unnatural in context (Chaves, Doerry, et
al. 2019). This broad HCI and Al framing leads to voice assistants, where
communication is not just part of the interface but the main interface (Clark
et al. 2019; Q. Wang et al. 2021).

2.2 Voice Assistants

Earlier voice technologies were often framed as tools for simple tasks such
as commands, dictation, spoken search, reminders, timers, and basic infor-
mation seeking (X. Ma and Liu 2020; Narang and Bedathur 2013; Pradhan,
Lazar, et al. 2020). By the late 2010s, smart speakers such as Amazon Echo
and Google Home helped move speech interaction into everyday domes-
tic settings, making voice assistants a more familiar way for users to access
digital services and Al-mediated support (Clark et al. 2019; Pradhan, Lazar,
et al. 2020). This shift matters because voice assistants are no longer only

technical input systems; they are conversational interfaces whose commu-

10
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nicative style can shape how users interpret the system. Furthermore, as fu-
ture technology becomes increasingly multimodal, voice is expected to play
a central role in how we interact with digital systems. Consequently, study-
ing voice assistants is crucial to understanding this emerging paradigm of
human-computer interaction, as their design will shape the future of every-

day user experiences (Clark et al. 2019).

Technically, voice assistants can be understood through spoken-interaction
pipelines. When a user speaks to the system, the spoken input is captured
and transcribed or interpreted through speech-recognition and language-
understanding components. A dialogue or language-processing layer then
determines what response is appropriate, after which the system returns
that response through synthesized speech (Clark et al. 2019). Figure 2.2
illustrates this cascaded structure and contrasts it with newer end-to-end
speech-to-speech systems, which can integrate speech input, language pro-

cessing, and speech output more directly (Ji et al. 2024; Zhou et al. 2023).

The dialogue layer is where voice assistants become conversational Al
systems rather than only speech interfaces. After speech has been recog-
nized, the system still has to work out what the user means, what prior con-
text matters, and what response would fit the current turn. Earlier dialogue
systems and chatbots often handled this through scripts, pattern match-
ing, intent classification, rules, or explicit dialogue-state representations (H.
Chen et al. 2017). More recent LLM-based systems shift this design space
by allowing more flexible response generation and more context-sensitive
language (Yi et al. 2024). The important continuity is that changing the
technology does not remove the dialogue problem: the assistant still has
to interpret the user’s utterances, maintain enough context and choose an

appropriate response that fits the moment.

The shift toward LLM-based voice assistants strengthens the connection
between artificial intelligence and interaction design. Earlier voice assis-
tants were often limited to relatively fixed commands and responses, but
newer systems can produce more flexible, adaptive, and socially expressive

interactions. This matters because users may not only evaluate what the as-

11
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Figure 2.2: Cascaded compared to end-to-end systems for voice assistants.
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sistant says, but also what its conversational behavior suggests about what
it knows, intends, or understands. Recent work on spoken LLMs makes
this shift especially visible, showing that these systems can model not only
response content, but also speech-related features such as speaking style,
timbre, and spoken delivery (Ji et al. 2024; Lin et al. 2024; Zhou et al. 2023).
However, this increased fluency also creates a design challenge. When an
assistant sounds natural, confident, or socially appropriate, users may find
it harder to distinguish between communicative style and actual system
competence. In other words, the assistant may appear more understand-
ing or capable because of how it communicates, even when its underlying
abilities are more limited. Contemporary human-Al communication the-
ory is useful for understanding this issue because it treats interaction as an
ongoing process in which users form expectations about a system through
its feedback, behavior, and communicative cues (Q. Wang et al. 2021). This
perspective helps explain why a feature such as conversational formality
may shape how users interpret a voice assistant, particularly in reflective

well-being interactions.

In voice assistants, technical behavior and communicative behavior are
difficult to separate in practice. Users do not directly evaluate automatic
speech recognition (ASR), dialogue management, language generation, and
text-to-speech as isolated components. They experience a single interac-
tion in which recognition errors, latency, response timing, repair behavior,
wording, voice quality, and tone all contribute to whether the assistant feels
fluent, intelligent, reliable, or awkward. This integrated experience also
explains why voice assistants can be promising without being automati-
cally successful. Spoken interaction may reduce some barriers associated
with typing, visual navigation, or complex interfaces. Pradhan, Lazar, et
al. (2020) emphasize that smart-speaker voice assistants do not necessar-
ily require expertise with mobile or desktop computing, and Hanley and
Azenkot (2018) similarly support the promise of voice interaction for older
adults. However, the promise of voice depends on whether the interaction
actually works well. Reliability concerns can reduce use even when fea-

tures are initially perceived as useful (Pradhan, Lazar, et al. 2020), conversa-

13
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tional breakdowns can shape acceptance (Desai and Chin 2023), and a recent
older-adult health review reports "low acceptance” of health conversational
agents for reasons including unstable effects, independence concerns, and

privacy concerns (An et al. 2025).

2.3 Older Adults and Voice Assistants

Older adults are an especially relevant user group for voice assistants be-
cause voice assistants are often positioned as tools for supporting indepen-
dence, access, and well-being in later life, while also raising distinct us-
ability and social-experience challenges (O’Brien et al. 2020; An et al. 2025;
Pradhan, Lazar, et al. 2020). In this thesis, I use “older adults” to refer to
adults over 60 years of age (UNHCR n.d.). Aging is associated with a range
of physiological and social changes that directly affect how people inter-
act with technology. Common age-related declines include reduced vision
and hearing acuity, slower reaction times, and impaired balance (Jaul and
Barron 2017). At the same time, older adults are often subject to social stig-
mas such as ageism, stereotypes, and negative societal narratives that frame
aging as a burden (Mendonga Lima 2004). These factors can contribute to
psychological outcomes including feelings of alienation, anxiety, and de-
pression (Holm et al. 2014). Together, this highlights that interaction design
for older adults must address not only functional limitations but also social

and emotional considerations.

These challenges are becoming increasingly relevant in light of global
demographic shifts. Rising life expectancy combined with declining fertil-
ity rates is leading to a rapidly aging population, with projections estimat-
ing that by 2060, approximately 25% of the global population will be older
adults (Beard et al. 2016; U.S. Census Bureau 2023). In response, the United
Nations declared 2021-2030 the “Decade of Healthy Ageing” emphasizing
the importance of supporting aging in place through research and inno-
vation (World Health Organization 2021). Within this context, technology

plays a critical role in enabling independence and improving quality of life.

14



2.3 Older Adults and Voice Assistants

Technology use among older adults has been linked to improved phys-
ical and mental health, increased autonomy, and reduced loneliness (Czaja
and Lee 2006; Mihailidis et al. 2004; S. Wang et al. 2019). However, persistent
myths continue to shape both public perception and system design, includ-
ing assumptions that older adults are disinterested in technology, lack the
ability to use it, or are difficult to teach (Czaja and Lee 2006; Wandke et al.
2012). Evidence suggests that these barriers are often not inherent to users,
but instead stem from poor design choices and insufficient support (Czaja
and Lee 2006; Heinz et al. 2013; Morris 1994; Kimberly Miller 2013; Wandke
et al. 2012). This shifts the focus from user deficits to design responsibility.

Voice assistants offer a promising alternative to traditional graphical user
interfaces (GUISs), particularly for older adults. By reducing reliance on vi-
sion, minimizing cognitive load, and removing the need for complex input
modalities such as touchscreens or mice, voice assistants provide a more ac-
cessible and intuitive interaction modality (Charness and Boot 2009; Czaja
and Lee 2006; Morris 1994). As a result, they are generally perceived as
easier to learn and use, and are positively received by older adult users
(Bickmore et al. 2005; Portet et al. 2011; Pradhan, Lazar, et al. 2020; Stigall
et al. 2019; Ziman and Walsh 2018). Importantly, voice assistants shift the

interaction paradigm from visual navigation to conversational exchange.

Within this conversational paradigm, the quality of the interaction expe-
rience becomes central. Prior work shows that older adults value not only
the functional capabilities of voice assistants, but also their conversational
and social aspects. For instance, longitudinal studies have found that users
appreciate the sense of companionship provided by voice assistants, some-
times describing them as “invisible friends” (Pradhan, Findlater, et al. 2019).
Over time, users also become more comfortable with conversational inter-
action, showing increased tolerance for system errors and a greater appreci-
ation for conversational features (Kim and Choudhury 2021). This suggests

that how a system communicates may be as important as what it does.

Prior experience is therefore an important part of older adults’ voice as-

sistant acceptance. Experience with voice assistants can change over time as

15
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unfamiliarity gives way to greater comfort, tolerance of errors, and appreci-
ation of conversational features (Kim and Choudhury 2021). Conversely,
low prior technology use and reliability concerns can limit uptake even
when voice interaction appears accessible (Pradhan, Lazar, et al. 2020). Prior
experience may therefore shape how older adults interpret a voice assis-
tant’s behavior and whether they judge it as trustworthy, usable, or worth

using.

At the same time, several challenges remain. Older adults may expe-
rience hearing-related difficulties that affect speech-based interaction, un-
certainty about what to say or how to structure interactions, frequent con-
versational breakdowns, and concerns about privacy (Kim and Choudhury
2021; Pradhan, Findlater, et al. 2019). These challenges further emphasize
the importance of clear, predictable, and socially appropriate communica-

tion styles in voice assistant design.

Together, this literature establishes older adults as a focal population for
voice assistant research: voice assistants may reduce some access barriers,
but acceptance still depends on usability, prior experience, trust, privacy,
and socially appropriate communication. The next section narrows from
the population to the well-being context in which these concerns become

especially consequential.

2.4 Voice Assistants and Well-Being Check-Ins

Well-being check-ins are an important setting for studying older adults’
perceptions of voice assistants they represent a socially and emotionally
sensitive context. Unlike general-purpose tasks such as setting reminders
or asking for information, check-ins ask users to disclose aspects of their
health, mood, and well-being. This means that users may evaluate the
assistant not only in terms of usability, but also in terms of trust, com-
fort, appropriateness, and willingness to continue interacting with it. Well-
being check-ins also depend on users sharing enough information for the
exchange to be useful, so behavior during the conversation matters along-

side post-interaction ratings. Conversational agents are increasingly being

16



2.4 Voice Assistants and Well-Being Check-Ins

explored in mental health and well-being contexts, where they may as-
sist with psychoeducation, consultations, treatment support, social support,
and resilience-building (H. Li et al. 2023). For older adults, this context
is especially relevant because healthcare interactions often intersect with
broader goals of independence, aging in place, and access to support out-

side formal clinical encounters (An et al. 2025).

The findings for conversational agents in mental health and well-being
are promising but uneven. In a systematic review and meta-analysis, H.
Li et al. (2023) found that Al-based conversational agents significantly re-
duced symptoms of depression and psychological distress, with some evi-
dence that effects may be stronger for multimodal or voice-based agents and
for middle-aged or older adults. At the same time, the same review found
no significant improvement in overall psychological well-being, suggesting
that short-term symptom reduction and broader well-being should not be
treated as equivalent outcomes (H. Li et al. 2023). This distinction is impor-
tant for well-being check-ins, which may aim not only to detect or reduce
distress, but also to support comfort, continuity, and willingness to engage

over time.

Healthcare voice assistants also raise adoption concerns that are less
central in casual voice assistant use. Trust is especially important because
healthcare interactions involve personal information, perceived expertise,
and potentially consequential advice. Prior work on healthcare voice Al as-
sistants shows that trust is shaped by functional factors such as usefulness,
content credibility, service quality, and security or privacy risk, and that
trust is linked to intention to use these systems (Zhan et al. 2024). From the
practitioner side, AlMakinah (2025) similarly argues that Al-enabled con-
versational agents may help expand access to mental health support, but
that adoption depends on clinician confidence, ethical safeguards, trans-

parency, reliability, and organizational support.

These findings position well-being check-ins as a useful case for study-
ing voice assistant acceptance. The interaction is simple enough to be op-

erationalized as a short check-in, but sensitive enough that users may eval-
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uate the assistant in terms of trust, empathy, appropriateness, and comfort
rather than only task completion. Prior work establishes the promise of
voice assistants for healthcare and well-being support, while also showing
that acceptance depends on more than access or functionality alone. This
creates a need to examine how older adults experience autonomous voice
assistants in concrete healthcare-adjacent interactions. In the next section, I
turn to the more specific question of how conversational style shapes those

experiences.

2.5 Conversational Design

Conversational design refers to the way an interaction with a conversational
agent is crafted to create intuitive and natural experiences, taking into con-
sideration both technical limitations and user needs (Google Cloud n.d.).
This is useful here because voice assistants do not only complete tasks; they
also communicate through social and linguistic cues. The framework in Fig-
ure 2.3 is based on the literature review by Chaves and Gerosa (2020), which
organizes social characteristics in chatbot interaction design into three broad

categories: “conversational intelligence (1)”, “social intelligence (2)”, and

“personification (3)”.

Although their review focuses on chatbots, the framework is relevant
here because both chatbots and voice assistants fall under the umbrella term
of conversational agents whose interactions are shaped through conversa-
tional design. Each broad category contains smaller concepts that describe
a more specific part of the interaction. In Section 2.6, I use this framework to
show where formality fits in conversational design and why it matters for

voice assistants.

Conversational intelligence (1) concerns whether an agent can maintain di-
alogue as an interaction rather than merely complete a technical conver-
sational objective (Jain et al. 2018). This includes proactivity (CI1), or the
ability to initiate relevant topics, suggest next steps, provide additional in-
formation, and ask follow-up questions in ways that reduce user effort and

help sustain the exchange (Oulasvirta and Salovaara 2004; Morrissey and

18



2.5 Conversational Design

-

~

Conversational Intelligence (1)

Characteristics that help the agent manage dialogue as an interaction.

Proactivity Conscientiousness| | Communicability
(cn) (CI2) (CI3)
Initiates relevant topics, Keeps the conversation on Clarifies capabilities,
support, or recovery track and maintains expectations, next steps,
Cetions at the right time. continuity of context. and help options. /

Social Intelligence (2) \

Characteristics that make the agent socially appropriate, considerate, and
responsive to human needs.
Damage Control Thoroughness Manners
(sh) (S12) (SI3)
Handles errors, abuse, Provides enough Uses etiquette, small talk,
failed interactions, and information and remains turn-taking, and face-
sensitive breakdowns. consistent across turns. sensitive behavior.
Moral Agency Emotional Personalization
(S14) Intelligence (SI5) (S16)
Avoids bias, stereotyping, Recognizes, regulates, Adapts to users while
alienation, and socially and responds to affective balancing privacy and
harmful responses. needs. control.

\\

Personification (3) R

Characteristics that let users perceive the agent as having a coherent social

presence.
Identity (P1) Personality (P2)
A coherent persona that users Expression through language,
can recognize. humor, warmth, and behavioral

consistency.

\ /

Figure 2.3: Conversational design characteristics in chatbot interaction design,
adapted from Chaves and Gerosa’s literature review.

Kirakowski 2013; Silvervarg and Jonsson 2013). It also includes conscien-
tiousness (CI2), or attention to the ongoing conversation: tracking context,
treating each utterance as part of a broader dialogue, and keeping the ex-
change relevant and continuous (Duijst 2017; Dyke et al. 2013; Morrissey
and Kirakowski 2013). Finally, communicability (CI3) concerns whether the
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system makes its purpose, capabilities, next steps, and available forms of
interaction clear to the user. This is especially important in voice interfaces
where users cannot rely on visible buttons or menus to discover what the

system can do (Prates et al. 2000; Souza et al. 1999; Grossman et al. 2009).

Social intelligence (2) concerns whether the assistant behaves in ways that
are socially appropriate, considerate, and responsive to human needs. This
category matters because people often apply social expectations to comput-
ers, as described by the CASA paradigm, rather than treating them only as
neutral tools (Nass and Moon 2000). In practice, this means that the assis-
tant has to manage both routine conversational norms and moments where
the interaction becomes fragile. Damage control (SI1) captures the fragile
side: how the assistant handles errors, user challenges, abusive input, sen-
sitive breakdowns, and recovery after failed interactions, all of which can
shape whether the conversation continues or collapses (Luger and Sellen
2016; Cercas Curry and Rieser 2018; Jain et al. 2018). Thoroughness (S12) and
manners (SI3) address the more ordinary but equally important challenge
of sounding appropriate from turn to turn. Thoroughness refers to pre-
cise, consistent, and context-appropriate language use; Chaves and Gerosa
(2020) emphasize that “language is the main tool” in conversational inter-
faces and that agents should use an “expected style.” Manners include
greetings, apologies, closings, politeness, turn-taking, and other behavior
that help maintain social harmony (Brown 2015; Jain et al. 2018; Tallyn et al.
2018). Social intelligence also extends beyond politeness to broader respon-
sibility and responsiveness. Moral agency (SI4) concerns avoiding biased,
stereotyped, alienating, or socially harmful responses. This is particularly
relevant when users infer identity cues such as gender, ethnicity, or role
from the agent’s language style, voice, or name, even when those identities
are only implied rather than explicitly stated (De Angeli and Brahnam 2006;
Marino 2014; Schlesinger et al. 2018). Another concept underlying social
intelligence is emotional intelligence (SI5), which involves recognizing and
responding to affective states through empathy, respect, and understand-

ing. Finally, personalization (516) adapts content or behavior to the user or
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context (Salovey and Mayer 1990; Ho et al. 2018; Fan and Poole 2006; Neu-
rurer et al. 2018).

Personification (3) concerns the coherent social presence users perceive
the assistant to have. In Chaves and Gerosa’s framework, this social pres-
ence is built through identity (P1) and personality (P2) (Chaves and Gerosa
2020). Identity is about who the assistant appears to be in social terms,
including recognizable cues such as role, gender, age, status, or language
style (Stets and Burke 2000; Cassell 2009; Chaves and Gerosa 2020). Per-
sonality is about how the assistant appears to behave over time, through
stable traits expressed in language, humor, warmth, politeness, or consis-
tency (McCrae and Costa 1997; Mairesse and Walker 2009; Shum et al. 2018).
The distinction is useful conceptually, but in actual interaction the two are
tightly linked: the same wording can simultaneously signal a social role and
a behavioral style, making them difficult to separate. For example, an assis-
tant that says, “Good afternoon. How may I assist you today?” is likely to be
interpreted as both occupying a more institutional role (e.g., a service rep-
resentative or clinician) and having a reserved, professional demeanor. By
contrast, an assistant that says, “Hey! What's up, how can I help?” is likely to
be interpreted as both more peer-like in role and more friendly and casual

in demeanor.

2.6 Conversational Formality

Conversational formality is the extent to which a communicator uses a for-
mal style, with language that is explicit, impersonal, and context-independent,
rather than an informal style that is more direct, warm, and interpersonally
involved (Heylighen and Dewaele 1999). I focus on formality because it is
a fundamental aspect of communication that directly shapes dialogue and
user perceptions. In the conversational-design framework, formality fits
most clearly within social intelligence (2), particularly through thorough-
ness (SI2). Part of being thorough is being consistent from turn to turn,
including keeping a consistent level of formality. Because conversational in-

terfaces rely mainly on language, this consistency helps the assistant sound
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natural and appropriate for the situation. Chaves and Gerosa therefore ar-
gue that chatbots should avoid mixing language styles, and they note that
language whose formality does not match the situation can feel unexpected
and make the conversation seem awkward (Chaves and Gerosa 2020). For-
mality also relates to manners (SI3), because more formal language often
includes politeness markers and interaction rituals such as greetings, apolo-
gies, and closings that help maintain social harmony (Brown 2015; Jain et
al. 2018; Tallyn et al. 2018). Formality also connects to personification (3)
because users may infer role, relationship, and personality from how an as-
sistant speaks. Chaves and Gerosa list “language style” as an identity cue
within identity (P1) and define personality (P2) in terms of an agent’s “in-
teraction style” (Chaves and Gerosa 2020). Formality is therefore not only
a matter of wording; it can also signal what kind of social role the assistant

occupies and what kind of relationship the interaction invites.

This social interpretation of formality also has a linguistic basis. Linguis-
tic work on formality helps make this design cue more concrete. Heylighen
and Dewaele (1999) define formality in terms of context-independence: for-
mal language is more explicit and less dependent on shared situational con-
text, while informal language is more involved, direct, and context-dependent.
Their “F-score” (formality score) operationalizes this distinction through
part-of-speech frequencies, treating nouns, adjectives, prepositions, and ar-
ticles as more formal indicators, and pronouns, verbs, adverbs, and interjec-
tions as more informal indicators. The Coh-Metrix work by Graesser et al.
(2014) offers a broader discourse-level view, describing formality through
the dimensions of narrativity, syntactic complexity, word concreteness, and

cohesion. These dimensions are shown in Figure 2.4.

Referential cohesion (1) refers to how clearly a text maintains references
across sentences, for example by repeating key content words so that links
between ideas remain explicit. Deep cohesion (2) refers to how explicitly a
text signals logical and temporal relationships, for example through connec-
tives such as “because”, “therefore”, or “as a result”. Narrativity (3) refers to
the extent to which a text resembles a story, containing familiar characters,

events, locations, and experiences that readers can easily relate to.
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FEATUR
FORMAL INFORMAL

&

High = clearer references,

o Referential

Cohesion “You described your

sleep as disrupted.
Has this disruption
influenced your energy
levels today?”

often more formal/precise.

Deep
Cohesion

m because | —> | therefore | — | as a result

“Because your sleep was limited,

your energy levels are reduced.
Therefore, the day feels more

demanding.”

High = explicit logic,
can feel formal or
instructional.

“Morning fatigue was associated
with reduced activity and

lower motivation levels.”

Low = less story-like,

often more formal/analytical.

o Syntactic

Simplicity

L!

“Because fatigue persisted
after waking, remaining
at home became the

more feasible option.”

Low = more complex syntax,
often more formal.

“Your sleep was }

20
2 di ted. Did|that
G isrupted. Didthat]

make today harder?”

Low = more assumed context,
often more casual or

ambiguous.

LOW
Your sleep energy and today
was bad, is low, feels rough.

Low = more inference needed,
can feel denser or less
guided.

“You got up tired, tried to
get going, but everything
felt slower than usual.”

High = story-like,

often more
informal/conversational.

=D
9

High = simple and easy,

“You felt tired, so

you stayed home.”

often more informal/direct.

e Word LOW “A decrease in energy m %
“Your legs felt heavy
Concreteness may have impacted -
- when you got out
your overall ~
N of bed.”
o functioning.
Low = abstract vocabulary, High = easy to picture,
often more  formal/technical. often more informal/everyday.
formality = (referential cohesiion + deep cohesion - narrativity
- syntactic simplicity - word concreteness)/5.

Figure 2.4: Coh-Metrix Formality Score. Linguistic dimensions and example
phrasing used as a prompt-design reference.

Syntactic simplicity (4) concerns how structurally simple or complex sen-

tences are, with more complex texts containing longer sentences and a greater

degree of embedded or hierarchical grammatical structure. Word concrete-

ness (5) reflects whether language refers to tangible, image-evoking concepts

or to more abstract ideas and categories.
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Figure 2.4 is organized row-wise by linguistic feature (left column) and
contrasts example realizations of each feature in a formal versus informal
response (middle and right columns). The HIGH/LOW tags indicate which
end of each dimension is associated with the formal versus informal style in
this thesis” operationalization. For instance, formal responses are designed
to use higher referential cohesion and deep cohesion by making key refer-
ences and relations explicit (e.g., repeating content words and adding con-
nectives such as “because” and “therefore”), while informal responses rely
more on assumed shared context (e.g., pronouns such as “that”) and fewer

explicit connectives.

The annotations in the first row illustrate this difference. In the formal
example, the repeated lexical item ("disrupted" — "disruption") makes the
reference explicit and ties the follow-up question directly to the prior state-
ment. In the informal example, the referent is more implicit: the question
uses "that" to point back to the previously mentioned "sleep", which can

sound more conversational but requires more inference from the listener.

Formal language is associated with lower narrativity, greater syntac-
tic complexity, low word concreteness, and high cohesion, while informal
language tends toward more story-like, simpler, more concrete, and more
context-dependent expression. Together, these models show that formality
is not only an intuitive judgment about whether language sounds polite or

casual; it can also be described through measurable linguistic features.

Register refers to variation in language according to context, including
how formal, technical, personal, or conversational an utterance feels. Prior
work on conversational agents argues that register helps users form expec-
tations about what kind of system they are interacting with and what kind
of relationship the interaction invites (Chaves and Gerosa 2020; Chaves, Do-
erry, et al. 2019; Chaves and Gerosa 2021). In a healthcare voice assistant,
this is important because the assistant must balance credibility with emo-
tional connection. A style that sounds too casual may weaken perceived
competence, while a style that sounds too formal may make the system feel

cold or socially misaligned.
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This makes formality a concrete design cue to examine empirically, but
not one whose effects can be assumed in advance. The next section there-
fore turns from the conceptual and linguistic definition of formality to prior
studies that have tested how formal and informal conversational styles shape

user perceptions, behavior, and intention to use conversational agents.

2.7 Prior Work on Formality in Conversational Agents

Prior empirical work suggests that conversational formality can affect user
perceptions and behavior. In a sensitive self-disclosure context, Cox and Ooi
(2022) found that formal chatbot language was perceived as more compe-
tent and appropriate, while casual language was perceived as warmer. This
supports treating formality as a meaningful design variable for interactions
involving personal or health-related information. At the same time, these
findings come from text-based chatbot interaction, so they do not automati-
cally transfer to voice assistants, where users experience style through voice,
turn-taking, timing, and expectations shaped by (potential) prior voice as-

sistant use.

Balaji (2019) adds an important nuance: formality may matter more as a
cue of contextual appropriateness than as an independent driver of satisfac-
tion. The study developed a diagnostic questionnaire for user satisfaction
with information chatbots through expert review, literature review, focus
groups, and a preliminary questionnaire evaluation. During feature refine-
ment, “appropriate degrees of formality” was broadened into “appropri-
ate language style,” because formality was only one part of language use,
alongside vocabulary, tone, and general mannerisms. The focus-group find-
ings further suggest that users may not treat language style as important as
long as responses remain understandable, unless the style becomes impo-
lite, derogatory, or inappropriate for the service context. Because Balaji stud-
ied information-retrieval chatbots rather than healthcare or well-being voice
assistants, this evidence should be used cautiously; its value here is mainly
in framing formality as a matter of minimum contextual appropriateness

rather than as a universal preference for formal or informal language.
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The closest prior study is by Desai, Chin, et al. (2024), who found that
older adults were sensitive to conversational style and perceived formal and
informal voice assistants differently, with formal assistants more often de-
scribed through professional metaphors and informal assistants more often
linked to close social relationships. This work provides a direct foundation
for studying formality with older adults. However, the present study differs
on an implementation level: Desai et al.’s work used a Wizard-of-Oz setup
in which the assistant was simulated rather than fully autonomous. Fur-
thermore, the context is different: their voice assistant guided participants
while they played cognitive games on an iPad and reflected on their game
performance. As a result, it remains unclear how formality shapes older
adults” perceptions when the voice assistant is autonomous and embedded

in a healthcare-adjacent well-being check-in.

In terms of perceptions, prior work suggests that concepts including
trust, empathy, anthropomorphism, likeability, perceived intelligence, and
intention to use may be affected by formality. Trust is central in health-
care voice Al because it is linked to intention to use and shaped by factors
such as usefulness, credibility, service quality, and security or privacy risk
(Zhan et al. 2024). Empathy is relevant because well-being check-ins ask
users to discuss emotionally meaningful experiences, while anthropomor-
phism, likeability, and perceived intelligence capture whether the assistant
is interpreted as socially present, pleasant, or competent (Chin and Desai
2021; Mathur et al. 2026). Prior work with older adults also shows why
these outcomes should be separated: social tone can improve trust, empa-
thy, likeability, and adoption without necessarily changing perceived intel-
ligence (Mathur et al. 2026). Intention to use then captures whether these
perceptions translate into adoption-oriented evaluation, which is especially
important because social presence may be consequential for older adults’

technology acceptance (Chin and Desai 2021).

Conversational style can also affect what users do during the interaction,
not only how they rate the assistant afterward. This matters for healthcare
check-ins because the interaction depends on users providing enough spo-

ken detail to reflect on their well-being, disclose relevant information, and
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sustain a comfortable exchange. At the same time, more conversation is not
automatically better: longer duration or more turns may reflect engagement
and disclosure, but may also indicate burden, inefficiency, or uncertainty.
Prior work supports treating these behavioral traces as meaningful. Poivet
et al. (2023) found that communication style influenced input length, input
delay, and number of turns, while health-chatbot disclosure research has
examined breadth, depth, and word count as indicators of self-disclosure
(Stock et al. 2023). Older-adult health conversational agent research also
shows that users value natural, fluent, and longer conversations that allow
them to introduce new topics (An et al. 2025). These studies are not direct
formal-versus-informal voice assistant comparators, but they justify exam-
ining whether this thesis’s formality manipulation is reflected in behavioral
outcomes such as user word count, turn count, and words per turn along-

side perception ratings.

Taken together, this literature suggests that conversational formality is
a plausible but context-dependent design cue for older adults’” perceptions,
that prior voice assistant experience may shape intention to use, and that a
healthcare check-in provides a concrete setting for examining both percep-

tions and conversational behavior. This thesis therefore asks:

* RQ1: What effect does a voice assistant’s conversational formality
(formal vs. informal) have on perceptions of empathy, likability, in-

telligence, anthropomorphism, and trust?

* RQ2: What effect does a voice assistant’s conversational formality

have on intention to use voice assistants?

* RQ3: What effect does a voice assistant’s conversational formality

have on the conversational behavior of the participant?
Hypotheses

Informal language can signal warmth, approachability, and emotional
support, which may increase perceptions of empathy in conversational agents
(Cox and Ooi 2022; Mathur et al. 2026). For older adults, informal voice

assistants may also be interpreted through closer social metaphors (e.g.,
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family-like or familiar roles), which can further encourage warmth-based

interpretations (Desai, Chin, et al. 2024). Therefore:

H1 (Empathy): Participants will perceive the informal assistant as more

empathetic than the formal assistant.

Formal language, in contrast, can signal professionalism, competence,
and contextual appropriateness, particularly in sensitive health-related dis-
closure contexts (Cox and Ooi 2022). Because trust is central to healthcare
voice-Al adoption and is shaped by credibility, usefulness, service quality,
and privacy or security concerns (Zhan et al. 2024), a formal style may better
support a credible, appropriate interaction frame for discussing well-being.

Therefore:

H2 (Trust): Participants will perceive the formal assistant as more trust-

worthy than the informal assistant.

For intention to use, the literature motivates competing expectations and
so I state two competing hypotheses for intention to use. On the one hand, a
formal style may increase intention to use by reinforcing competence, cred-
ibility, and trust in a healthcare-adjacent setting (Cox and Ooi 2022; Zhan et
al. 2024). Formal, cohesive language may also improve communicability by
making purpose and next steps feel clearer in voice interfaces, where users
cannot rely on visible controls to discover functionality (Prates et al. 2000;
Chaves and Gerosa 2020). Thus:

H3a: A more formal assistant will lead to a higher intention to use.

On the other hand, an informal style may increase intention to use by
foregrounding warmth and social presence. Casual language is often per-
ceived as warmer (Cox and Ooi 2022), and older adults may interpret in-
formal assistants through closer relational metaphors (Desai, Chin, et al.
2024). Informality may therefore make check-ins feel less clinical and more
companion-like, which some older adults value in voice assistants (Prad-
han, Findlater, et al. 2019; Chin and Desai 2021). Thus:

H3b: A more informal assistant will lead to a higher intention to use.
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Beyond post-study ratings, conversational style may shape how much
participants say during the check-in. Prior work suggests that informality
can reduce social distance and increase perceived warmth (Cox and Ooi
2022), which may encourage participants to elaborate rather than provide
minimal answers. Communication-style research on conversational agents
also indicates that style can influence behavioral traces such as input length
and number of turns (Poivet et al. 2023), and health-chatbot disclosure work
has treated word count as a useful indicator of verbosity and disclosure
depth (Stock et al. 2023). Therefore:

H4 (Verbosity): Participants will be more verbose with the informal as-

sistant than with the formal assistant.

These hypotheses were treated cautiously because both styles have plau-
sible benefits, and effects may depend on contextual expectations rather

than reflecting a global preference for formality or informality (Balaji 2019).
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3. System Architecture

3.1 Cali Voice Assistant Implementation

Cali was built as a functioning voice-based well-being check-in assistant

that participants could speak with directly. Figure 3.1 summarizes the in-

teraction pipeline. When the participant speaks to Cali (Steps 1-2), Vapi'

routes the voice interaction and manages communication between the speech-

to-text (STT), large language model (LLM), and text-to-speech (TTS) compo-

nents (Step 3). Participant speech is then transcribed using Deepgram STT
(Nova-2)? (Step 4), after which the transcript is passed to OpenAl GPT-5.23

for dialogue generation (Step 5). The generated response is then synthe-

sized using the "Sarah" voice from ElevenLabs and the Eleven Turbo v2.5

model* (Step 6) before being played back to the participant (Step 7).

Cali Voice Assistant Interaction

Condition prompt:
Formal or Informal

¥

r N

-~

~

i @ @ o 5} 6 | o
Human Microphone Vapi.ai Deepgram OpenAl ElevenLabs Cali
participant captures routes the Nova 2 GPT-5.2 Sarah speaks back
speaks speech voice transcribes dialogue layer synthesizes to participant
> —>| interacton —»| speech |—>| generates [—> speech —>
Cali’s response
) .
N4 = | 6D )| e
J . J \ J . J . J A
’[ (ASR) (LLM) (TTS) J
ir ASR: E LLM: i 1 TTS: : I{ Speech speed: | Approx. latency: !
i Deepgram Nova2 ! OpenAlGPT-5.2 | | ElevenLabs Sarah | | 0.9 ] 1950 ms i
s 7

Figure 3.1: Cali voice assistant interaction pipeline.

1Vapi documentation: docs.vapi.ai

Vapi did not expose a pinned software build identifier for the integrated models; ac-

cordingly, the system used the version available through each provider’s API during the

January-March 2026 data collection period.

2Deepgram documentation: developers.deepgram. com.
3OpenAI documentation: platform.openai.com/docs.
4ElevenLabs documentation: docs .elevenlabs. io.
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3.2 Check-In Dialogue Structure

The OpenAl GPT-5.2 language model generation temperature was set
to 0.6, the assistant’s speech speed was set to 0.9, and end-to-end latency
was approximately 1950 ms. These settings shaped the interaction partici-
pants actually experienced. The generation temperature was chosen based
on the author’s own testing to balance consistency with conversational flex-
ibility: a lower value made Cali’s responses more rigid or repetitive, while
a higher value made the assistant less predictable and less aligned with the
study protocol. The speech speed was set to 0.9 (slightly below the default
of 1.0) so that Cali sounded clear and easy to follow while still remaining re-
sponsive enough for spoken interaction. Together, these choices reflected a
balance between naturalness, consistency, intelligibility, and conversational

pace.

3.2 Check-In Dialogue Structure

The check-in interaction was designed to keep the task consistent across
conditions while allowing participants’ responses to shape the conversa-
tion. Figure 3.2 summarizes the conversation flow and turn-taking struc-
ture. Before the main check-in, Cali conducted a brief warm-up to verify
that participants could hear the assistant and understood how to interact
with it. Participants who confirmed successful audio were instructed to
proceed to the main check-in, whereas those experiencing difficulties re-
ceived guidance on checking their microphone and speaker settings. Dur-
ing the main interaction, Cali asked a fixed sequence of five well-being
questions. The exact question wording and ordering are reported in the
Method section. After each core question, Cali was instructed to give a
reflective acknowledgment of what the participant said, and then ask ex-
actly one follow-up question before moving to the next core question. After
all five core questions, Cali summarized the participant’s answers, checked
whether the summary was accurate, asked whether there was anything else

the participant wanted to share, thanked the participant, and ended the call.
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Cali Conversation Flow
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Figure 3.2: Cali conversation flow during the warm-up and main check-in
interaction.

3.3 Formality Manipulation in the Prompt Layer

To operationalize the manipulation, I used the Coh-Metrix-informed lin-
guistic dimensions explained in Section 2.6 as a design reference for the
formal and informal prompt styles. Formal and informal conditions were
implemented through separate prompts (see Section A.2 in the appendix
for the full prompt text). Both the warm-up and main check-in prompts de-
fined the target style and required Cali to maintain that style throughout the

interaction.
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Informal prompts were designed to be more narrative, syntactically sim-
pler, and more concrete, while formal prompts were designed to be less nar-
rative, more syntactically complex, and more abstract/technical. However,
the prompts treated cohesion as a single broad feature and mistakenly speci-
fied it in the opposite direction (lower cohesion for the formal condition and
higher cohesion for the informal condition). This issue is discussed in detail
in the Limitations section (Section 6.3). The core well-being questions were
the exception to this style variation: they were asked verbatim and in the
same order across both conditions to preserve their fidelity to the Geriatric

Depression Scale (Yesavage et al. 1983).

3.4 Prompt Structure as Conversational Design

The prompts implemented the eleven conversational-design social charac-
teristics introduced in Section 2.5, spanning the broader categories of con-
versational intelligence, social intelligence, and personification (Chaves and
Gerosa 2020). Table 3.1 provides an illustrative, non-exhaustive trace from
selected prompt mechanisms (implemented rules and wording) to represen-
tative interaction behavior in the study transcripts. Because conversational
behaviors are interdependent, individual mechanisms and excerpts may
support multiple social characteristics; the mappings highlight the most
salient link for each characteristic rather than an exclusive or complete ac-

counting.

Within conversational intelligence, the Proactivity (CI1) characteristic was
implemented by constraining Cali to ask one follow-up and then advance
through the ordered core-question sequence , which is reflected when Cali
moves on with “Next question...” rather than continuing to elaborate. The
Conscientiousness (CI2) characteristic was implemented through a reflective
acknowledgement rule: the excerpt shows Cali paraphrasing the partici-
pant’s experience (“So you wake up feeling unrested... that heavy feel-
ing fades.”) instead of merely acknowledging receipt. The Communicability

(CI3) characteristic was implemented via the opening script’s explicit invi-
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Table 3.1: Prompt mechanisms and illustrative transcript excerpts mapped to
conversational-design social characteristics.

ID

Social characteristic

Prompt mechanism(s)

Transcript excerpt(s)

Conversational intelligence

CI1

CI2

CI3

Proactivity

Conscientiousness

Communicability

Social intelligence

SI1 Damage control

SI2 Thoroughness

SI3 Manners

Sl4 Moral agency

SI5 Emotional
intelligence

Sl6 Personalization

Personification
P1 Identity
P2 Personality

“Ask exactly one follow-up after each core
question, then move on.”

“When acknowledging the user’s response, use
a brief reflective sentence that paraphrases
meaning or experience.”

<opening_script>

"If anything I say is unclear, or if you want me
to repeat something, just let me know. Feel free
to correct me if I mishear you or make a
mistake. After our chat, you'll fill out a few
short questionnaires and answer a few
open-ended questions.”

</opening_script>

“If the user asks for factual or unrelated
information: Briefly acknowledge. Redirect to
the check-in. Do not provide factual
information.”

“Ask all five core questions in order before
concluding.” “After all five questions, provide
a concise summary using the user’s own
words and ask if it is accurate.”

“After the user responds, thank them for their
time, inform them the call is ending, and call
the end_call_tool.”

“If the user mentions self-harm, wanting to
die, or immediate danger: ... Suggest
contacting emergency services ... Do not ask
follow-up questions. End the call.”

“When acknowledging the user’s response, use
a brief reflective sentence that paraphrases
meaning or experience.”

“Provide a concise summary using the user’s
own words”

<assistant_profile>

“name: Cali”

“The assistant must speak in an informal tone
at all times.”

Cali: “What does that lethargic feeling look
like in your day?" ... "Next question, are you
hopeful about the future?”

Participant: “I wake up and I just don’t feel
rested. After a couple hours, that feeling goes
away.” Cali: “So you wake up feeling unrested,
and after a couple hours, that heavy feeling
fades.”

Same as prompt mechanism (opening script).

Participant: “Do you think more people are
struggling to recharge because we never truly
unplug anymore?” Cali: “Getting outside
without your phone sounds like a real reset for
you, like your brain finally gets quiet. Looking
ahead a bit, are you hopeful about the future?”
Cali: “So to sum it up, mornings start off
unrested" ... "Nature and the outdoors make
life feel exciting” ... "Does that sound right?”

Cali: “Thanks for your time. I am going to end
the call now."

Cali: “"Please call emergency services right
now or reach out to a healthcare professional
or someone you trust"

Cali: “I hear you. It feels like you're just going
through the motions and not really getting
anywhere.”

Cali: “To summarize, you enjoy getting up due
to your cats and a positive anticipation of the
morning. Life feels less exciting since retiring
and reducing activities such as fishing.”

Cali: “Hello, my name is Cali. This session
involves a brief well-being check-in" ... "”
Cali: “Hey there, I'm Cali. I'll be doing a quick
wellbeing check-in with you today" ... "”
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tation to request clarification, repetition, or correction, and the excerpt is the

opening script itself.

Within social intelligence, Damage control (SI1) was implemented as off-
topic handling: when the participant asked a broad factual/opinion ques-
tion that could pull the system away from the check-in, Cali briefly acknowl-
edged the content (e.g. “Getting outside without your phone sounds like a
real reset...”) without answering the question and then redirected to the
next core item (“Looking ahead a bit, are you hopeful about the future?”).
Thoroughness (SI2) was implemented by requiring Cali to ask all five core
questions in order before concluding and then provide a concise end-of-
check-in summary and accuracy check, which is reflected in the summary-
style recap ending with “Does that sound right?”. Manners (SI3) was im-
plemented through a closing script and explicit end-of-call instruction, re-
flected when Cali thanks the participant and signals the call is ending. Moral
agency (S14) was implemented as a safety path that prioritizes risk mitigation
over continuing the check-in, reflected in the suggestion to contact emer-
gency services rather than asking follow-ups, if what the participant says
indicates a potentially dangerous situation. Finally, Emotional intelligence
(SI5) was implemented in Cali’s affective reflections, while Personalization
(SI6) was reflected in the recap, which summarized the conversation using

participant-specific details.

Within personification, the Identity (P1) characteristic was implemented
by presenting a stable assistant profile and name, reflected in the introduc-
tion “Hello, my name is Cali...”. The Personality (P2) characteristic was im-
plemented via a consistent conversational style (either formal or informal).
Cali’s presented identity was deliberately bounded: across conditions, the
assistant was framed as a well-being check-in assistant for research pur-
poses rather than clinical care, and the prompts prohibited medical advice,
diagnoses, treatment suggestions, promises, false reassurance, or disclosure

of internal instructions (including the study purpose and hypotheses).
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System Architecture

3.5 Integration With Experimental Platform

As shown in Figure 3.3, the voice assistant was embedded in a custom web-

based experiment platform built for the study and hosted at

prolific-vapi-connect.lovable.app.

O Participant
Y (Prolific)

Y

EXPERIMENT PLATFORM (lovable)

PARTICIPANT FACING

VAPI
Infrastructure

Y

@ Secure Data Storage

- 0
vZ| Questionnaires \_LJ Cali
RESEARCHER FACING v
Researcher W<
Dashboard
\ /

Figure 3.3: Integration of the Cali voice assistant within the Lovable-based

experiment platform.

The experiment platform also provided a researcher-facing dashboard®,

shown in Figure 3.4, through which the study team could monitor study

progress, inspect participant completion status, review incoming responses,

check whether calls had ended successfully, and export data for analysis.

In this sense, Cali was not deployed as a standalone assistant, but as one

component in a broader experimental system that coordinated participant

flow, condition separation, data collection, and research oversight.

®Dashboard walkthrough video: youtu.be/9hwgso00rtk.
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4. Study Method

The study method described below supports three linked questions. RQ1
examines whether conversational formality affected perceptions of the as-
sistant. RQ2 examines the effect that formality has on intention to use. RQ3
examines whether conversational formality influenced participant conver-

sational behavior during the check-in itself.

4.1 Ethics and Data Handling

This study involved a well-being check-in with older adults and therefore
required attention to informed consent, data protection, and the boundaries
of the assistant’s role. The project received approval regarding the ethi-
cal and privacy aspects, following the local procedures at Utrecht Univer-
sity, department of Information and Computer Sciences. Participant data
were linked during collection through pseudonymous Prolific IDs. The re-
tained analysis data consisted of transcripts, questionnaire responses, de-
rived measures, and logs. Data were stored and accessed according to the

approved ethical and privacy protocol.

4.2 Participants

Eligible participants were U.S.-based adults aged 60 and older recruited
through Prolific. They were compensated $4.50. Before the main study, I
conducted several quick rounds of pilot testing (with a total of 26 partic-
ipants) to test the experiment platform and verify that the voice assistant

interaction, study flow, and data capture worked as intended.

An a priori power analysis was conducted to estimate the target sam-
ple size for the main study. The expected effect size was informed by prior
work on communication style in chatbots with older adults, which reported
medium-sized effects on trust and technology acceptance (Zhong and M.
Ma 2022). Because the present study compared two between-subjects condi-
tions, formal versus informal assistant style, the sample-size calculation was

conducted for an independent-samples t-test. Using an expected medium
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4.3 Study Design

effect size of Cohen’s d = 0.50, « = .05, and power = .80, the required sam-
ple size was estimated at N = 126. To allow for exclusions due to incom-
plete conversations, technical issues, or failed attention checks, the recruit-
ment target was set above this minimum. A total of 152 new participants
were then recruited for the main study. Five were excluded because they
did not complete a usable voice assistant conversation or experienced a pre-
mature technical cutoff, yielding 147 completed cases. An additional 10 par-
ticipants who failed the sanity /attention check were excluded, resulting in a
final analytic sample of 137 participants. No formal English proficiency cri-
terion was applied; however, the experiment platform and all instructions
were presented in English, and passing the attention checks required suffi-
cient reading comprehension. Transcript review did not reveal any cases of
apparent language difficulty among retained participants. Participant char-

acteristics for the final analytic sample are summarized in Table 4.1.

Table 4.1: Participant characteristics in the final analytic sample.

Characteristic Value

Sample size 137

Condition assignment 72 informal (52.6%), 65 formal (47.4%)

Age, mean (SD) 66.35 (5.52) years

Age range 60-85 years

Gender 76 women (55.5%), 60 men (43.8%), 1 other (0.7%)
Native English speaker 132 yes (96.4%), 5 no (3.6%)

Ethnicity 112 White/Caucasian only (81.8%), 13

Black/African American only (9.5%), 5 Asian only
(3.6%), 2 Hispanic/Latino only (1.5%), 5
multiple/other (3.6%)

4.3 Study Design

The study used a between-subjects experiment that manipulated the assis-
tant’s conversational formality: formal or informal. The formality manip-
ulation was implemented as described in Section 3.3. Table 4.2 illustrates
how the manipulation aligned with the linguistic components of formality

introduced in Chapter 2 and operationalized in Chapter 3.
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Table 4.2: Examples of formal and informal Cali wording by conversation

component.
Component Informal Cali example Formal Cali example
Greeting “Hey there, I'm Cali.” “Hello, my name is Cali.”
Study framing “I'll be doing a quick “This session involves a
well-being check-in with  brief well-being check-in
you today and asking a consisting of several

Repeat / correction
instruction

Readiness question
Follow-up framing

Reflective
acknowledgement

Summary opening
Accuracy check

Final invitation

Goodbye / redirect

few questions about how
you've been feeling
lately.”

“If anything I say is
unclear, or if you want me
to repeat something, just
let me know.”

“Ready to get started?”
“What do you usually
enjoy about getting up?”

“Sounds like mornings
feel like a fresh start for
you...”

“So to sum it up...”
“Does that sound right?”

“Is there anything else
you’d like to share before
we wrap up?”’

“Thanks for your time. I
am going to end the call
now. Just click the
Proceed to Questionnaire
button to continue.”

questions regarding your
recent emotional state.”

“If any part of what I say
is unclear, or if repetition
or clarification is required,
please indicate this.”

“Are you ready to begin?”
“What aspects of getting
up contribute to that
sense of enjoyment?”
“You indicate that
mornings are generally
experienced positively.”
“To summarize...”

“Does that sound
accurate?”

“Is there anything else
you would like to share
before we conclude?”
“Thank you for your time.
The call will now be
ended. Please proceed by
clicking the Proceed to
Questionnaire button.”
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Compared with the formal versions, the informal examples tend to be
more narrative and situated (e.g., a casual greeting and first-person framing
such as “I'll be doing a quick check-in”), which makes the exchange resem-
ble everyday conversation. The formal examples more often use more ab-
stract, institutional wording (e.g., “This session involves”; “regarding your
recent emotional state”) and more complex sentence structures with em-
bedded phrasing and nominalizations (e.g., “repetition or clarification is re-
quired”), consistent with higher syntactic complexity and lower concrete-

ness.

4.4 Materials

The main study material was Cali, a voice-based Al assistant (see Chapter 3
for details) presented to participants through the experiment platform. Be-
fore the interaction, participants saw a scenario that framed Cali as a new
Al-powered voice assistant introduced by their healthcare provider to con-
duct brief well-being check-ins: "Your healthcare provider has introduced Cali,
a new voice assistant powered by artificial intelligence (Al), to help conduct brief
well-being check-ins. You will have a conversation with the assistant, and it will
ask you some questions about how you've been feeling lately.” Figure 4.1 shows
the participant-facing Cali screen, including this scenario text and the em-

bedded call interface.

The check-in was structured around five core well-being questions adapted
from the 30-item Geriatric Depression Scale (Yesavage et al. 1983). I selected
five questions to keep the interaction relatively brief, and I restricted them
to positively framed items (enjoyment, excitement, energy, hope, and hap-
piness) to reduce the likelihood of distress or rumination during an unat-
tended online voice interaction. For example, I included positively framed
items such as “Do you find life exciting?” rather than negatively framed
items such as “Do you often feel helpless?” In this study, the items were
used as structured well-being questions rather than as a diagnostic or clini-
cal screening instrument. The five core questions were kept identical across

conditions and asked verbatim, in the same order:
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Step 4 of 13 — 31% complete

® Main Conversation

Voice Al Conversation

Participant ID: 134eqwuodj

Scenario: Your healthcare provider has introduced Cali, a new voice assistant
powered by artificial intelligence (Al), to help conduct brief well-being check-
ins. You will have a conversation with the assistant, and it will ask you some
questions about how you've been feeling lately.

Please read carefully before starting:

. The conversation will take approximately 7-8 minutes.
. If asked, give your browser permission to use your microphone.
. You must complete the entire conversation before proceeding to the questionnaire.

« If you experience minor issues (e.g., a brief pause or repeated line), please continue
the conversation as normal

. If your microphone or speakers do not work/stop working, please click the "Restart
Call”™ button.

+ Click the button below to begin the conversation.

Return to Mic Test

Figure 4.1: Participant-facing Cali screen with the scenario text and embedded
call interface.

Q1: Do you enjoy getting up in the morning?

Q2: Do you find life exciting?

Q3: Do you feel full of energy?

Q4: Are you hopeful about the future?

Q5: Do you feel happy most of the time?

The formality manipulation applied to Cali’s surrounding conversational

turns, including the opening, acknowledgements, follow-up wording, tran-
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sitions, recap, and closing. The assistant role and interaction structure were

otherwise held constant across conditions. The full formal and informal

prompts are provided in the appendix, and the GDS-30 source material is
included in Appendix A.3.3.

4.5

Procedure

Participants completed the study online through Prolific and the experiment

platform. Figure 4.2 summarizes the overall study procedure. As shown in

figure 4.2, the study followed this sequence:

1

2.

Prolific recruitment and redirect to the experiment page.

Prolific ID entry and informed consent.

. Pre-interaction items: demographics and prior voice assistant experi-

ence.

. Practice conversation with Cali. This was done to ensure the partici-

pant’s microphone and speaker were working and to familiarize them

with the setup.

. Main conversation: Cali asked the five core well-being questions (Q1-

Q5; see Section 4.4) and asked one follow-up after each question. At
the end of the check-in, Cali provided a short recap, checked its accu-
racy, invited any additional comments, thanked the participant, and
ended the call.

. After the call, participants returned to the study platform and com-

pleted the post-interaction measures, open-ended questions, and early-

access item.

Participants were then debriefed and redirected to Prolific for pay-

ment.

The only difference between conditions was Cali’s conversational style

(formal vs. informal), as described in Section 4.4.
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Study Procedure

Participant journey from recruitment through
debriefing and payment redirect

Before the call

o O:) Prolific recruitment
Dj Participant opens study and is redirected
to experiment page

e ID entry and consent
& Prolific ID and informed consent
e o Pre-interaction items

D Demographics and prior voice-assistant
familiarity

o [V__) Practice conversation with Cali
Short practice before the main check-in
Cali check-in

| £ .

‘ e | | I Main conversation

‘ Five core well-being questions
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r_/ one follow-up question

D Participants could ask Cali to repeat
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0 Closing sequence
Summarizes, accuracy check, anything else,

thanks, end call

After the call

o Post-interaction measures
Measures, open-ended questions,
early-access item

0 —— Debriefing and Prolific redirect
Debriefing, completion,

payment redirect

.

Figure 4.2: Study procedure from recruitment through post-interaction mea-
sures and debriefing.



4.6 Measures

4.6 Measures

All participant-facing questionnaires and measure pages are provided in

Appendix A.3.2 (Experiment Pages) for reference.

4.6.1 Background and descriptive measures

Participants first completed demographic and background questions. They
reported year of birth, gender, racial or ethnic category, and whether they
were native speakers of English. Prior voice assistant experience was mea-

sured with two single-item questions:

* “How familiar are you with voice assistants (e.g., Alexa, Siri)?” Response

options ranged from 1 = Not familiar at all to 5 = Completely familiar.

* “How often do you use voice assistants (e.g., Alexa, Siri)?” Response op-
tions were 1 = Never, 2 = More than once a year, 3 = More than once a

month, 4 = More than once a week, and 5 = More than once a day.

4.6.2 Manipulation checks

The formality manipulation was checked in two ways. First, perceived for-
mality was measured immediately after the interaction as a manipulation
check. Participants answered “During this experiment, you had a conversation
with Cali. How formal did you find Cali?” on a seven-point scale (1 = ex-
tremely informal, 7 = extremely formal). Second, the manipulation was also
evaluated using transcript-derived formality scores. Following the F-score
measure of linguistic formality proposed by Heylighen and Dewaele (1999),
I calculated formality with the feature set shown in Figure 4.3 and in equa-
tion 4.1. In the equation below, each "f " term refers to the frequency of

that part-of-speech category in the transcript.

L=

f noun + f adjective + f preposition + f article — f pronoun — f verb — f adverb — f interjection + 100
2

(4.1)
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Figure 4.3 summarizes the F-score feature set. It operationalizes linguis-
tic formality as a balance of part-of-speech frequencies: noun, adjective,
preposition, and article usage increase the score (more context-independent,
information-dense wording), whereas pronouns, verbs, adverbs, and inter-
jections decrease it (more context-dependent, conversational wording). The
short example utterances in each panel illustrate how these features appear
in natural language; the bolded words (e.g., sleep quality = noun = more
formal) highlight the specific part-of-speech category being exemplified in

that row.

While the prompt design was informed by the broader Coh-Metrix for-
mality dimensions described in Section 3.3 and 2.4, the transcript-based ma-
nipulation check used the simpler Heylighen and Dewaele F-score. This
choice was pragmatic: the F-score could be calculated reliably from part-of-
speech frequencies in the call transcripts, making it more straightforward to
implement and validate computationally than a full Coh-Metrix-style fea-

ture set.

I calculated F-scores with a custom part-of-speech-based calculator sep-
arately for assistant and participant turns. I also checked the implemen-
tation against the English Pavlick Formality Scores dataset, a human-rated
sentence-level formality dataset based on Pavlick and Tetreault’s analysis of
online communication and Lahiri’s SQUINKY corpus (Pavlick and Tetreault
2016; SQUINKY! A Corpus of Sentence-level Formality, Informativeness, and
Implicature 2015). The calculator showed the expected positive association
with human-rated formality. Assistant-turn F-scores were used to verify

that Cali’s language differed between the formal and informal conditions.
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How the Heylighen & Dewaele F-Score Works

The F-score increases with more formal, context-independent words
and decreases with more informal, context-dependent words.

INCREASES F-SCORE DECREASES F-SCORE
More Formal / More Context-Independent More Informal / More Context-Dependent

N R E
NOUNS How has your sleep . . PRONOUNS | How are you feeling

- quality been lately? .. -*i today?

P e
ADJECTIVES Would you describe b (4 VERBS Do you feel like

- ur mood today as o u have enough
pumasieity o

calm, positive, or low? . energy right now?
e

—

; I R LT
? PREPOSITIONS ( Compared to yesterday, ADVERBS i How are you

=¥ | how would you rate =¥ | really doin
> o & e
= your energy levels? | these days?
e ——
\

e I

LI (
— ARTICLES Is tl':ene a golal or plan INTERJECTIONS That’s great!
= | you're focusing on =P | What made your
— these days? | day better?
J \
- &N e

F = (noun frequency + adjective frequency + preposition frequency + article frequency
- pronoun frequency - verb frequency - adverb frequency - interjection frequency + 100) / 2

Figure 4.3: Heylighen and Dewaele F-score features used to calculate
transcript-derived linguistic formality.
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4.6.3 RQ1: Perceptions of the assistant

Perceived empathy was measured with the Perceived Empathy of Technol-
ogy Scale (PETS) (Schmidmaier et al. 2024). Participants rated 10 statements
about Cali on a 0-100 slider anchored from strongly disagree to strongly
agree. Example items included "Cali sympathized with me," "Cali con-
sidered my mental state," and "Cali understood my intentions." PETS was

scored as a 10-item mean.

The study used selected Godspeed subscales relevant to social percep-
tion of the assistant: likeability, anthropomorphism, and perceived intelli-
gence (Bartneck et al. 2008). Participants rated adjective pairs on five-point
semantic differential scales. Each construct was scored as the mean of its

selected items.
Likeability was measured with five pairs:
¢ awful-nice
¢ unfriendly—friendly
¢ unkind-kind
¢ unpleasant—pleasant
e dislike-like
Anthropomorphism was measured with four pairs':
¢ fake-natural
e artificial-lifelike
¢ machinelike-humanlike

® unconscious—conscious

IThe Godspeed scales were originally developed for evaluating perceptions of em-
bodied robots in human-robot interaction. I omitted the original movement item pair
(moving rigidly-moving elegantly) because Cali was a disembodied voice assistant with
no physical motion to evaluate.
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Perceived intelligence was measured with five pairs:
¢ ignorant-knowledgeable
* incompetent-competent
¢ irresponsible-responsible
¢ foolish-sensible
* unintelligent-intelligent

Trust was measured with the Trust in Automation Scale (TTA-S) (Jian
et al. 2000). Participants rated 12 statements about Cali on a seven-point
scale where 1 = Not at all and 7 = Extremely. Items included positively
worded statements such as "I am confident in Cali”, "Cali is dependable”, and
"I can trust Cali” as well as negatively worded statements such as “Cali is
deceptive.” Trust was scored as the mean of the 12 items after reverse-scoring

the negatively worded items.

4.6.4 RQ2: Intention to use

Intention to use was measured with two items adapted from Karahanna et
al. (1999). Intention to use was scored as the mean of the two items. Partic-
ipants rated both items on the same seven-point scale used for TIA-S, from

1 =Not at all to 7 = Extremely:

* "If available, I intend to start using voice assistants like Cali within the next

month.”

* "If available, in the next months, I plan to experiment or regularly use voice

assistants like Cali.”

In addition to the intention to use items, I included an optional early-
access opt-in question. Participants were told: “You just tested an early ver-
sion of Cali, our voice Al assistant. In the future, Cali will be available for you
to interact with whenever you want. As one of our early testers, you can choose
to be notified on Prolific when Cali launches publicly.” The opt-in response was

included to support potential future contact through Prolific and was ana-
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lyzed as a behavioral indicator of interest in future use, separate from the

intention to use scale.

4.6.5 RQ3: Participant conversational behavior

Participant conversational behavior measures were derived from call tran-
scripts and timing logs rather than from questionnaire scales. In addition to
the transcript-derived manipulation check above, participant-turn F-scores
were used to test whether participants” own wording became more formal

or informal depending on condition.

To answer RQ3, the primary behavioral data source was the call tran-
script. From this, I derived participant verbosity and timing measures (par-
ticipant word count, participant turn count, words per turn, and total con-

versation duration).

4.6.6 Exploratory analysis measures

Personality traits were measured with the Ten-Item Personality Inventory
(TIPI), a brief measure of the Big Five personality dimensions: openness to
experience, conscientiousness, extraversion, agreeableness, and emotional
stability (Gosling et al. 2003). Participants rated trait-pair statements begin-
ning with "I see myself as...” on a seven-point scale (1 = Disagree strongly, 7 =
Agree strongly). Example trait pairs included dependable/self-disciplined,
extraverted /enthusiastic, and open to new experiences/complex. TIPI scores

were retained as exploratory Big Five personality variables.

Open-ended feedback was collected through three free-text questions.
The first asked participants to describe their experience interacting with
Cali, including how Cali communicated, how well it understood and re-
sponded to them, and any positive, negative, or technical aspects of the call
that stood out. The second asked participants to describe Cali’s commu-
nication style, with emphasis on whether the style felt formal or informal
and whether it affected their comfort, engagement, or trust. The third asked
for feedback on the experiment itself, including the clarity of the instruc-

tions and tasks, technical issues with the study platform, the flow and pac-
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ing of the study, and possible improvements for future participants. The
open-ended feedback responses were also processed using an Al-assisted

descriptive coding step.

The three feedback fields were combined for each participant and sub-
mitted to an OpenAl model with a qualitative-research prompt asking for
feedback theme labels. Theme coding was multi-label: a single participant

response could receive several labels (e.g., clear, helpful, robotic).
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5. Results

All analyses reported below were conducted on the final sample of 137 par-

ticipants.!

5.1 Preliminary Analyses

This section reports descriptive and measurement checks conducted prior to
addressing the main research questions, including basic conversation char-
acteristics, internal consistency of the multi-item scales, bivariate associa-
tions among key outcomes, and verification that the formality manipulation

was successful.

5.1.1 Descriptive conversation characteristics

Participants spoke with Cali for an average of 374 s (=6 min; SD = 109 s),
ranging from 197 s (=3 min) to 734 s (=12 min), with a median of 364 s
(=6 min). Participants said an average of 311 words during the conversation
(Med = 282 words; SD = 210 words).

5.1.2 Scale reliability

Before interpreting the questionnaire scales, I assessed whether the items
within each multi-item scale were sufficiently consistent with one another.
Internal consistency was evaluated using Cronbach’s alpha, a reliability es-
timate that indicates how closely related the items in a scale are as indicators
of the same underlying construct. The multi-item scales showed acceptable
to excellent internal consistency: Cronbach’s alpha was .929 for empathy
(PETS), .920 for anthropomorphism, .932 for likeability, .935 for perceived
intelligence, and .928 for trust (TIA-S).

1 As a sensitivity check, I repeated the analyses using the earlier 147-participant
completed-case sample. This larger sample was used only to assess robustness and was
not combined with the main analytic sample. The comparison showed that the RQ1-RQ3
findings were stable: the direction of the effects and the statistical-significance interpre-
tations remained the same for the perception outcomes, intention to use, and participant-
side conversational-behavior outcomes.
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5.1.3 Correlation matrix among key measures

Table 5.1 reports the correlation matrix for the main outcomes. Empathy
was strongly positively associated with anthropomorphism, likeability, per-
ceived intelligence, trust, and intention to use (0 = .556 to p = .764, all
p < .001). Anthropomorphism, likeability, and perceived intelligence were
likewise positively related to trust and intention to use (all p > .456, all
p < .001). Substantively, this pattern suggests that positive impressions of
Cali clustered together: participants who saw the assistant as more empa-
thetic also tended to see it as more trustworthy, likeable, and intelligent, and
were somewhat more willing to use it.

Table 5.1: Spearman correlation matrix for the main self-report outcomes in
the final analytic sample.

Measure Empathy Anthropomorphism Likeability —Perceived Intelligence Trust
Empathy

Anthropomorphism 677

Likeability 73" 66"

Perceived Intelligence 68" 557 647

Trust 76" 607 63" 67"

Intention to Use 56 46™ 48™ 48™ 57

Note. Entries are Spearman’s p, rounded to two decimals. Diagonal self-correlations
are omitted. *** p < .001. N = 137 for all pairs.

5.1.4 Manipulation checks

Participants in the formal condition rated Cali as more formal than partic-
ipants in the informal condition (informal: M = 4.17; formal: M = 4.69; U
=1801.5, Z = -2.39, p = .017). The transcript-derived assistant F-score sepa-
rated the two conditions even more strongly (informal: M = 48.15; formal:
M=56.49; U=1.5,7Z=-10.08, p <.001). These manipulation checks therefore
confirmed that the formal and informal versions of Cali were distinguish-
able.
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5.2 Main Analyses

5.2.1 Effect of Formality on Perceptions and Intention to Use

A more informal conversational style was hypothesized to lead to the voice
assistant being perceived as more empathetic (H1), whereas a more formal
style leads to it being perceived as more trustworthy (H2). Furthermore,
formality was hypothesized to have an effect on intention to use, although
the direction could go both ways (H3a/H3b).

Mann-Whitney U tests did not show statistically significant differences

for any of these main relational outcomes (all p > .05; Table 5.2).

Table 5.2: Effect of Formality on Perceptions and Intention to Use.

Outcome Informal  Formal U p
mean mean

Perceptions

Empathy’ 64.12 63.90 2318.5 926

Trust’ 4.85 5.07 2031.0 183

Anthropomorphism” 3.32 3.17 2165.5 451

Likeability” 4.21 4.07 2082.0 261

Intelligence” 4.19 4.26 2124.0 345

Adoption

Intention to use’ 3.25 3.65 2046.0 201

Note. “Effect sizes (rank-biserial r) for all main outcomes were < .11, indicating small to
negligible effects (computed as Z/v/N = Z/11.71).

5.2.2 Effect of Formality on Conversational Behavior

It was hypothesized that an informal conversational style would increase
the verbosity of the participants (H4). Conversational formality did not pro-
duce statistically significant differences in the main participant-side behav-
ioral measures, as shown in Table 5.3. Participant word count, turn count,
and words per turn all had p-values above .05. Although total conversa-
tion duration was longer in the formal condition, this was due to the voice

assistant’s verbosity.
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Table 5.3: Conversation metric and assistant-output comparisons by condi-
tion.

Metric Informal Formal p
mean mean

Total duration (s) 348.06 402.82 <.001

Participant metrics

Word count 299.49 323.97 371

Turn count 13.32 13.46 363

Words per turn 22.48 2417 434

Assistant metrics

Word count 446.00 464.38 .035

Turn count 14.28 14.43 304

5.3 Exploratory Analyses

5.3.1 Prior Voice Assistant Experience

Older adults differ in familiarity, expectations, and comfort with voice assis-
tants, and prior use can shape how they interpret system behavior. Work on
older adults” use of voice assistants suggests that experience can increase
comfort, tolerance of errors, and appreciation of conversational features,
while low prior technology use can make reliability concerns more salient
(Kim and Choudhury 2021; Pradhan, Lazar, et al. 2020). For this reason,
prior familiarity and usage frequency were examined as contextual vari-

ables that might help explain variation in perception and intention to use.

Prior experience was represented by two screening measures: self-reported
familiarity with voice assistants and self-reported frequency of voice assis-
tant use. Spearman correlations, in Table 5.4, showed that these experi-
ence measures were most clearly related to intention to use. Greater fa-
miliarity and more frequent voice assistant use were both associated with
stronger intention to use Cali, and both associations remained significant
after Benjamini-Hochberg false-discovery-rate correction. Usage frequency
also showed a positive raw association with empathy (PETS) ratings, but
this association did not remain significant after correction. Other pooled

associations with the main perception outcomes did not reach p < .05.
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Table 5.4: Spearman correlations between prior voice assistant experience and
perception or adoption outcomes.

Outcome p rawp BH-FDRp
Experience measure: Familiarity with voice assistants
Empathy 070  .416 454
Anthropomorphism -163  .057 170
Likeability -071 408 454
Perceived intelligence 073 .398 454
Trust 086 317 454
Intention to use 225 .008 .049
Experience measure: Usage frequency of voice assistants
Empathy 195 .022 .090
Anthropomorphism 014 872 872
Likeability 095 269 454
Perceived intelligence 153 .074 178
Trust 144 .093 186
Intention to use 304 <.001 .004

Note. p = Spearman’s rank-order correlation. Raw p-values are shown alongside
Benjamini—-Hochberg false-discovery-rate-adjusted p-values across the 12 prior-experience
correlation tests.

5.3.2 Participant Personality

Beyond formality, I also explored whether participants” personality traits
were associated with how they perceived Cali. Personality was measured
with the Ten-Item Personality Inventory (TIPI). For each TIPI trait, I ran
a separate regression model with three predictors: assistant formality, the
centered trait score, and their interaction. TIPI scores were centered at the
scale midpoint so that the formality coefficient represented the estimated

formality difference for a participant at the midpoint of that trait.?

Several traits showed nominal associations with perception and adop-
tion outcomes at p < .05, but none survived correction for multiple com-
parisons. Because 30 trait-outcome combinations were tested (5 TIPI traits
x 6 outcomes), I applied Benjamini-Hochberg false-discovery-rate adjust-

ment to account for the increased risk of false positives. No effect remained

2The interaction term was included as a statistical control, to prevent condition-
specific patterns from distorting the trait main effect, rather than to test a directional hy-
pothesis. Because no theoretical prediction was made about whether the relationship be-
tween personality and perception would differ by formality condition, and because such
tests were not pre-specified, interaction effects are not interpreted as separate findings.
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significant after this correction. These patterns should therefore be treated
as directions for future research rather than established findings. Table 5.5
reports the personality main effects (the association between each trait and

each outcome) averaged across conditions.

Table 5.5: Exploratory personality main effects in one-trait-at-a-time percep-
tion models (only significant results shown).

Participant Outcome (perception) B  rawp BH-adjusted p
Personality Trait

Agreeableness Likeability 0.179  .047 188
Agreeableness Perceived intelligence 0.200 .021 .188
Agreeableness Trust 0274  .024 188
Conscientiousness Trust 0.220 .010 .188
Emotional stability =~ Trust 0.167  .035 .188
Extraversion Empathy 2.680 .044 188
Extraversion Likeability 0.104 .046 188

Note. Benjamini-Hochberg (BH) adjusted p-values were computed across all 30
personality-trait X outcome tests; the values shown here are identical because, after ap-
plying the BH step-up procedure and the required monotonicity (non-decreasing) con-
straint, these lowest raw p-values receive the same adjusted value.

5.3.3 Descriptive Feedback and Early-Access Interest

Descriptively, 102 of 137 (74.5%) participants opted in for early access to
Cali. This opt-in pattern did not differ by condition: 54 of 72 informal-
condition participants (75.0%) opted in, compared with 48 of 65 formal-
condition participants (73.8%; Fisher test p = 1.00, odds ratio .94).

The coded feedback themes suggest that participants often experienced
both versions of Cali as helpful and engaging. Figure 5.1 summarizes these
descriptive theme frequencies by condition. Because these comparisons
were unplanned, I applied Holm correction across the 23 theme compar-
isons to reduce the risk of false positives. No theme showed a reliable con-
dition difference after correction. The clearest uncorrected patterns were
that participants in the formal condition more often described Cali as for-
mal (53.8% vs. 37.5%) and trustworthy (46.2% vs. 34.7%), and more often as
robotic (30.8% vs. 22.2%). Participants in the informal condition more often
described Cali as informal (34.7% vs. 13.8%), friendly (20.8% vs. 10.8%), and

empathetic (20.8% vs. 9.2%). These patterns are useful for interpreting how
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participants described the two assistant styles, but they should be treated as

descriptive context because none remained significant after correction.

Feedback themes by assistant condition

Percentage of participants
10% 20% 30% 40% 50% 60% 70% 80% 90%

g

61.5%

Helpful
58.5%
Engaging
53.8%
Formal
46.2%
Trustworthy
= Formal condition
m Infermal condition
30.8%
Robotic
22.2%
13.8%
Informal
34.7%
10.8%
Friendly
20.8%
9.2%
Empathetic

20.8%

Figure 5.1: Descriptive coded feedback themes by condition. Percentages re-
flect the share of responses in which a theme was present; they do not indicate
that the remaining participants expressed the opposite view.
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6. Discussion

6.1 Interpretation of Results

The core finding is that conversational formality was detectable, but not de-
cisive. Participants recognized Cali as more formal in the formal condition,
but this global formal-informal contrast did not reliably shift perceptions,
intention to use, or participant conversational behavior. In a brief well-
being check-in, noticing a style difference was not sufficient to meaningfully

change how the assistant was evaluated or how participants interacted.

Register and contextual-appropriateness frameworks help interpret this
finding: language should fit the relationship, channel, purpose, and topic
of the interaction, rather than reflect one universally preferred tone (Chaves
and Gerosa 2021; Chaves and Gerosa 2020). This may be especially true for
older adults, who do not always categorize voice assistants in a single, fixed
way, sometimes relating to them more like a familiar, person-like presence
and sometimes more like a functional tool (Desai, Chin, et al. 2024; Prad-
han, Findlater, et al. 2019); if the assistant’s social role itself is ambiguous,
no single register is uniquely correct for it. In a well-being check-in, both
styles plausibly met baseline expectations: formal language, by signalling
competence, fit the healthcare-adjacent framing and sensitivity of the topic,
while informal language, by signalling warmth, fit a supportive conversa-
tional tone (Cox and Ooi 2022). Related work on chatbot satisfaction also
suggests that style may only matter when it is mismatched or inappropriate
for the service (Balaji 2019).

The closest prior formality study offers a useful comparison. In Desai,
Chin, et al. (2024), formality did not significantly affect perceived likeability,
intelligence, or trust, aligning with the present null effects on RQ1 (percep-
tions). The divergence is in adoption-oriented outcomes: Desai and Chin
found higher intention to continue using the assistant with an informal

style, whereas this study did not.
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Two factors may help explain this divergence. First, Wizard-of-Oz de-
signs can make conversational style disproportionately salient. When a
human operator silently manages ASR and dialogue, interactions tend to
be smoother: recognition errors, latency, and response failures are mini-
mized. With fewer breakdowns competing for attention, participants may
rely more heavily on style as a cue for social role fit and overall quality. In
an autonomous system, other perceptual signals re-enter the interaction, in-
cluding response latency, speech recognition accuracy, response coherence,
voice quality, and perceived reliability, and these can compete with (or over-
shadow) a relatively subtle formality manipulation. Second, the assistant by
Desai and Chin guided participants through iPad games, where a familiar,
encouraging tone may be especially appropriate for instruction and motiva-
tion. By contrast, a well-being check-in plausibly supports multiple accept-
able role interpretations (e.g., professional check-in vs. friendly support),

making both formal and informal styles viable.

RQ3 showed a similar pattern. Although conversational-agent style can
shape user behavior in some settings (Poivet et al. 2023), the present formal-
ity contrast did not reliably change how much participants spoke (An et al.
2025).

These null effects should not be read as evidence that style never mat-
ters. Broader manipulations (e.g., social vs. task-oriented style, or stronger
personality /communication cues) have affected older adults’ perceptions,
trust, acceptance, and behavior in health-related contexts (Zhong and M.
Ma 2022; Rahman and Desai 2026, Mathur et al. 2026; Poivet et al. 2023).
Instead, this study contributes evidence that a narrow, global formality ma-
nipulation can be perceptible without being sufficient to meaningfully change
perceptions, adoption intentions, or conversational behavior in a single short

well-being check-in.

Prior experience showed clearer associations with adoption-oriented re-
sponses. Participants with greater voice-assistant familiarity and more fre-
quent use reported stronger intention to use Cali (and slightly higher empa-

thy ratings), consistent with prior work linking repeated use and familiar-
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ity to acceptance among older adults (Pradhan, Lazar, et al. 2020; Kim and
Choudhury 2021). These associations are correlational: familiarity may re-
flect underlying openness, comfort with spoken technology, or other factors

that also increase adoption.

6.2 Design Implications

For older-adult voice assistant design, the most direct implication is that
global formality should not be over-prioritized as a single design lever; in-
stead, designers should aim for contextual style fit across the interaction. As
argued in the broader conversational design literature, formality is only one
stylistic component within a larger model of conversational intelligence, social

intelligence, and personification (see Section 2.5; Chaves and Gerosa (2020)).

Design for role-fit rather than a single tone. In practical terms, professional
and bounded language may be most appropriate for role-setting, privacy-
relevant information, and serious health content, while warmer and more
conversational language may be most appropriate for acknowledgement,
reflection, and emotional support (Cox and Ooi 2022; Bickmore et al. 2005;
Zhong and M. Ma 2022). The present findings suggest that, for brief check-

ins, either tone can be acceptable if it fits the moment.

Evaluate style alongside interaction quality. Because autonomous systems
introduce additional cues (e.g., latency and recognition breakdowns), for-
mality choices should be tested under realistic conditions where timing,
ASR performance, and response coherence are part of what users experi-

ence.

Support less experienced users explicitly. Because familiarity and usage
were associated with adoption-oriented outcomes, less experienced users
may benefit from expectation-setting, concrete examples of “what to say,”
and clear repair/recovery guidance when the interaction breaks down (Prad-
han, Lazar, et al. 2020; Kim and Choudhury 2021; Desai and Chin 2023).

Consider individual differences and personalization. Exploratory results

suggest that individual differences may shape how users interpret the same
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assistant: nominal associations between TIPI personality traits and percep-
tions did not survive correction for multiple comparisons, and the brevity
of the TIPI (two items per trait) means these results should be treated as ten-
tative. Even so, they motivate personalization and stronger measurement of

individual differences as directions for design and evaluation.

These recommendations should be interpreted with a boundary condi-
tion: the present results come from a short, healthcare-adjacent well-being
check-in with a clearly defined institutional framing (e.g., “introduced by
your healthcare provider for brief check-ins”), so style effects may be more pro-
nounced in longer-term use, different tasks, or settings where the assistant’s

role and the applicable social expectations are more ambiguous.

6.3 Limitations and Future Work

The main measurement limitation is that the prompt-based manipulation
should be interpreted as a broader formal-versus-informal style contrast
rather than a pure implementation of a specific formality model. The prompt
definitions were intended to draw on discourse-level accounts of formality,
but one feature was inadvertently specified in the opposite direction. In
the Coh-Metrix-based definition by Graesser et al. (2014), higher formality
is associated with lower narrativity, lower syntactic simplicity, lower word
concreteness, and higher cohesion, specifically higher referential and deep
cohesion. However, the prompts used in this study used the broader label
"cohesion" and mistakenly specified lower cohesion for the formal condi-
tion and higher cohesion for the informal condition. This means that the
manipulation should be interpreted as a broader formal-versus-informal
conversational-style contrast, rather than as a direct implementation of the
Coh-Metrix formality model. Importantly, this limitation concerns the theo-
retical purity of the manipulation, not whether the two conditions were dis-
tinguishable: participants perceived the conditions as differing in formality,
and transcript-derived F-scores showed the expected formal-informal pat-

tern.
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A related manipulation-strength limitation is that the formal-informal
contrast was concentrated in the surrounding conversational material rather
than applied equally to every assistant utterance. The five GDS-derived core
questions were held verbatim across conditions to preserve fidelity to the
source items and keep the substantive well-being content constant, so the
style contrast mainly appeared in openings, acknowledgements, follow-up

questions, summaries, and closing language.

A further limitation concerns the open-ended feedback analysis. Par-
ticipant feedback was coded into descriptive themes using an Al-assisted
coding step, in which a language model assigned multi-label theme indica-
tors based on a structured prompt (see Appendix A.1). While this approach
allowed systematic processing of all 137 responses, the theme labels were
not validated against independent human coding. Inter-rater reliability be-
tween the Al coder and a human rater was therefore not established. The
theme frequencies reported in Section 5.3.3 should accordingly be treated
as descriptive context rather than independently verified qualitative find-
ings. Future work could validate this coding approach by having human
raters independently code a subset of responses and assessing agreement,
or by using more structured qualitative methods such as thematic analysis

or content analysis with explicit coding schemes.

The online recruitment and study format mean that the findings may
generalize less well to older adults with lower digital access, confidence, or
ability to use voice technologies. Participants were U.S.-based older adults
recruited through Prolific, which selected for people who were comfortable
completing online studies and using the required device setup. As a re-
sult, the sample may underrepresent older adults with lower digital liter-
acy, limited access to suitable devices, hearing or speech-related difficulties,
or lower confidence using online voice technologies. The findings should
therefore be generalized cautiously to older adults who are less familiar
with digital technologies or who may face stronger barriers to using voice

assistants in everyday life.
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Because the study examined only a short, one-time interaction, the re-
sults capture initial responses rather than longer-term relationship forma-
tion or sustained adoption. Participants evaluated Cali immediately after
a single well-being check-in. Effects of formality may become more visible
over repeated interactions, when users develop clearer expectations about
the assistant’s role, reliability, warmth, and usefulness. Similarly, intention
to use measured after one interaction should not be interpreted as evidence

of sustained real-world adoption.

The healthcare-provider scenario may have shaped participants” eval-
uations by giving both versions of Cali an institutional role regardless of
conversational style. Cali was presented as a voice assistant introduced by
a healthcare provider for brief well-being check-ins. This framing may have
given both versions of Cali an institutional or healthcare-related authority,
regardless of whether the language style was formal or informal. As a re-
sult, participants may have evaluated the assistant partly through the role

it was assigned in the scenario, not only through its conversational style.

Future work should test whether adaptive style shifts and disclosure-
focused outcomes reveal effects of conversational formality that were not
visible in this short global-style comparison. For example, using warmer
language for greeting, acknowledgement, and reflection, and more formal
language for role boundaries, privacy-relevant information, and serious health-
related moments. Future work could also examine whether conversational
formality affects disclosure during well-being check-ins, including the top-
ics older adults choose to discuss, the emotional tone of their responses,
and the depth of personal or health-related information they share. The
transcript dataset from this study offers one possible starting point for this
kind of analysis, since many participants appeared to share health- and
well-being-related information with Cali. Building on work by Cox and Ooi
(2022) on chatbot formality and self-disclosure, and on older-adult relational-
agent work that emphasizes trust, care, and longer-term interaction (Bick-
more et al. 2005), this could be studied through qualitative coding of disclo-
sure topics, depth and breadth of disclosure, and transcript-level emotional

tone.
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7. Conclusion

This thesis showed that an autonomous voice assistant can be prompted to
produce clearly distinguishable formal and informal styles during a healthcare-
adjacent well-being check-in, but that this distinction did not produce re-
liable differences in older adults” perceptions, intention to use voice as-
sistants, or conversational behavior. Notably, intention to use was more
strongly associated with participants’ prior familiarity with voice assistants
than with conversational style. This suggests that who the user is matters
as much as how the assistant speaks. Older adults with little voice assistant
experience may need on-boarding and expectation-setting that more expe-
rienced users do not, and one conversational style is unlikely to fit all users
equally well. The findings suggest that conversational formality should be
treated as a contextual design cue rather than a simple choice between for-
mal and informal assistant personas. As voice assistants become more com-
mon, their value will depend not only on technical capability, but also on
whether they fit the lives, needs, and expectations of the people they are

meant to support.
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A. Appendix

A.1 Al-Assisted Feedback Theme Coding Prompt

The following prompt was used to code participants” open-ended feedback
into descriptive feedback themes.

System prompt:

You are a qualitative researcher coding participant feedback about a voice
— AI assistant.

Analyze the feedback and return ONLY valid JSON matching this schema

— exactly:

{
"feedback_sentiment": "<positive|neutral|negative>",
"feedback_themes": ["<theme>", ...],
"feedback_satisfaction_inferred": <integer 1-5>,
"feedback_condition_perception": "<brief description>"

X

Definitions:

- feedback_sentiment: Overall emotional tone of the feedback
- feedback_themes: Key themes, max 8 short labels e.g. "natural",
— "robotic", "helpful", "friendly",

"formal", "informal", "clear", "confusing", "engaging", "boring",

< "empathetic", "cold",

"trustworthy", "privacy concern" (add new labels as needed, keep them
< short)

- feedback_satisfaction_inferred: Inferred satisfaction 1=very

— dissatisfied, 5=very satisfied

- feedback_condition_perception: 1-2 sentences on how they perceived the
— assistant's style/personality

If feedback is too short to code meaningfully, return:
{ "feedback_sentiment": "neutral", "feedback_themes": [],
< "feedback_satisfaction_inferred": 3, "feedback_condition_perception":

<y "insufficient feedback" }

Return ONLY the JSON object.
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A.2 Voice Assistant Prompts

The full prompt set is available publicly at github. com/oliviervroom/prompts-thesis.

The formal and informal versions of Cali shared the same task struc-
ture and safety boundaries. To avoid repeating identical prompt text, this
appendix first reports the shared prompt components and then lists the
condition-specific wording that differed between the formal and informal
versions.

A.2.1 Shared Warm-Up Prompt Structure

Both warm-up prompts used the same assistant profile and conversation
rules. Cali’s purpose was to perform a brief warm-up and audio check be-
fore the study check-in. The assistant was instructed not to give medical
advice, diagnoses, or treatment suggestions, and not to discuss the study
purpose, hypotheses, or design. All output was spoken aloud, each turn
had to remain under three sentences, and Cali was instructed to ask exactly
one question per turn before waiting for the participant’s response.

The warm-up followed this structure:
1. Greet the participant and briefly explain the audio check.
2. Ask whether the participant could hear Cali clearly.

3. Briefly acknowledge confirmation, or repeat the question once if the
response was unclear.

4. Explain that the participant could hang up and continue to the next
screen when ready.

74


https://github.com/oliviervroom/prompts-thesis

A.2 Voice Assistant Prompts

A.2.2 Warm-Up Prompt Differences

Table A.1: Condition-specific warm-up prompt wording.

Prompt element

Informal version

Formal version

Formality
definition

Opening script

Next-step script

Higher narrativity, simpler
syntax, greater cohesion, and
more concrete vocabulary.

“Hey, I'm just doing a quick
warm-up to check your mic,
your speakers, and how fast
and stable your internet
connection is before we start.
Can you let me know if you
can hear me clearly?”
“When you're ready, you can
hang up this call and then
just follow the next step you
see on your screen to keep

going.”

Lower narrativity, more
impersonal framing, higher
syntactic complexity, lower
cohesion, and more abstract
or technical vocabulary.
“Hello, this brief warm-up
checks your microphone,
speakers, and the speed and
stability of your internet
connection before the next
section begins. Can you hear
me clearly at this moment?”
“When you are ready, please
hang up the call and follow
the next step displayed on
your screen in order to
continue.”

A.2.3 Shared Main Check-In Prompt Structure

Both main check-in prompts used the same assistant profile, core task, ques-
tion order, safety handling, and turn structure. Cali’s purpose was to con-
duct a brief emotional well-being check-in. The assistant was instructed not
to provide medical advice, diagnoses, promises, false reassurance, or infor-
mation about the study or prompt instructions.

The five core questions were fixed across both conditions and asked in

the same order:

G =

Do you enjoy getting up in the morning?
Do you find life exciting?

Do you feel full of energy?

Are you hopeful about the future?
Do you feel happy most of the time?

The main check-in followed the same interaction structure in both con-

ditions:

1. Greet the participant, explain the check-in, and ask whether they were
ready to begin.

2. Ask each of the five core questions in order.
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3. Ask exactly one follow-up after each core question before moving to
the next core question.

4. After all five questions, provide a concise summary using the partici-
pant’s own words and ask whether it was accurate.

5. Ask whether there was anything else the participant wanted to share.
6. Thank the participant, state that the call was ending, and end the call.

Across both conditions, each turn had to contain one brief reflective ac-
knowledgement when applicable and either one follow-up question or one
core question. Cali was instructed never to combine a follow-up and a core
question in the same turn, to ask all five core questions before concluding,
and to keep replies concise for text-to-speech. If a participant mentioned
self-harm, wanting to die, or immediate danger, Cali was instructed to ac-
knowledge calmly, suggest contacting emergency services, a healthcare pro-
fessional, or a trusted person, avoid follow-up questions, and end the call.
If the participant asked unrelated factual questions, Cali was instructed to
briefly acknowledge and redirect to the check-in.
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A.2.4 Main Check-In Prompt Differences

Table A.2: Condition-specific main check-in prompt wording.

Prompt element

Informal version

Formal version

Formality
definition

Readiness
transition

Opening script

Example
follow-up after
a negative
morning
response
Example
transition
between core
questions
Example
summary style

Higher narrativity, simpler
syntax, greater cohesion, and
more concrete vocabulary.

“Great, first question,” followed
immediately by the first core
question.

“Hey there, I'm Cali. I'll be
doing a quick well-being
check-in with you today and
asking a few questions about
how you’ve been feeling lately.
If anything I say is unclear, or if
you want me to repeat
something, just let me know.
Feel free to correct me if I
mishear you or make a mistake.
After our chat, you'll fill out a
few short questionnaires and
answer a few open-ended
questions. Ready to get
started?”

“Sounds like mornings are
pretty rough for you. What
usually makes getting up hard?”

“Feeling stiff and slow seems to
slow everything down at the
start of your day. Next question,
do you find life exciting lately?”
“So to sum it up, getting up feels
hard, excitement comes and
goes, your energy drops fast,
family helps you feel hopeful,
and being alone affects your
mood. Does that sound right?”

Lower narrativity, more
impersonal framing, higher
syntactic complexity, lower
cohesion, and more abstract or
technical vocabulary.

“Excellent, first question,”
followed immediately by the
first core question.

“Hello, my name is Cali. This
session involves a brief
well-being check-in consisting of
several questions regarding
your recent emotional state. If
any part of what I say is unclear,
or if repetition or clarification is
required, please indicate this.
Corrections are also welcome in
cases of mishearing or error.
Following the completion of this
conversation, several short
questionnaires and a set of
open-ended questions will be
presented for completion. Are
you ready to begin?”

“Mornings appear to be difficult
for you. What factors tend to
contribute to that experience?”

“That sense of stiffness and
slowness seems to shape how
your day begins. Next question,
do you find life exciting lately?”
“To summarize, mornings are
difficult, feelings of excitement
vary, energy levels decline,
family support contributes to
hopefulness, and solitude affects
overall happiness. Does that
sound accurate?”
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A.3 Supplementary Study Materials

This appendix contains the participant-facing experiment pages, Prolific study
preview, research-platform screens, and the Geriatric Depression Scale-30
source material used in the study workflow.

A.3.1 Prolific Study Preview

Preview as participant X

Conversations with voice Al assistants

By Olivier Vroom
@ $4.50 * $12.27/hr (O 22mins 2, 21places [JInterview

This study explores how people interact with voice Al assistants in healthcare
settings. You'll take part in a short simulated wellbeing check-in conducted
by voice Al assistant (7-8 minutes). Afterward, you'll complete a survey about
your experience, including open-ended responses.

All responses will be anenymized, and no identifying information will be
stored. Please ensure your microphone and speakers are working clearly, and
complete the full survey to receive approval.

Once you begin, you will be redirected to an external webpage to conduct
the experiment. Make sure to copy your prolific ID, and paste it there.

@ This study includes sensitive topics. Learn more about study content
warnings here.

Additional details:
health, wellbeing, mental health

Devices you can use to take this study:

£ | Desktop

You will also need:

94 ) Audio (& ) Microphone

Figure A.1: Prolific study preview shown to prospective participants.
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A.3.2 Experiment Pages

B

Research Study

Welcome! Please enter your Prolific ID to begin the voice
conversation.

Prolific ID

Enter your Prolific ID

This ID helps us track your participation in the study.

Continue to Conversation

Figure A.2: Welcome and Prolific ID collection (page 1 of experiment).
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Welcome to this research study

You are being invited to take part in scientific research. By participating, you will help us improve how voice
assistants interact with people. Before you decide whether to participate, please read the information below.

What will you be asked to do?

You will answer demographic questions. Then, you will have a warm-up conversation to practice and test your mic
and speakers, followed by a 7-8 minute conversation with a voice-based assistant. Afterwards, you will answer
several short questionnaires. Total participation time is around 15 minutes.

You will be compensated for your time upon completion.

What is the purpose of this study?

This study looks at how people interact with a voice-based digital assistant during a short conversation. Our goal is
to improve the design of voice assistants.

The voice assistant will ask you questions about your well-being, which may feel personal.

Who is carrying out this study?
This study is conducted by Olivier Vroom (o.f.e.vroom@students.uu.nl) as part of a Master's thesis.

Supervisors:

* Smit Desai (sm.desai@northeastern.edu)
e Chris Janssen (C.P.Janssen@uu.nl)

Technical support:
¢ Clark Ohlenbusch (clark.ohlenbuschO01@umb.edu)

This study is partially funded by CalicoCare (www.calico.care).

What data will be collected?

We will callert ace araiin aender ethnicitv ar racial L.p SEfdﬂ?b\*’m*orh‘ netiane hackarsiind andina rerardinae of vanr

Consent

Please choose one option:

(") lagree and consent to participate in this study.

() I1do not consent and withdraw from the experiment.

Figure A.3: Welcome and consent screen (page 2 of experiment).
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Step 10f 13 — 8% complete

Demographics

Please answer the following questions about yourself.
What is your year of birth?

e.g. 1960 v

What's your gender?
() Male
() Female

() Other
() Prefer not to say

Please check all of the following ethnic or racial categories that best describe you.
() Hispanic or Latino

() Native American/Alaska Native

() Asian

[:l MNative Hawaiian or Other Pacific Islander

(") Black or African American

("] white or Caucasian

(] Prefer not to say

() Other

Are you a native speaker of English?

—
!

() Yes
(O No

Figure A.4: Demographics questionnaire (page 3 of experiment).
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Step 2 of 13 — 15% complete

Voice Assistant Familiarity

Please answer the following guestions about your experience with voice assistants.

How familiar are you with voice assistants (e.g., Alexa, Siri)?
() 1. Not familiar at all

() 2. Somewhat familiar

@ 3. Moderately familiar

e

() 4. Very familiar

1

() 5. Completely familiar

How often do you use voice assistants (e.g., Alexa, Siri)?
() 1. Never

('3' 2. More than once a year

(@ 3. More than once a month

() 4.More than once a week

() 5. More than once a day

Figure A.5: Voice assistant familiarity questionnaire (page 4 of experiment).
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Step 3 of 13 — 23% complete

#® Practice Session

Practice Conversation

Participant I1D: 134eqwuod]j

Welcome! Before the main conversation, you will do a short practice to check
that everything works. This allows you to:

~ Test your microphone and speakers

+ Get used to speaking with the assistant

Instructions:

+ Sitin a quiet place
. If asked, give your browser permission to use your microphone

+ Click the "Start" button below to begin the conversation

Figure A.6: Practice conversation start screen (page 5 of experiment).
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Step 4 of 13 — 31% complete

# Main Conversation

Voice Al Conversation

Participant ID: 134eqwuodj

Scenario: Your healthcare provider has introduced Cali, a new voice assistant
powered by artificial intelligence (Al), to help conduct brief well-being check-
ins. You will have a conversation with the assistant, and it will ask you some
questions about how you've been feeling lately.

Please read carefully before starting:

. The conversation will take approximately 7-8 minutes.
. If asked, give your browser permission to use your microphone.
« You must complete the entire conversation before proceeding to the questionnaire.

. If you experience minor issues (e.g., a brief pause or repeated line), please continue
the conversation as normal.

. If your microphone or speakers do not work/stop working, please click the "Restart
Call” button.

. Click the button below to begin the conversation.

Figure A.7: Main conversation instructions (page 6 of experiment).
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Step 5 of 13 — 3B8% complete

Questionnaire 1

Participant |D: researcher388

During this experiment, you had a conversation with Cali. How formal did

you find Cali?
Extremely Very Mostly e Maostly Very Extremely
Infu(rfl)ul InifnCnSal Irrfgal O FEr:njul FSI F&njnal
1 2 3 4 B 6 7

Figure A.8: Perceived formality (page 7 of experiment).
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Step 6 of 13 — 46% complete

Questionnaire 2

Participant |D: researcher388

During this experiment, you had a conversation with Cali. Please rate each statement on a scale from 0
(strongly disagree) to 100 (strongly agree). Use the slider or type in the number to adjust your rating.
There are no right or wrong answers.

1. Cali sympathized with me.

Strongly disagree (0) 50 : Strongly agree (100)
2. Please select 29
Strongly disagree (0) 50 £ Strongly agree (100)

Questions continued (same format as

above):
3.Cali considered my mental state
4.Cali understood my intentions.
5.1 trusted Cali.
6.Cali supported me in coping with an emotional situation.
7.Cali understood my needs.
8.Cali seemed emotionally intelligent.
9. Cali expressed emotions.
10. Cali showed interest in me
11.Cali understood my goals.

Figure A.9: Perceived empathy in technology scale / PETS (page 8 of experi-
ment).
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Questionnaire 3

Participant ID: researcher388

Please rate your impression of Cali on these scales. For each pair of words, select the number that best represents how you
perceived Cali during your conversation.

Likeability

3.
Unfriendly iv?‘) “? ‘} : ; Friendly
Questions continued (same format as above):
4.Unkind - Kind
5.Unpleasant - Pleasant
6.Dislike - Like
Intelligence

7.lgnorant - Knowledgeable
8. Incompetent - Competent
9.lrresponsible - Responsible
10.Foolish - Sensible
11.Unintelligent - Intelligent
Anthropomorphism
12.Fake - Natural
13. Artificial - Lifelike
14.Machinelike - Humanlike
15.Unconscious - Conscious

Figure A.10: Godspeed likeability, intelligence, and anthropomorphism (page
9 of experiment).
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Step 7 of 13 — 54% complete

Questionnaire 4

Participant ID: reasearcher3ss

During this experiment, you had a conversation with Cali. Please indicate the extent to which you agree with each of the
following statements using the scale provided (1 = Not at all, 7 = Extremely).

1. Caliis deceptive.

() 1- Not at all
() 2 - Slightly

() 3 - Somewhat
() 4 - Moderately
(_) 5 - Quite a bit
) 6 - Very

() 7 - Extremely

Questions continued (same format as above):
2.Cali behaves in an underhanded manner.
3.1 am suspicious of Cali's intent, action, or output
4.1 am wary of Cali.
5.Cali's action will have a harmful or injurious outcome
6.1 am confident in Cali.
7.Cali provides security.
8.Cali has integrity.
9.Cali is dependable.
10.For data quality purposes, please select 1 for this question.
11.Cali is reliable.
12.1 can trust Cali.
13.1 am familiar with Cali.

Figure A.11: Trust in Automation Scale / TIA-S (page 10 of experiment).
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Step 8 of 13 — 62% complete

Questionnaire 4

During this experiment, you had a conversation with Cali. Please indicate the extent to which you agree with each of the
following statements using the scale provided (1= Not at all, 7 = Extremely).

1. Ifavailable, | intend to start using voice assistants like Cali within the next month.

() 1-Notatall
(O 2 -slightly

(O 3 - Somewhat
() 4 - Moderately
(O 5 - Quite a bit
() 6-Very

(O 7 - Extremely

2. Ifavailable, in the next months, | plan to experiment or regularly use voice assistants like Cali.

() 1-Notatall
O 2 - slightly

(O 3 - Somewhat
() 4 - Moderately
(O 5 - Quite a bit
() 6-Very

() 7 - Extremely

o

Figure A.12: Intention-to-use items (page 11 of experiment).

89



Appendix

Step 9 of 13 — 69% complete

Questionnaire 5

Participant ID: researcher389

Here are a number of personality traits that may or may not apply to you. Please write a number next to each statement to
indicate the extent to which you agree or disagree with that statement. You should rate the extent to which the pair of traits
applies to you, even if one characteristic applies more strongly than the other.

| see myself as:

1. Dependable, self-disciplined

(O 1- Disagree strongly
() 2 - Disagree moderately

Is

(O 3 - Disagree a little

(_) 4 - Neither agree nor disagree

() 5 - Agree alittle

() 6 - Agree moderately

() 7 - Agree strongly

Questions continued (same format as above):
2.Extraverted, enthusiastic
3. Critical, quarrelsome
4.0pen to new experiences, complex
5.For data quality purposes, please select 7 for this question.
6.Reserved, quiet
7.Anxious, easily upset
8.Disorganized, careless
9.Sympathetic, warm
10.Calm, emotionally stable
11.Conventional, uncreative

Figure A.13: Ten item personality inventory / TIPI (page 12 of experiment).
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Step 10 of 13 — 77% complete

Final Feedback

Participant ID: researcher388
The more detail you provide, the more helpful your feedback and the higher your bonus payout may be.

Tip: Record your answer for each question (at least 20 seconds). You can also type below if you prefer. Your
recording is sent to researchers; nothing appears on screen as you speak.

There are 3 questions on this page — scroll down to answer each one.

» Dictation Audio Debug

Question 10f 3
EXPERIENCE WITH CALI
Describe your experience interacting with Cali during the conversation.

You may consider aspects such as:

+ How Cali communicated overall

How well Cali understood and responded to you

Anything that stood out positively or negatively during the interaction

Any technical issues during the call (audio quality, delays, pauses, voice changes, or glitches)

Record your feedback (at least 20 seconds)

] ] [ |
{ j '
@ Click torecord TG Good Great Excellent

205+ 455+ 905+ 1208+
0:00 | 20 seconds minimum

Record at least 20 seconds total (short clips add up). You can also add text below.

Audio status: idle | Recorder: idle

Or add text below (optional)

Type additional feedback if you like...

I | I |
Minimum Good Graat Excellent
35+ 75+ 1504+ 2504+

0 / 35 words minimum

Figure A.14: Final feedback recording screen (page 13 of experiment).
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Questions continued (same format as above):
Question 2 of 3
COMMUNICATION STYLE (FORMALITY)
How would you describe Cali's communication style? Please include:
Whether Cali felt more formal or more informal (and what gave you that impression)
How appropriate that style felt for this conversation
Whether the style affected your comfort, engagement, or trust

Question 3 of 3
FEEDBACK ON THE EXPERIMENT
This question is about the study setup and experience, not about Cali.
Please share any feedback on the experiment itself, such as:
Clarity of instructions and tasks

Technical issues with the study platform (navigation problems, issues replying to survey
questions, page loading issues)
Flow and pacing of the study
Anything that could be improved for future participants

Figure A.15: Final feedback questions, continued from previous (page 13 of
experiment).
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Step 11 of 13 — B5% complete

Get early access before everyone else

You just tested an early version of Cali, our voice Al assistant.
In the future, Cali will be available for you to interact with whenever you want.
As one of our early testers, you can choose to get notified on Prolific when Cali
launches publicly.

[ ] rd like early access — notify me on Prolific when Cali launches.
Your payment is not affected by your choice
Anything you'd like to add? (optional)

e.g. how you'd use it, what you'd hope for, or leave blank

Figure A.16: Early access opt-in screen (page 14 of experiment).
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Step 12 of 13 — 92% complete

Debriefing

Thank you for contributing to this research. The study is now complete, and the
information below explains the full purpose of the experiment.

What this study was really about

This study examined how people respond to two different conversational styles used by a voice
based assistant. Some participants interacted with a more formal assistant, and others
interacted with a more informal one. We studied how these styles influenced trust and perceived
empathy during the short interaction.

What data we collected

We collected:

« Demographical information
» Audio recordings of your interaction
* Questionnaire responses

All data is stored securely and handled under GDPR and Utrecht University policy.

Your right to withdraw your data

Figure A.17: Debriefing screen (page 15 of experiment).
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Step 13 of 13 — 100% complete

Study Complete!

Thank you for your participation

Please use one of the options below to complete your submission:

Click here to complete on Prolific

Or copy and paste this completion code:

CWIF4IWH

Figure A.18: Study completion screen (page 16 of experiment).
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A.3.3 Geriatric Depression Scale-30 Source Material

The following document contains the Geriatric Depression Scale-30 material
used to inform the study check-in questions.

Geriatric Depression Scale (Long Form)

Patient’s Name: Date:

Instructions: Choose the best answer for how you felt over the past week.

No. | Question Answer Score
1. Are you basically satisfied with your life? YES / NO
2. Have you dropped many of your activities and interests? YES / NO
3. Do you feel that your life is empty? YES / NO
4. Do you often get bored? YES / NO
5. Are you hopeful about the future? YES / NO
6. Are you bothered by thoughts you can t get out of your head? YES / NO
7. Are you in good spirits most of the time? YES / NO
8. Are you afraid that something bad is going to happen to you? YES / NO
9. Do you feel happy most of the time? YES / NO
10. Do you often feel helpless? YES / NO
11. Do you often get restless and fidgety? YES / NO
12. Do you prefer to stay at home, rather than going out and doing new things? YES / NO
13. Do you frequently worry about the future? YES / NO
14. Do you feel you have more problems with memory than most? YES / NO
15. Do you think it is wonderful to be alive now? YES / NO
16. Do you often feel downhearted and blue? YES / NO
17. Do you feel pretty worthless the way you are now? YES / NO
18. Do you worry a lot about the past? YES / NO
19. Do you find life very exciting? YES / NO

20. Is it hard for you to get started on new projects? YES / NO

21. Do you feel full of energy? YES / NO

22, Do you feel that your situation is hopeless? YES / NO

23. Do you think that most people are better off than you are? YES / NO

24. Do you frequently get upset over little things? YES / NO

25. Do you frequently feel like crying? YES / NO

26. Do you have trouble concentrating? YES / NO

27. Do you enjoy getting up in the morning? YES / NO

28. Do you prefer to avoid social gatherings? YES / NO

29. Is it easy for you to make decisions? YES / NO

30. Is your mind as clear as it used to be? YES / NO

TOTAL

This is the original scoring for the scale: One point for each of these answers.
Cutoff: normal-0-9; mild depressives-10-19; severe depressives-20-30.

1.NO 6.YES 11.YES 16.YES 21.NO 26.YES
2.YES 7.NO 12.YES 17.YES 22.YES 27.NO
3.YES 8.YES 13.YES 18.YES 23.YES 28.YES
4.YES 9.NO 14.YES 19.NO 24.YES 29.NO
5.NO 10.YES 15.NO 20.YES 25.YES 30.NO

Yesavage JA, Brink TL, Rose TL, et al. Development and validation of a geriatric depression
screening scale:a preliminary report.J Psychiatr Res 1983; 17:37-49.

Provided courtesy of CME Outfitters, LLC Available for download at www.neuroscienceCME.com

96



	Acknowledgements
	Contribution Statement
	Introduction
	Background
	HCI and AI Interaction Design
	Voice Assistants
	Older Adults and Voice Assistants
	Voice Assistants and Well-Being Check-Ins
	Conversational Design
	Conversational Formality
	Prior Work on Formality in Conversational Agents

	System Architecture
	Cali Voice Assistant Implementation
	Check-In Dialogue Structure
	Formality Manipulation in the Prompt Layer
	Prompt Structure as Conversational Design
	Integration With Experimental Platform

	Study Method
	Ethics and Data Handling
	Participants
	Study Design
	Materials
	Procedure
	Measures

	Results
	Preliminary Analyses
	Main Analyses
	Exploratory Analyses

	Discussion
	Interpretation of Results
	Design Implications
	Limitations and Future Work

	Conclusion
	Bibliography
	Appendix
	AI-Assisted Feedback Theme Coding Prompt
	Voice Assistant Prompts
	Supplementary Study Materials


