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Conversational agents (CAs) are one of the most promising technologies for helping older adults maintain
independence longer by augmenting their support and social networks. Voice-based technology in particular
is especially powerful in this regard due to its accessibility and ease of use. There is also a growing body of
evidence supporting the potential use of such technology in mitigating common issues such as loneliness
and isolation, particularly for independent older adults aging in place. One of the key challenges for smart
technologies deployed in this context is the development and maintenance of long-term user engagement and
adoption, which is often addressed by attempting to closely mimic human social interactions. However, the
more human-like the system, the more glaring fault conditions become, and the more jarring they are for
users. In this study we explore the effectiveness of an alternative conversational strategy meant to encourage
users to engage in positive reflection and introspection. We detail the iterative design and implementation of
a prototype CA developed to engage in social conversation with older adults on selected topics of interest. We
then use this system as part of a multi-method approach to investigate the effect of deliberate positivity as a
conversational strategy, including its impact on user impressions and willingness to continue using the CA.
Our results from different approaches, including methods such as psycholinguistic analysis, user self-report,
and researcher-based coding, paint a promising picture of this conversational design. We show that the
deliberate encouragement by a CA of positive conversation and reflection in users has a measurable positive
impact on both user enjoyment and desire to continue engaging with a system. We further demonstrate how
some user characteristics may amplify this effect, and discuss the implications of these results for the design
and testing of future conversational systems for older adults.
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1 Introduction

The unprecedented aging of the global population, paired with the rapid pace of the development
of increasingly sophisticated intelligent interactive systems, has prompted exploration into many
important research questions (RQs) in the community. It is estimated that by the year 2050
there will be 2.1 billion people aged 60 or older; conversely, there will be fewer working-age adults
available to help meet the care needs of older adults requiring support.! Out of many available
technologies, conversational intelligent systems are regarded as some of the most promising avenues
of technological support for older adults. Voice-activated systems are widely accessible, can be
more comfortable to talk to than humans, especially when user questions are repeated, and users
can experience similar psychological benefits as they would talking to a human. However, there
are some recurring issues that plague the use of conversational technology as support systems,
particularly since by definition these technologies would need to be adopted for long-term use
and encourage regular ongoing interaction with users. Many conversational strategies have been
developed to facilitate this, particularly when it comes to social support to alleviate isolation
and depression faced by older community-dwelling adults, but the deliberate and planful use of
positivity in conversation with an intelligent system has yet to be explicitly investigated.
Positivity in this conversational context can be defined as an interaction in which someone shares
good news or positive events with others. This process is sometimes referred to as personal capital-
ization in the psychology and human-human communication literature [34, 53]. Capitalization can
be thought of as the complement to support seeking, the social process, and coping mechanism of
sharing negative events and feelings in order to alleviate stress and other negative emotions [35].
In other words positivity, or capitalization, is the process by which we “spread the love” rather than
“share the burden” While capitalization as positivity is a novel question in human-conversational
agent (CA) interactions, the phenomenon is well-studied in human-human communication, where
it has been shown to be greatly beneficial psychologically. Capitalization promotes positive ret-
rospection in sharers (“capitalizers”) and increases positive thought patterns [34, 79, 87]. This
positive effect can depend to some degree on the reactions of a partner or partners, but the effects
in capitalizers can be long-lasting regardless [52]. Like most social processes, capitalization is an
iterative process that continues and deepens over time, meaning that mimicking this social process
in intelligent systems may help in promoting adoption over the long term. For older adults in
particular it is also especially noteworthy that the positive effects of capitalization are even more
pronounced in capitalizers experiencing depression or anxiety [4]. Capitalization has also been
shown to have a positive impact on health more generally, particularly when it comes to mitigating
stress [38, 54]. This makes capitalization a potentially valuable resource for older adults aging in

Thttps://www.who.int/news-room/fact-sheets/detail/ageing-and-health#:~:text=By%202050%2C%20the%20world’s%20popu-
lation,2050%20t0%20reach%20426%20million.
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place who may be experiencing increased feelings of social isolation and depression, as well as
other health concerns.

The use of planful positivity incorporated into older adults’ interactions with an exclusively voice-
activated social conversational assistant is novel—and thus far unexplored—territory. Nonetheless,
there is a variety of related work, including studies using text-based chatbots, automated Web sites,
or mixed media, that provides encouraging and suggestive evidence that this is a novel direction
that is well worth exploring. For example, in college-aged adults there is evidence that the process of
capitalization engaged upon during social media use can yield psychological benefits just as human-
human positivity can [50]. Computer-mediated social interactions have also been shown to be
effective in promoting feelings of well-being and social connectedness in both working-age and older
adults [9, 42]. There are likewise promising findings from research examining various smartphone
text-based applications—although these have, for the most part, looked at more narrowly defined
positive interventions such as encouraging gratitude, mindfulness, and the feeling of personal
connectedness (see, e.g., [2, 8, 37, 46, 55] among others), rather than a broader range of positivity
prompts or reminders interleaved into a more wide-ranging conversation about everyday activities.
Many studies using smartphone or mobile applications also have focused specifically on narrow
target groups linked by circumstances such as isolation during the COVID-19 pandemic [61], or by
medical conditions such as cancer [40] or depression and anxiety [33]. More broadly, there also
have been notable attempts to adopt a user-inclusive design approach with other age groups, such
as children [101] and adolescents [31], and there has been sustained and growing interest in the
varied ways that digital positive psychological interventions, such as automated Web sites and
mobile applications, can promote human health and well-being [5, 75, 90].

Many older adults, often defined as adults 60 years of age or over [7, 94], wish to maintain
independence as long as possible. This is often done by remaining in their own homes and dwelling
in the community as much as they can, so-termed “aging in place.” Promoting and supporting the
independence of older adults is critical primarily because evidence continues to emerge that older
adults remaining in the home may stay healthier longer and have better outcomes than those in
assisted living (see, e.g., [14, 47, 64]), and because older adults aging in place therefore usually
require less intensive support resources [65]. It is very important to note that intelligent systems
cannot and should not fully replace human interaction and care; however, smart technologies are
poised as potentially highly useful tools in augmenting and supplementing the effectiveness of
human caregivers. Conversational technologies can be used for many things, including applications
such as smart home control, encouraging medication compliance, and social interaction. Other
smart technology, such as in-home sensor networks, can assist in maintaining physical health
in uses such as fall detection. By their nature, however, most of these applications are designed
for long-term use of technology, which presents unique challenges when considering design and
adoption of technologies for older users.

The study presented here is a three-phase multi-method investigation into the effects of deliberate
and encouraged positivity on user mood, interaction style, and acceptability of a prototype conver-
sational system. Phase I consisted of feasibility pilot studies to establish our basic experimental
approach. Phase II laid the groundwork for the development of an actual prototype conversational
system designed from the ground up with input from older users by testing aspects of conversa-
tional design using a Wizard of Oz approach. The bulk of our work consists of Phase III, in which
we created and tested an actual prototype conversational system implementing a conversational
strategy centered around deliberate positivity. All three phases together address the following core
questions about the use of positivity in conversational design for voice-based systems designed to
interact with older adults.
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RQ1: Can positive prompts or deliberate positivity be implemented to encourage continued inter-
action/use of a CA?
RQ2: How does user interaction with a CA implementing deliberate positivity influence user affect
and perception of the CA across multiple sessions?
(a) Is user affect influenced by the number of positive prompts per session?
(b) Isuser affectinfluenced by session-specific system usability, as assessed by user self-report
using both general and CA-specific usability inventories?
(c) Is user affect influenced by session-specific system usability, as assessed by user behavior
in response to minor system errors?
(d) Isuser affect influenced by a user’s general interest level and experience (I&E) relating
to computers and information technology?

One of the core questions of interest in the design of CAs, as noted above, continues to be that
of encouraging long-term user adoption and acceptability for deployment in a variety of scenarios
[30]. This is a particularly salient question for our target user group of older adults. We therefore use
a mixed-methods approach to characterizing participant interactions with the CA in the hopes of
better understanding the challenges and opportunities for likely continued interaction with the CA.
While this type of characterization is not explicitly a RQ, the development of appropriate metrics
to profile interactions could be considered a “bigger picture” underpinning to this study. This mix
of qualitative measures such as user self-report and quantitative measures such as psycholinguistic
analysis allows us to build a holistic picture of older adults’ interaction with a CA. Our unified
approach also used a mix of participant feedback, such as user rating of minor system behavior, and
expert post-hoc analysis by the research team to develop a much more nuanced characterization of
these interactions in order to situate our results as potential guidelines for future system design.

In this article we first provide an overview of relevant work, including a review of deliberate
positivity, or personal capitalization. We also provide background in conversational system design
for older users as a framing for these experiments. We then outline our experimental design for
each phase, including our methods, tools, and findings. We provide further analyses integrating
results from different investigative methods, such as user self-report and conversational analysis,
to provide a more holistic interpretation of our results. Finally, we discuss the implications of our
results for the design of and incorporation of deliberate positivity in conversational systems for
older adults and others, as well as the process of user assessment and testing involving target user
groups such as older adults.

2 Related Work
2.1 Deliberate Positivity

The use of positive reflection in interpersonal interactions is well-studied. This process, also called
personal capitalization, is a core relationship building and maintenance tool [79]. Capitalization
is primarily asynchronous and retrospective. It is by definition dyadic, since experiencing the
relationship-building benefits of capitalization relies on having a partner to respond to positive
disclosure [52]. These benefits are apparent even in the case of disclosing minor positive events such
as recounting a favorite TV show or relating something interesting encountered on a hike [87].
The benefits of sharing positive events or memories through capitalization extend beyond the
sociorelational, however. The capitalization process can have a sizeable psychological impact on so-
called capitalizers, even over the long term [4]. This is especially noteworthy considering evidence
that people experiencing depression, isolation, or anxiety can actually gain stronger benefits from
capitalizing [43, 56]. As such, capitalization has also been recognized as a promising clinical tool as
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a part of positive psychological intervention for many different populations. This includes older
adults, where the impact may be particularly far-reaching (see, e.g., [86, 92, 100], among others).

Other social processes, such as self-disclosure, have been shown to induce similar psychological
benefits in the users of conversational systems as they do in human-human interactions [44],
meaning that capitalization may be worth investigating as an aspect of system design. There is
further evidence in the capitalization literature pointing to important elements in interaction
design. Even the simple act of a potential listener taking the conversational initiative and asking
basic probing questions, for example, may have a good deal of benefit as it promotes feelings of
care between conversational partners [79]. Even straightforward agent-initiated dialogue such as
“How was your day?” may be a powerful tool in prompting and encouraging continued positive
reflection [19]. Encouraging further opportunities for positive experiences may also help increase
the psychological benefits of capitalization [4, 16]. Therefore, a system designed with features such
as calendar and scheduling functions that can help promote further participation in enjoyable
activities may also be beneficial for combating isolation and stress in users.

Supporting mental health and further promoting mental wellness strategies is especially im-
portant for older adults, particularly adults who wish to maintain high degrees of independence
for as long as possible [13, 74]. Maintaining mental resilience is an important piece of healthy and
successful cognitive aging [48], and psychological intervention can help promote mental resilience.
Positive interventions designed to help people manage stress and mitigate depressive or anxious
symptoms are especially useful for this purpose [100]. The impact of this sort of positivity also
extends beyond cognition. The effects of stress, depression, anxiety, loneliness, and related mental
states on physical health are well-documented and numerous (see, e.g., [13, 17, 98], among others).
A great number of disease processes benefit from the active management of mental health. This is a
notable consideration for an older population, many of whom may already be managing long-term
or higher-impact health concerns. Better physical health, in combination with better mental health,
can make it easier for older adults to maintain independence and stay in the home longer [21, 88].

2.2 Older Users and Long-Term Adoption of Intelligent Technology

Designing for older users and designing for encouraging long-term use are difficult prospects, both
individually and when taken together. Social processes such as positive capitalization are iterative
and deepening, so any psychological and/or relationship building benefits may build effectively
over the long term. However, maintaining long-term adoption and acceptance of conversational
technologies is one of the most open and challenging questions in the field [30]. Simultaneously,
older users are considered one of the hardest user groups to design for due to the heterogeneity
of the user group [29, 39]. Common effects of aging, such as changes in memory, mobility, and
sensation, are well understood; however, life experience, health, and even inter-group age differences
can greatly impact the degree to which individuals experience any one of these changes [71].
Nonetheless, some common usage patterns and acceptability concerns for older adults in general
do exist, which may provide additional insight into important design elements to help encourage
long-term adoption by this user group, particularly when combined with broader potential causes
of system abandonment.

Previous work has demonstrated that two primary uses of conversational systems for older
adults are information seeking and listening to music, both in aging-in-place and assisted living
contexts. [76, 82, 96]. Some evidence suggests that older users may also have different concerns
about data security and privacy [32]. These users may engage in interactions that lead to more
sensitive information being disclosed—for example, Pradhan et al. found that many information-
seeking interactions between older adults and the Alexa involved questions about health [82].
Health concerns and more intense medical needs increase with age, so even social conversations
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may include the disclosure of sensitive health information [6, 15]. There is also the potential
that conversations and disclosed information may be overheard, particularly as a user’s living
circumstances may change; a user may need to have caregivers visit for health concerns, for
example, or transition into assisted living, which may further limit a potential user’s desire to use a
device [76, 95]. The combination of the potential sensitivity of conversations and the presence of
other listeners creates an increased need for fine-grained security and privacy controls, as well as a
need to retain ownership over data as much as possible.

Older adults using conversational systems have also been shown to be open to social interactions
with these systems, and experience feelings of increased engagement and support as a result of
using them [22, 84]. Older adults also tend to be more likely to perceive systems as social presences
and interact with them in a social style [22, 36, 97]. However, long-term use of CAs by older
adults for social or other purposes can be limited by disappointment in exploration of what the
conversational system can actually do [22, 32, 96]. In fact, the capabilities of intelligent systems (or
lack thereof) have been consistently observed to be the greatest barrier to adoption of conversational
technologies [20, 30, 62]. User expectations often exceed the limits of what a system can actually
do—an expectation/experience gap that frequently causes frustration and eventually abandonment
of the technology [30, 62]. The use of intelligent technologies has previously been modeled as a
process of exploration, exploitation, and then abandonment [18, 68]. Many technologies may see
high use and interest in the short-term and when users first begin using them. However, after this
initial phase when the novelty has worn off, the limitations of technologies become more apparent
and often more frustrating for users, at which point the technology is abandoned.

This pattern of not meeting user expectations has multiple potential root causes; however, one
important contributing factor to the impression of systems overpromising and underdelivering
is the interaction design for intelligent agents, particularly those that are conversation-based.
Past evidence suggests that more “human-like” behaviors can lead users to believe CAs are more
capable than they actually are, which in turn leads to disappointment, frustration, and potential
abandonment of the technology [18, 62, 102]. However, the fact that more human-like behavior
might be detrimental is complicated by the innate human tendency towards anthropomorphization,
particularly when it comes to interactive and voice-based technology [51, 73]. It has long been
suggested that this innate tendency makes it impossible to fully remove social or anthropomorphic
cues from interactive technology [63, 73]. This is particularly true for CAs, since language-based and
particularly voice-based interaction are inherently social/anthropomorphic cues, as is interactivity
over the longer term [24, 63]. Fully removing these cues is therefore impossible—but cues can be
reduced through conversational design to perhaps lessen the tendency of excessive social attribution
for conversational technology [24].

Balancing the amount of social cues towards a more neutral social presence—that is to say,
attempting to minimize the impression on users that a CA has some sort of persona or person-
ality—may have other benefits in terms of encouraging long-term adoption. This is particularly the
case for voice-activated systems, an interaction modality often noted as widely accessible and more
inviting to users who may have sensorimotor issues or decreased hearing or vision [83]. These
sorts of physical characteristics are often observed in older adults, so systems should be designed
with an eye to physical inclusivity [29]. However, there are other dimensions to consider as well.
Past evidence suggests that while older adults are receptive to adaptable systems, the desire for
systems with social capabilities is quite mixed [26]. Conversely, older adults do tend to interact with
intelligent systems on a more social basis [36, 97]. Therefore, the most inclusive design might also
attempt to balance social cues and capabilities in an effort to not encourage false impressions and
expectations from users. Using common social niceties such as thanking and greeting, while avoid-
ing more fully anthropomorphic cues such as joking and self-disclosure, may strike a good balance
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between a fully social presence and a robotic presence, thus encouraging longer-term adoption
for a wider number of users—which is important for heterogeneous user groups like older adults.

3 Experimental Overview
3.1 Experiments

In this series of experiments we invited older users to interact with, and provide feedback concern-
ing, a newly developed prototype conversational assistant, with the explicit aim of systematically
examining the potential of deliberate positivity as a route to encouraging long-term adoption by this
user group. We report here the results of a three-phase mixed-methods study including pilot studies
(Phase I), a Wizard of Oz-based deliberate positivity experiment (Phase II), and an experiment
using an actual prototype CA implementing a conversational strategy centered around deliberate
positivity (Phase III). Results are presented in the same order that the studies were performed.
Phase I reporting includes two pilot studies, Pilot 1a and 1b. Phase II reporting includes the Wizard
of Oz-based study. Phase III reporting includes testing with older users and the prototype CA.

3.2 Participant Recruitment and Eligibility

Recruitment for all phases of the study, including Pilots 1a and 1b as well as Phases II and III,
was performed via ResearchMatch. ResearchMatch is a national health volunteer registry that
was created by several academic institutions and supported by the U.S. National Institutes of
Health as part of the Clinical Translational Science Award program. ResearchMatch has a large
population of volunteers who have consented to be contacted by researchers about health studies
for which they may be eligible. The study description invited participants to take part in research
to help improve a new voice-activated CA, and stated that the goal of the study was to create an
accessible home-based CA to help with everyday tasks. Inclusion criteria were that participants
were older adults, commonly defined by the World Health Organization as 60 years old or older
[7, 94] (although, in fact, the majority of recruited participants were older—e.g., mean ages of 69
and 68 years in Phases II and III, respectively), were native speakers of English (defined as having
learned English by 6 years of age), and had recently learned to use Zoom or wished to learn how to
use Zoom. To facilitate scheduling, only participants who resided in the Central Standard Time
zone were contacted. Review and approval for this study and all procedures was obtained from the
University of Minnesota Institutional Review Board.

The research team’s interactions with participants and the CA were also consistent across phases.
After confirming the audio quality of the session and that it was being properly recorded, research
assistants directed participants to begin the interaction. Although the research assistants had to
remain on video calls by necessity, once audio quality was assured research assistants stepped
away from the call after informing participants that they would stop actively listening to audio or
watching the conference video. Thus, participants could interact with the system without being
directly monitored by an external observer, more closely paralleling fully in situ conditions.

4 Phase I: Pilot Studies
4.1 Pilot 1a

In our first pilot study, we explored the appropriateness and usability of the experimental paradigm
itself. We first wanted to determine whether or not older adults are comfortable with interacting
with a unimodal voice-activated system. While we had originally planned to perform this study
with participants in person, the COVID-19 pandemic necessitated the use of video conferencing.
Therefore, Pilot 1a was a feasibility study specifically for older adults interacting with a voice-based
system over Zoom. Both the original experimental design and the Zoom modification were IRB
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approved, and for Pilot 1a and all subsequent experiments participants were compensated with a
gift card to a retailer of their choice for an approximate pay rate of $15 an hour.

In Pilot 1a, we employed a protocol of everyday calendar-related scenarios in which older
participants were asked to imagine themselves, and how they might use a CA for assisting them with
the setting of reminders or planning for specific activities (e.g., an upcoming doctor’s appointment
or planning to host a small dinner party). Based on this Zoom-based single-session scenarios study
we learned that older adults (N = 12, 60 years of age and above) are capable of, and comfortable
with, taking part in CA-based interactions remotely on Zoom. We also learned that the majority of
participants fully accepted that the CA is a real CA. As a precursor to development of a prototype
system, the “Conversational Assistant” in Pilot 1a was deployed using a “Wizard of Oz” testing
procedure in order to simulate a plausible system to evaluate different aspects of system design.
This consisted of a soundboard with a set of pre-recorded prompts and positive, negative, and
neutral responses that were created using the voice of “Joanna” from Amazon Web Service’s “Polly”
service. These results formed the basis of the actual prototype developed in later studies.

4.2 Pilot 1b

Given that Pilot 1a was promising, we wanted to gather further information with deeper probes into
participants’ impressions and what sorts of functionalities would be most helpful and relevant to
older adults and the types of daily activities they might have. To do this, we conducted one-on-one
Zoom-based follow-up personal interviews with 10 of the older adults from the first pilot study.
The interviews were developed and conducted with IRB approval, and were designed to inform us
of what types of events older adults might include in their daily calendars (including under the
restrictions in activities related to the pandemic), so that some of the more common event types
could be incorporated into the CA scripts before testing with further older adults. The interviews
also provided us with knowledge of the general activities/events older participants found to be
positive and/or rewarding. From this series of interviews, a clear pattern began to emerge regarding
common enjoyable activities for these older adults. The majority of activities and events mentioned
by interviewees were related to either leisure and hobby activities or family/social activities. These
two general topics became our domains of interest in further experiments and eventually prototype
development.

5 Phase II: Wizard of Oz

Prior to beginning the intensive process of prototype development, we wanted to further explore
the concept of deliberate positivity used as a conversational strategy. To do this, we employed a
Wizard of Oz protocol for a less constrained, more social/conversational CA than the scenario-
based system from the pilot experiments. The Wizard of Oz system conversed with participants
regarding the target domains of interest—family and hobbies—and further prompted users about
positive experiences and memories to promote positive reflection in participants. The results of
this experiment were extremely promising and guided the design of the actual prototype used in
Phase III.

5.1 Experimental Design

Participants in the Wizard of Oz protocol attended two sessions a day over the course of 4 days for
a total of eight sessions per participant. Figure 1 illustrates the general procedural flow for each
individual session.

The first session introduced participants to the experiment and gave an overview of how the rest
of their sessions would go. Immediately prior to their first interaction with the “system,” participants
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Experimental Flow: Phase Il

( Practice task (Session 1 (AM) only) \

Likert scale mood rating

Interaction with WoZ system

Likert scale mood rating

System Usability Scale (SUS) inventory

v Session-Specific CA Usability inventory

Technology skills and interests inventory
k (Session 1 (AM) only) )

Fig. 1. Experimental flow for Phase II.

were also asked to complete a practice task to familiarize themselves with the system, which was
one of the scenarios used in the first pilot study.

Most of the rest of the first session followed the same pattern as all subsequent sessions. For
each session, participants were asked to report on their current mood using a 7-point Likert scale,
anchored at 1 for “not very good at all” and 7 for “very good.” Participants then interacted with
the Wizard of Oz system, which included conversing about family- and hobby-related topics and
responding to positive prompts from the system. Following each interaction, participants were
asked to rate their mood again using the same 7-point Likert scale. Lastly, participants were given
two brief surveys regarding the general usability of the system (the System Usability Scale
(SUS)) and their perceptions of the CA, such as rating the pleasantness and appropriateness of
the conversational interaction during that particular session (the Session-Specific CA Usability
Inventory). At the end of the first session, participants were also asked to complete several brief
inventories detailing their current I&E levels with technology.

Following the eighth and final interaction, the experimenter disclosed the use of deception as part
of the Wizard of Oz protocol. Once they were told they had interacted with a human, participants
were asked a brief series of questions regarding whether or not they had suspected at any point that
they were interacting with a human under the guise of a machine rather than an artificial agent. If
participants indicated the deception may have failed, they were further asked when and why that
suspicion occurred. At the conclusion of the experiment participants were given compensation
options to choose from. This was done with IRB approval, and all participants were provided with
IRB approved consent documentation and contact details for the research team.

5.2 Methods

5.2.1 Technology Profiles. We included a number of questions in experimental surveys to better
understand participants’ experience with and impressions of technology. These included questions
related to participant attitudes towards technology, a report of their general technological skills,
and their level of experience with various uses of technology.

(a) Attitudes and Interests. Participants were asked to answer a small inventory of questions relating
to their current interests and attitudes towards technology [49]. Each question was responded to
on a 5-point Likert scale, anchored at 1 for “not at all” and 5 for “extremely.” The questions included
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a rating of their interest in technology, willingness to try new things, and frequency of technology
use. Each question was asked separately for smartphones and then for computers/tablets.

(b) Technology Skills. Participants were similarly asked to rate their abilities with regards to
both the physical use of technology and the use of technology for specific applications. This
section of the survey included questions adopted from Boot et al. such as whether participants felt
comfortable using a keyboard to type, removing a paper jam from a printer, or using technology to
find information and answer questions [10]. These survey questions were also answered using a
5-point Likert scale with the same anchors as above.

(c) Experience with Information Technology. We asked participants (in Session 1) to answer 10
questions about their experience with Information Technology [81]. They were asked to rate their
level of experience with different ways of “using the internet and technology.” This included common
online activities such as online shopping, e-mail, social networking, and streaming. Responses
were on a 5-point Likert scale, anchored at 1 for “very poor” and 5 for “excellent.” The full text of
questions related to experience with technology can be found in Appendix A.

5.2.2 SUS. There are 10 items on the SUS written as statements that raters are asked to evaluate.
Each statement is rated on a 5-point scale, anchored with 1 for “strongly disagree” and 5 for
“strongly agree” These statements include ratings of system complexity and ease of use, as well as
learnability and the perceived ease of adopting the system. The 10 items on the SUS are weighted,
combined, and scaled to give a final usability score between 0 and 100. In previous aggregate studies,
the average SUS score from about 500 studies is a 68, where anything above 68 can be considered
as having above average or good usability scores [89]. The full text of the 10 SUS items can be seen
in Appendix B.

5.2.3 Session-Specific Ratings of CA Usability. In order to further probe user impressions of the
CA as a language-based technology, we adopted a 15-item inventory of usability statements. Similar
to the SUS, these were rated on a 5-point Likert scale anchored at 1 for “completely disagree” and 5
for “completely agree.” These statements covered user impressions of design elements more specific
to natural language/conversational interfaces, and included items such as user ratings of system
sociability, appropriateness, interaction style, and language use. These were designed to provide
insight into larger interaction elements such as whether participants felt comfortable being open
and sharing with the system, or whether the interaction was pleasant and enjoyable. The full text
of these 15 items as presented to participants can be found in Appendix C.

5.3 Results

5.3.1 Demographics and Technological Profiles. A total of 17 participants were recruited for
Phase II; of these, 14 completed all 8 experimental sessions. The mean age of participants was a
little over 69 years old, with 13 out 18 participants 65 years of age and older. Participants reported
a mean of approximately 17.5 years of formal education. All participants self-identified as native
English speakers, and 16 participants identified as non-Hispanic White; 1 participant identified as
mixed race. Of these, 13 participants identified as female, while 4 identified as male. By self-report,
participants were also in very good health, indicated by a mean rating of 5.8 on a 7-point scale.

By and large, the participants for Phase II were interested in and positive towards technology
and especially exploring new technology. Almost all participants reported they were daily users
of computers and smartphones, and most indicated some comfort with the technologies and
willingness to explore new features. Participants were most proficient at tasks like sending e-mail
and information seeking, while they were least familiar with using computer and smartphone
technologies for streaming purposes including movies and music. About half of the participants
indicated they had previous experience with smart home assistants.
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Table 1. Session-Specific Ratings of CA Usability for Phase 1

Session-Specific CA Usability Question S1 S2 S3 S4 S5 S6 S7 S8 Mean (SD)

Q1: CA pleasant 459 453 4.53 4.35 459 4.53 4.50 4.64 4.70 (0.47)
Q2: CA sociable 4.69 476 4.71 4.47 4.65 4.71 4.57 4.57 4.71(0.45)
Q3: Felt comfortable sharing 441 4.29 4.24 4.00 435 4.00 4.36 4.14 4.44(0.86)
Q4: Felt could be open 4.24 412 4.29 4.12 429 4.06 4.36 4.50 4.45(0.72)
Q5: Felt involved 4.47 429 447 4.12 435 4.29 4.21 436 4.46 (0.75)
Q6: Enjoyed interaction 4.06 4.12 4.35 4.06 4.06 3.94 4.21 4.14 4.24 (1.00)
Q7: Interaction was smooth 435 4.00 4.24 4.00 4.18 4.24 4.14 4.07 4.22(0.71)
Q8: Would like to interact again 4.18 3.88 4.00 3.88 3.82 3.88 3.93 3.86 4.02(1.10)
Q9: Interaction was satisfying 4.12 3.88 3.94 3.63 3.94 3.94 3.86 4.00 4.07 (0.94)
Q10: CA said right thing 3.53 3.71 3.76 3.81 3.88 4.06 4.14 4.14 4.10 (0.88)
Q11: CA responded appropriately 4.29 4.29 394 3.94 4.24 424 436 4.21 4.40(0.79)
Q12: CA communicated correctly 459 456 4.71 4.18 4.41 4.47 4.36 4.21 4.53 (0.63)
Q13: CA seemed competent 459 435 447 4.24 447 441 4.57 443 4.61(0.56)
Q14: CA seemed natural 3.88 3.88 3.94 3.82 4.00 4.00 4.14 4.14 4.09 (0.86)
Q15: Would like a long conversation 3.24 3.35 335 3.12 3.29 3.29 3.50 3.36 3.46 (1.18)

N =17, except N = 14 for Sessions 7 and 8. All items were answered on a 5-point Likert scale (1 = completely disagree, 5 =
completely agree). The final column provides the average for participants who completed all eight sessions. The full text of
the 15 questions can be viewed in Appendix C.

5.3.2  Mood and Affect. In each session, directly before beginning the CA interaction (“begin”),
and directly after the CA interaction was completed (“end”), participants were asked to report how
they were feeling on a 7-point scale. In general, participants responded that they were feeling quite
good, grand mean = 6.37, 95% CI [6.10, 6.65].

Averaging across all of the sessions that participants completed, there was a modest but significant
increase in their mood ratings from beginning to ending the interactions with the CA, F(1, 15) =
6.42, p = 0.023, partial n?= 0.30. Mood ratings at the beginning of the CA session were M = 6.30,
95% CI [6.01, 6.58]; mood ratings at the end of the CA session were M = 6.45, 95% CI [6.17, 7.73].

5.3.3 Session-Specific Ratings of CA Usability. Across the first six sessions, the average responses
to the session-specific CA-interaction questions generally fell between 3.50 and 4.75, with only one
of the questions (Q15—“T would like to have long conversations with the CA”) uniformly showing
an average response that was closer to the midpoint of the scale. For participants who completed
all eight sessions, the mean across sessions was uniformly at or above 4.00, except for Q15. Table 1
provides session-specific values for each of the 15 questions.

5.3.4 Interim Conclusions. These data provide initial evidential support for the general approach
to both the selected content domains that the prototype CA would focus on in dialogue (that is,
family and hobby-related topics) and the use of deliberative positivity to encourage continued
interaction with the CA. With respect to our two main RQs, these findings offer suggestive support
for the potential value and feasibility of implementing positive prompts or deliberate positivity to
encourage continued interaction/use of a CA (RQ1) and also for the possible favorable effects of
deliberate positivity on user affect and perception of the CA across multiple sessions (RQ2). This
constituted an encouraging foundation for our next phase deploying our prototype CA. These data
also provided guidance for us in future experiments; there was some thought that the relatively
low endorsement of engaging in longer conversations with the CA may have been related to the
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Experimental Flow: Phase Il
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Fig. 2. Experimental flow for Phase III.

twice-daily sessions. Therefore, in Phase III participants were asked to attend one session a day
over 5 days.

6 Phase IlI: “Calena” Prototype
6.1 Experimental Design

Participants were asked to attend one session a day over the course of a week, for a total of five
sessions. This was a deliberate decrease and potential improvement over the design in Phase II, as
fewer sessions and once-a-day scheduling reduced cognitive load on participants. Each session,
however, had a similar workflow as in Phase II. Figure 2 demonstrates the procedural flow for each
session in Phase IIL

In the first session, participants were introduced to the study and gave consent to participate.
Immediately prior to the first interaction with the prototype system, each participant took part
in a very constrained interaction in order to both acclimate them to the system and ensure that
their audio quality was sufficient to be understood by the speech-to-text service. This was an
approximately 30-60 second conversation about the weather. At the completion of this task,
participants then interacted with Calena in a more self-directed way.

All interactions, including in the first session, followed the same general conversational flow.
Participants were asked to verbally verify both their participant ID and session number before
Calena began asking about how their day had gone. After this first social nicety, participants
were prompted as to whether they would like to talk about family or hobbies, the two domains
of interest. The conversation was largely participant directed from there, as Calena would ask
follow-up questions regarding any hobbies or family information disclosed by the participant. The
follow-up questions included both prompts based on information disclosed in previous sessions
and anything newly disclosed by the participant on a given day. Participants were occasionally
prompted to disclose new information, and participant answers including hobby information and
family structure were maintained across all sessions.

Following each session, participants were asked to complete a brief inventory related to their
current mood that asked more specific questions about their positive and negative affects. This was
a more comprehensive in-depth probe than was used in the prior study. Based on the promising
results of the single-item affect assessment in Phase II, we improved on the design by selecting
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a standardized inventory to capture a more holistic view of participants’ positive and negative
affect. This mood inventory was followed by a short questionnaire regarding the day’s interaction,
which included ratings of how well the interaction went and how usable the system was for
the interaction in question. For the first session only, participants also completed self-report
questionnaires about their current technology usage and experience. At the end of the fifth session
and thus the conclusion of the experiment, participants were asked to complete an inventory
regarding their overall experience with Calena, as well as their retrospective thoughts on the
usability of the system and its potential uses in the real world. After completing these inventories
participants were given the opportunity to ask any follow-up questions of the research team and
selected their preference for receiving compensation for their participation in the study.

6.2 System Design

6.2.1  “Calena” Architecture. Phase IIl primarily focused on the development of a real prototype
dialogue system that could then be deployed and tested with the target older adult user group.
This prototype was given the working name of “Calena” due to its early origins in a calendar and
scheduling system, and to maintain some consistency with existing (implicit) naming conventions
among commercially available dialogue systems such as Alexa and Siri, as well as the AWS Polly
“Joanna” voice used in previous experiments. Calena was designed from the ground up with five
inter-related components meant to support key goals in a social conversational system:

(1) Robust deep learning-based support for fully customizable conversational domains.

(2) Ability to analyze sentiment in user utterances in real time in order to respond appropriately.

(3) Flexible and customizable personal knowledge base (PKB) to store and reason with
information disclosed by users.

(4) Robust speech processing/generation with flexible timing presets to support real-time inter-
pretation of user speech and fast generation of speech for system turns.

(5) Data protection and security, both server-side and locally, to maintain confidentiality and
participant privacy due to the potentially sensitive nature of information participants might
share.

6.2.2 Conversational Support—MindMeld. The MindMeld API [85] is a robust open source CA
API released by Cisco in the late 2010s. The API is designed to support the creation of CAs with deep
domain knowledge by leveraging gold standard large language models such as BERT. MindMeld was
chosen because it is also specifically designed to enable the creation of in-depth fully customizable
domain models, including user-defined entities and training data. MindMeld also allowed us to
leverage both previous experimental data [28] and data generated internally by members of the
research team. This enabled us to quickly and thoroughly implement additional functionality for
Calena such as integrated calendar and scheduling capabilities. This in turn allowed us to make
Calena more well-rounded and further reinforce any perception of the system as reasonably socially
capable and flexible.

6.2.3 Sentiment Analysis—VADER. We considered sentiment analysis to be one of the most
important aspects of a properly social chatbot since it would ensure we were able to respond to
user utterances in an appropriate and not off-putting way. Our final tool selection for sentiment
analysis was NLTK’s VADER [45]. Other state-of-the-art sentiment analysis tools we tested such as
FLAIR detected sentiment as a binary value—that is, the detected sentiment was either entirely
positive or entirely negative [1]. VADER, on the other hand, scored sentiment on a continuous scale
of intensity in addition to detecting positive or negative sentiment. This allowed us to modulate the
responses Calena used to be more appropriate for varying levels of sentiment intensity. Perhaps
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most importantly, VADER’s scoring system also allowed us to detect neutral sentiment and respond
appropriately in order to make Calena seem more natural in conversation. VADER was also a strong
tool for our purposes because of its compact implementation and speed in scoring utterances, and
because the use of standardized speech-to-text transcription gave us a near-guarantee of clean,
correct input with a very small chance of issues such as misspellings that may impact VADER’s
accuracy.

6.2.4 Personalization and History. Personalization is a powerful tool to encourage users to
continue engaging with CAs [80]. Previous evidence also suggests that older adults are particularly
interested in personalized/adaptive systems [26]. In our case, personalization primarily involved
remembering any information users disclosed about family members or hobbies in order to avoid
repetitive conversation. Due to its nature as a multi-phase study, we also wished the adopted
design to support future development and extensions to the project, which required flexibility.
Apache Gremlin [3], a graph-based framework, was chosen for several reasons. First, it allows
any number of custom designed entity types—family members and hobbies, in our case—with
any desired attributes such as a name or category. Unlike rigidly structured specifications such as
JSON or XML, Gremlin also supports data entries that do not have filled values for each of their
attributes, which helps make user interaction and knowledge extraction more natural. Gremlin data
is stored in a connected graph structure with different edges with their own attributes. This allowed
us to easily capture relationships between entities in addition to relevant information disclosed
by users—for example, an edge in the graph between two people can be labeled with the exact
(literal) familial relationship. This also allowed us more flexibility and customization in traversing
and reasoning with the PKB for individual users. Additionally, Gremlin is a temporary database
that persists only as long as the server is active, which allowed us to build in extra data security
and privacy protection; however, Gremlin data can also be backed up and saved to disk to protect
against potential technical issues through the course of an individual participant’s time interacting
with Calena.

6.2.5 Speech Processing and Generation. We chose to use an out-of-the-box solution to handle
the text-to-speech and speech-to-text requirements for the Calena dialogue system. After some
comparison between commercially available products, Microsoft Azure cognitive services proved
to be the best tool for the job. Azure allowed us to define customized behavior such as listening
timeouts when interacting with users, which is particularly important for older users who may
have longer pauses and other speech disfluencies—less interruption by the CA would hopefully
lead to less user frustration. Azure was also the best solution in terms of maintaining full control of
our data, and the robustness of the service also increased our processing power and allowed us to
do live input sanitization without additional computing resources, which was very important in
using the full power of the customized domain and entity structures we had defined in MindMeld.

6.2.6  User Privacy and Data Protection. Previous work has indicated that older users consider
data protection and privacy to be particularly important [26]. Other work has also provided evidence
that users will disclose a variety of personal information irrespective of system design—including
with a task oriented system [27]. Older users in particular may share more sensitive data due to
the prevalence of health concerns in the age group [6, 15], particularly when those health concerns
are combined with older adults’ tendencies to use conversational systems for information seeking
[82]. All of these factors lead us to place privacy and data security at the top of the feature list for
our prototype design. This turned out to guide our choices over other components of the prototype
system, namely our choice of PKB representation (Gremlin) and our choice of speech processing
and generation methods. We discovered that Microsoft Azure would let us to maintain ownership
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of our data by keeping any cloud storage protected and private [69]. Azure also guarantees we
retain full ownership of our own data, again setting it apart from comparable services [70]. The
data protection and ownership features of Azure led us to choose it as the platform through
which speech-to-text and text-to-speech functions were performed. Lastly Gremlin, as previously
discussed, is a temporary server that only stores data until the Gremlin server is shut down or
restarted [3]. Unless data is specifically backed up to disk through a separate process, Gremlin data
is therefore entirely transient, which gave us an extra layer of user security and privacy protection.
In addition to storing any user knowledge in the Gremlin knowledge base, the Gremlin server itself
was hosted on a password-protected private server whose access was restricted to PIs and two
graduate research assistants trained to run and troubleshoot Calena during experimental sessions.
For a final additional layer of protection for participant data, any backups of the Gremlin database
and conversational data were stored on Box, which is a HIPAA-compliant cloud storage platform.
All participant data was treated as potentially containing sensitive information commensurate
with personal health information (PHI); the research team followed institutional guidelines for
handling PHI in controlling the storage and access of participant data [77].

6.3 Conversational Design and Implementation

6.3.1 Data and Training. Much of the training data for the system was generated among project
team members. In cases where large amounts of training data were needed, the workload was
distributed such that each member would be asked to generate up to 50 different examples. In order
to boost diversity in the dataset, data generation was not collaborative and each set of samples was
created independently and blind to the samples being created by other members of the research
team. Previous custom entity datasets, such as user names, were also adopted from other projects.

6.3.2 Domain Reasoning. In order to balance a reasonable amount of fluency in conversation vs.
computational complexity and processing time, we attempted to streamline conversations where
possible so that some parts of interactions could be rule based. Members of the research team
prepared a list of over 100 hobby names and then further categorized them into hobby types. These
conceptual categories were based off of common elements between different hobbies—e.g., outdoor
activities, cooking, volunteer work, and so on. Independent team members then created sets of
slightly generic questions applicable to each category that could be used when a user introduced a
new hobby to the system. For example, a generic question might be “What do you like most about
being outside?” for activities like hunting or hiking, or “What do you like about your kitchen?” for
detected hobbies involving food. Categorical questions were then run against individual hobbies to
ensure they were general enough to use for every activity in that category.

Hobbies also had to be handled via entity detection, and the relevant information including the
proper set of categorical questions had to be retrieved from the database through some associative
metric. We tested a number of methods to promote this. Our original method was to examine the
semantic similarity between the category names and the activities themselves, but this had mixed
results and often the semantic scoring was different than what we would expect. Next, we looked
at the semantic similarity scores between the detected hobby entities and the different hobbies in
the database. This proved to be the most usable method, though even after multiple attempts at
training MindMeld still had some issues with the negation of hobbies (e.g., “No, I don’t do X?). To
circumvent this we had an additional semantic similarity check with a very high threshold so the
CA ignored the detected hobby if the threshold was met.

Family detection also required some fine-tuning due to the need to keep the natural language
understanding process efficient, compact, and reliable. To this end, we relied on built-in features
and models to the extent possible. Family detection primarily involved entity recognition, role
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classification, and entity resolution through MindMeld. A custom “person” entity with associated
roles (“family,” “name,” etc.) was defined. A maximum-entropy Markov model (MEMM)-based
[67] classifier was then trained using data generated as outlined in Section 6.3.1, with the addition
of default personal name data from MindMeld. A logistic regression role classifier then determined
whether the mentioned person belonged to the “family” role. Entity resolution was then done
using a search of the Gremlin database, where people were stored as nodes in the graph with edges
representing relationships. Despite the large amount of name training data used, however, the
MEMM classifier was not as strong at detecting people by name as it was by relationship. To offset
this, an additional pass at entity recognition was done using spaCy’s RoBERTa-based [59] classifier
and “en_core_web_sm” model, which had much higher performance at tagging people by name.
The number of recognized entities between the two was compared, and the classifier outputs with
the highest number of entities detected were used.

6.3.3 Positive Prompts. Our experimental manipulation hinged on the CA delivering positive
prompts in a minimally repetitive and somewhat natural way. To facilitate this, the positive prompts
kept after feedback in Phase I were further categorized into groups based on whether they were
more general or participant emotion driven (e.g., “What is something you were grateful for in the
last weeks or months?”) or driven by specific events or activities (e.g., “What is a meal or snack you
recently enjoyed?”). These two categories were then mixed so that when prompts were selected,
participants received a mix of specific and more general prompts. Each prompt also had three
associated responses for the CA to choose from based on the results of sentiment analysis for the
participant’s answer to the prompt. The response of the CA would therefore vary both by question
and by whether or not the user response was initially positive, negative, or sentimentally neutral.

6.3.4 Social Impressions and Personification. As part of our investigation into conversational
strategies with an eye towards encouraging long-term adoption, we considered the social capabilities
and “humanness” of the prototype in the conversational design. The language- and voice-based
interactive nature of the technology makes it impossible to fully remove social cues. However, we
purposefully excluded highly anthropomorphizing intentional social cues to reduce the likelihood
of initially inflated or unrealistic user expectations arising from overly personified CA behaviors.
Using the taxonomy by Feine et al. [24], we paid particularly close attention to content cues and
deliberately avoided including jokes, praise, tips and advice, and self-disclosure. We also limited
small talk to “how are you today” as a conversational opener, and further limited the CA’s use of
references to self to be as infrequent as possible and contain no other personification other than
the use of first-person pronouns. We did include a small number of cues such as thanking, greeting,
and obtaining user assent to participate in dialogues, primarily to give an impression of politeness
while keeping Calena as neutral as possible.

6.4 Methods

6.4.1 Deliberate Positivity. The primary manipulation in this study involved encouraging positive
reflection. As such, participants were divided into two groups (Group A and Group B), each with a
different schedule for the number of positive prompts per session. Each group received the same
number of positive prompts overall; however, the number of positive prompts was increased at
different times for each group. Participants in Group A had their highest number of positive prompts
on days 2 and 4, while Group B had a delayed increase in the number of positive prompts and had
their highest number on days 3 and 4. Both groups had the same number of positive prompts on
days 1 and 5, and had the same number of increased positive prompts on day 4.
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6.4.2 User Experiences with Technology. Participants were asked to provide some information
about their previous experiences with and interests in technology so that we could develop a
technology-specific “demographic profile” for participants. The inventories used for this purpose
were adopted from Phase II and include the I&E inventories described in Section 5.2.1.

6.4.3 PANAS. The PANAS consists of 20 words describing different moods and emotions. Par-
ticipants are asked to read each emotion and then rate how much they feel that way at the time
of rating. Ratings are done on a 5-point Likert scale anchored at 1 for “very slightly or not at all”
and 5 for “extremely.” Positive and negative emotions were interleaved in the survey presented
to participants. The emotions on the PANAS include: interested, distressed, excited, upset, strong,
guilty, scared, hostile, enthusiastic, proud, irritable, alert, ashamed, inspired, nervous, determined,
attentive, jittery, active, and afraid.

6.4.4 SUS. We retained the SUS used in Phase II as a method of assessing user satisfaction with
the prototype. Section 5.2.2 contains a more detailed description of the inventory, and the full text
of each inventory item can be found in Appendix B.

6.4.5 Session-Specific Ratings of CA Usability. For each experimental session, after responding
to the PANAS and the SUS, participants viewed and rated 15 statements about their interactions
with Calena during that particular session. This inventory was retained from Phase II, and a more
detailed description of the inventory can be found in Section 5.2.3. The full text of all inventory
items can be seen in Appendix C.

6.4.6 Post-Study Rating of Total CA Experience. In Session 5 only—thus after several days of
interacting with the CA—participants were asked to answer a number of questions about how
they might use a CA, how they perceived the personality of the CA, and so on. Participants were
asked to answer these questions using a 7-point Likert scale, anchored at 1 for “not at all,” 4 for
“somewhat,” and 7 for “very much so”

The seven questions regarding overall impressions included: (1) Could the CA assist you with
reminders for things? (2) Could the CA help you with your scheduling? (3) Could the CA help
you with your list making? (4) Could the CA encourage you to complete tasks? (5) Could the CA
motivate you in your goals? (6) Could the CA help you stay accountable to the tasks and/or goals
you need to do? (7) Could the CA help others you live with (e.g., family, friends) stay accountable
to their tasks and/or goals?

6.4.7 Conversational Analysis and Linguistic Inquiry Word Count (LIWC). LIWC is a psycholin-
guistic analysis tool that defines different semantic and syntactic categories for a very large dictio-
nary of words. Given a piece of text, the tool creates raw counts of the frequency of words in each
category, as well as more standardized measures regarding specific semantic and sociolinguistic
properties [78]. There are four summary variables, which are standardized measures based on a
100-point scale. We focused on these summary variables to characterize the language participants
used when interacting with the CA [93]:

(1) Analytical Thinking. Scores for this measure indicate the level of formality and reservedness
in language, where a lower score means a more flowing, natural, or less reserved response.
Participants with lower scores here may feel more comfortable with a CA and more willing
to interact with it on a social level.

(2) Clout. Scores for clout measure authority and confidence in text, where relative authority or
power increases with the score.

(3) Authenticity. The higher the score, the more open and disclosing someone is being.
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Table 2. Session Duration Statistics (Phase III)

Mean Median SD Min. Max. N
Session 1 19.40 15.33 10.40 10.18 54.63 26
Session 2 17.12 16.54 7.16 6.92 34.52 24
Session 3 15.11 14.67 5.75 5.17 26.93 25
Session 4 13.25 12.77 5.23 5.47 26.80 25
Session 5 15.62 13.57 8.41 3.12 37.87 22
Average per participant® 17.27 15.76 8.82 8.40 54.63 26

Values are in minutes.

2N = 26, with the average calculated based on all of the sessions a given participant took part in. The number of sessions
varied across participants, with participation as follows: All five sessions, N = 21; four sessions, N = 4; one session, N = 1;
thus, across all participants, data are from a total of 122 sessions.

(4) Emotional Tone. Scores here measure the positive or negative tone in conversation, where
higher scores are more positive.

6.5 Results

Results for Phase III are presented in correspondence with our identified RQs. First, we give an
overview of participant demographics, including statistics about the total N per session and the
duration of interactions with the Calena prototype. Second, we perform a transcript-based analysis
of user behavior in response to positive prompts, which was the primary manipulation for all
parts of RQ2. This includes statistics for participant questionnaires. First and foremost we report
statistics for session-wise participant behavior in response to positive prompts and participant affect
(RQ2a, Sections 6.5.2 and 6.5.3). We further examine results pertaining to the interaction between
user affect and session-wise usability assessments (RQ2b, Sections 6.5.4 and 6.5.6), as well as user
affect and minor system errors identified through a transcript-based behavioral analysis (RQZc,
Section 6.5.7). Lastly, we examine the interplay between user and affect and users’ self-reported I&E
with technology (RQ2d, Sections 6.5.8 and 6.5.9). We conclude the results with overall post-study
impressions of the CA.

After the presentation of results for our primary RQs we also present exploratory analyses,
including further transcript-based investigation of user behavior using LIWC to provide convergent
and supportive evidence of user acceptability for the prototype CA.

6.5.1 Demographics. A total of 26 individuals who met our inclusion criteria (e.g., aged 60 years
or older, and native speaker of English) took part in the Calena prototype study. The mean age of
participants was 68.04 years (SD = 6.09), min = 60, max = 81, with 20 of the 26 participants being
65 years of age or older. Nineteen participants self-identified as female, while seven self-identified
as male. Participants were also asked to self-report on general health; the mean score was 5.23 on
a 7-point scale (SD = 1.28, min = 3, max = 7). All participants reported normal or corrected-to-
normal vision, while 24 out of 26 participants reported as having normal or corrected-to-normal
hearing. Among participants, 3 identified as Black or African American, 1 identified as American
Indian/Alaska Native, 22 were of White ethnicity: 25 not Hispanic or Latino, 1 no response.

Overall, participants attended 122 sessions. Sessions ranged in length from around 5 minutes to
15 minutes, with a median duration of nearly 16 minutes. Table 2 contains statistics regarding the
duration of each session, including the number of participants included in analysis for each session.
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Table 3. Average Number of Positive Participant Responses to the Average Number of Positive Prompts by
Session and Group

Grou Session 1 Session 2 Session 3 Session 4 Session 5

p CA Part. CA Part. CA Part. CA Part. CA Part.
Group A 1.10 1.10 4.00 3.30 1.00 0.80 3.90 3.30 1.00 0.86
Group B 1.00 0.88 1.00 0.86 3.80 3.40 3.60 3.33 1.00 0.93

Sessions in which the CA (Calena) was designed to give four positive prompts are shown in bold font; sessions in which
the CA was designed to give one positive prompt are in regular font. In all sessions, “Part”” (for Participant) indicates the
average number of times that participants responded positively to the prompt given by the CA. Group A was assigned to
receive an increased number of positive prompts from the CA (Calena) in Sessions 2 and 4; Group B was assigned to
receive an increased number of positive prompts in Sessions 3 and 4. For Group A, N = 10, 10, 10, 10, and 7 for Sessions 1
through 5, respectively; for Group B, N = 16, 14, 15, 15, and 15 for Sessions 1 through 5, respectively.

6.5.2  User Behavior in Response to Positive Prompts. For all included participants, the transcribed
and checked transcriptions were read and coded line by line for seven variables, including six
variables that pertained to the CA’s dialogue or actions and one that pertained to the participants’
response to the CA. In terms of behavior directly related to the experimental manipulation, we
noted any turn in which the CA selected a positive prompt. We also noted the overall sentiment
of participant responses to each positive prompt in order to measure how well the prompts were
received. Table 3 shows statistics regarding the number of positive prompts the CA gave per session
and the number of positive responses to those prompts from participants.

As can be seen from Table 3, participants’ responses to the positive prompts from the CA
(Calena) were predominantly positive, and clearly increased in frequency when the CA provided
more positive prompts (for Group A, in Sessions 2 and 4; for Group B, in Sessions 3 and 4).
Contrasting the average number of positive participant responses for the two sessions with more
positive prompts compared with the average number of positive participant responses for the three
sessions where the CA gave only one positive prompt, revealed a highly significant difference both
for Group A (means = 3.57 vs. 1.00 respectively, F(1, 6) = 937.22, p < 0.001), and Group B (means
=3.36 vs. 0.88 respectively, F(1, 13) = 207.39, p < 0.001). The comparatively infrequent occasions
when the CA provided a positive prompt but the participant did not respond positively to that
prompt primarily involved times when the participant did not respond at all (e.g., they did not hear
the question or were interrupted), or the participant explicitly stated that they could not think of
anything/did not have a response.

6.5.3 PANAS. The PANAS was the second inventory administered during each experimental
session to develop a better day-to-day picture of participants’ affective state. Figure 3 shows the
trends in participant positive and negative affect across all five sessions.

A 2 (Valence Type: positive or negative) X 5 (Session: Sessions 1-5) X 2 (Group: A or B) mixed
factor ANOVA on the PANAS scores showed a highly significant effect of Valence Type, with
Positive Affect (M = 30.96) markedly higher than Negative Affect (M = 10.62), F(1, 17) = 189.78,
p < 0.001, partial % = 0.92. There was no effect of Session, F < 1, no Session X Valence Type
interaction, F = 1.24, no Session X Group interaction, F < 1, and no Session X Group X Valence
Type interaction, F < 1. There was however, a main effect of Group, F(1, 17) =5.62, p = 0.03, and a
Valence Type X Group interaction, F(1, 17) = 5.49, p = 0.032, reflecting generally higher positive
affect in Group A than in Group B, and a greater difference between positive and negative affect
for Group A than for Group B.
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Positive and Negative Affect Schedule (PANAS) Across Sessions
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Fig. 3. Participant positive and negative affect scores across five sessions.

These results show that there was no differential effect of the frequency of positive prompts
intervention. However, a more focused probe of the effects of the intervention on PANAS scores
might compare the mean PANAS scores (especially for positive valence) for the average of the
two sessions with more positive prompts vs. the average of the two sessions with fewer positive
prompts, setting aside the first (baseline session) that was held constant for both groups.

A 2 (Group A vs. Group B) X 2 (Session Type: One vs. Four CA Positive Prompts) mixed-factor
ANOVA on the averaged Positively Valenced PANAS responses revealed no effect of Session Type,
F < 1, and no Group X Session Type interaction, F < 1, but a main effect of Group, F(1, 17) =
5.22, p = 0.036, partial % = 0.24. This main effect of Group reflected the observation that Group
A generally reported higher positive valence (M = 34.25) than did Group B (M = 27.35), but this
generally higher positive valence for Group A was apparent both for sessions with one vs. four
CA positive prompts (M = 34.64 and M = 33.86, respectively) whereas Group B had consistently
slightly lower positive affect (M = 27.54 and M = 27.17, respectively).

Nonetheless, although the intervention did not differentially boost positive affect (RQ2a), across
the five interaction sessions with Calena participants’ positive affect remained high and negative
affect remained low (RQ1I). This across-group pattern of high and sustained positive affect across all
of the sessions is shown in Figure 3.

6.5.4 SUS and PANAS. Participants completed a brief system usability inventory (SUS) after
every session. We examined the SUS scores across the five sessions separately for Group A and
Group B. Group A generally had SUS scores at or slightly above the mean (M = 70.09); Group B
had a lower mean score (M = 59.95). Notably, in both groups, after an initial decline in Session 2,
SUS scores for both groups did not decline further, and actually increased in the later sessions,
particularly for Group A. Across all five sessions and all participants the average SUS score was
62.83 (SD = 11.47).

Across all sessions and participants (N = 26), positive affect on the PANAS was significantly
positively correlated with SUS scores, Pearson r = 0.51 [0.15, 0.75], p = 0.008. The uniformly low
levels of negative affect on the PANAS were not correlated with SUS, Pearson r = —0.19 [—0.54,
0.22], p = 0.36. These correlations addressing RQ2b (how is user affect influenced by general system
usability?) are demonstrated in Figures 4 and 5, respectively.

6.5.5 Dimensions of CA Impressions from Session-Specific Usability Ratings. To develop a better
picture of user responses to the CA, we ran principal components analysis using the post-session
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Fig. 4. Positive affect as measured by PANAS had a Fig. 5. Negative affect as measured by PANAS was
significant positive correlation with usability scores. not correlated with usability scores.

Table 4. Component Analysis of Session-Specific CA Usability Questions

Question Component 1 Component2 Component 3
Q1: CA pleasant 0.444 0.723 0.098
Q2: CA sociable 0.486 0.643 0.166
Q3: Felt comfortable sharing 0.155 0.113 0.893
Q4: Felt could be open 0.206 0.326 0.884
Q5: Felt involved 0.362 0.506 0.374
Q6: Enjoyed interaction 0.164 0.923 0.130
Q7: Interaction was smooth 0.813 0.381 —0.040
Q8: Would like to interact again 0.029 0.885 0.118
Q9: Interaction was satisfying 0.440 0.711 0.230
Q10: CA said right thing 0.775 0.172 0.199
Q11: CA responded appropriately 0.836 0.152 0.103
Q12: CA communicated correctly 0.826 0.230 0.302
Q13: CA seemed competent 0.811 0.238 0.253
Q14: CA seemed natural 0.830 0.287 0.118
Q15: Would like a long conversation 0.408 0.669 0.318

Extraction method: PCA. Rotation method: Varimax with Kaiser normalization. Rotation converged in five iterations.
Each column (components 1, 2, and 3) corresponds to an identified dimension of participants’ CA impressions. A bolded
element in these columns indicates that the CA usability question belongs to the dimension, for example, Q8 (would like
to interact again) belongs to Component 2, Pleasant-Enjoyable. The full text of the 15 post-session questions can be
found in Appendix C.

survey questions pertaining to participant impressions of the CA. These analyses are reported in
Table 4.

From this component analysis, we find three primary dimensions of participants’ CA impressions.
We call the first Open-Share (Component 3 in Table 4), which encompasses impressions related to
how genuine participants felt they were able to be with the CA and how authentic the interactions
were. The second, Pleasant-Enjoyable (Component 2 in Table 4), relates more to the social aspects
of the interaction such as whether it was enjoyable and whether the participant would like to
repeat the experience. The third, Appropriate-Natural (Component 1 in Table 4), encompasses
impressions such as whether or not the CA gave appropriate responses to a variety of input and
seemed generally competent as an intelligent conversational partner.
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Table 5. Correlations of Session-Specific CA Usability Components with PANAS Scores

Component and Session

Positive Affect

Negative Affect

S1 Open_Share
S2 Open_Share
S3 Open_Share
S4 Open_Share
S5 Open_Share

r=0.39, p =0.057™
r=031,p=0.17
r=0.26,p =0.21
r =042, p = 0.036*
r =037, p =0.087™

r=0.23,p=0.29
r=0.12, p = 0.059
r=-0.18,p = 0.41
r=027,p=0.19

r=-0.20,p =037

S1 Pleasant_Enjoyable
S2 Pleasant_Enjoyable
S3 Pleasant_Enjoyable
S4 Pleasant_Enjoyable
S5 Pleasant_Enjoyable

r =0.44, p = 0.29*

r = 0.54, p = 0.009**
r=0.74,p < 0.001***
r =058, p = 0.002**
r=0.72, p < 0.001***

r=0.07,p=074
r=0.17,p = 0.46
r=-029,p=0.17
r=-0.37, p = 0.065™
r=-026,p =025

S1 CA_Appropriate _Natural
S2 CA_Appropriate _Natural
S3 CA_Appropriate _Natural
S4 CA_Appropriate _Natural
S5 CA_Appropriate _Natural

r =053, p = 0.006**
r=0.25,p =0.30

r =0.60, p = 0.002**
r =052, p = 0.007**
r=0.73,p < 0.001***

r=-0.10,p = 0.63
r=0.02,p=0.92
r=-0.19,p =0.38

r =-0.047, p = 0.018"
r=-0.41,p =0.056"

*p < 0.05, **p < 0.01, ***p < 0.001, ™ 0.05 < p < 0.10.

6.5.6  Session-Specific CA Usability and PANAS. We further examined the dimensions of partic-
ipant impressions as relates to participant scores on the PANAS inventory. In general, all three
CA Impression Components positively correlated with PANAS Positive Affect. Across the five
sessions, the average (Fisher Zr transformed) correlation of Positive Affect with Open_Share was
r = 0.37; the corresponding average for Positive Affect with Pleasant_Enjoyable was r = 0.72, and
for Positive Affect with CA_Appropriate_Natural was r = 0.61. These averaged correlations address
RQ2b (how is user affect influenced by CA-specific usability?); Table 5 also presents the session-wise
correlations of these three CA impression components with positive affect and with negative affect.

6.5.7 User Behavior in Response to Minor System Errors. For our transcript-based analyses, we
classified different system behaviors related to error states. We identified five distinct error types.
These included:

(1) Loops, which we defined as instances where the CA repeated the same question it asked
immediately previously.

(2) Interruptions. This included instances where the CA interrupted the participant while the
participant was speaking. Instances of the participant interrupting the CA were ignored.

(3) Memory Failures. This included instances where participants indicated through dialogue
that the CA failed to remember previously disclosed information—e.g., the participant said “I
already told you that”

(4) Inappropriate Responses. We defined this error as instances where the CA responded to
user utterances with the incorrect sentiment. We also included instances where the CA
misidentified a person or hobby when it was disfluent enough with the rest of the interaction
that the participant said something about it.

(5) Other Errors. This primarily consisted of situations where the CA entirely crashed and had to
be restarted, or instances of the CA backtracking (“Let me go back) for no apparent reason.
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In general, across all sessions, there were comparatively few instances classified as CA loops
(mean = 0.33); the frequency of loops was largely similar for Group A (mean = 0.29) and Group B
(mean = 0.37), and across sessions (for Sessions 1-5, respectively, means = 0.39, 0.29, 0.32, 0.36,
and 0.29).

Instances classified as CA interruptions of the participant occurred about 1.52 times per session.
Interruptions were slightly and non-significantly more common for Group A (mean = 1.94) than
for Group B (mean = 1.10); interruptions were comparatively constant across sessions (for Sessions
1-5, respectively, means = 1.54, 1.61, 2.11, 1.21, and 1.14).

Overall, CA memory failures were noted about 0.35 times per session. Memory failures were
equally commonly noted in Group A (mean = 0.37) and Group B (mean = 0.32), but appeared to
be elevated in particularly Session 2 compared with the first session and later sessions (means
for Sessions 1-5, respectively = 0.15, 0.81, 0.23, 0.25, and 0.30), effect of session, F(4, 72) = 2.33,
p = 0.064, but with a significant cubic effect, F(1,18) = 5.43, p = 0.032, partial n? = 0.23.

On average, about 1.53 of the CA responses were evaluated as inappropriate. The rated number
of inappropriate responses was largely similar for the two groups (mean for Group A = 1.17, mean
for Group B = 1.89), and was generally similar across sessions (means for Sessions 1 through 5,
respectively = 1.39, 1.75, 1.43, 1.64, and 1.43), F < 1 for the effect of session, F < 1 for session X
group, and F = 1.40 for the effect of group.

Other CA errors were relatively infrequent (mean = 0.57); they occurred approximately equally
often in Group A (mean = 0.46) and Group B (mean = 0.69), and approximately equally across the
five sessions (means for Sessions 1 through 5, respectively = 0.43, 0.82, 0.68, 0.43, and 0.50). F < 1
for the effect of session, F < 1 for session X group, and F = 1.33 for the effect of group.

Given that, across all sessions, there were comparatively few minor system errors, we did
not separately correlate minor system errors with user affect (RQ2c). Nonetheless, considering
specifically the CA Impression Component CA_Appropriate_Natural, from the results presented in
Table 5 it can be seen that there was generally a modest to strong positive correlation between
participants’ positive affect and their assessment of the extent to which the CA was natural and
appropriate; given the generally low levels of negative affect, the correlations of this component
with negative affect were generally near zero.

6.5.8 Participant Profiles with Technology. Participants completed surveys at the start of the
experiment to describe their recent use and perception of technology. These self-report measures
allowed us to develop a more complete picture of participants’ interests in and experiences with
recently evolving technology in their day-to-day lives, which we present as a profile here.

(a) Interests. Participants were generally curious about existing technologies and interested in
exploring new ones, and also indicated some attachment to the devices they currently have. Statistics
for each item on the interests inventory are included in Table D1 (Appendix D).

(b) Current Technology Skills. Participants were generally fairly skilled with existing technologies
and self-reported as feeling confident in using technology to support a variety of tasks, from
engaging with community events to streaming media. Participants also reported as feeling confident
in performing tasks such as troubleshooting and printer maintenance, indicating that overall
participants had high competency with both hardware and software. Table D2 (Appendix D)
provides a profile of participant technology skills.

(c) Current Experience Levels. In general, participants rated themselves as having more experience
with the first five activities in Table D2 and less experience with the last five activities (shown by
the means for the items). There was also greater variability in levels of experience with the last five
activities in Table D2, as shown by the SD and range, with all five levels of experience (from very
poor to excellent) reported across the different participants for the last five activities.
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Fig. 6. Means for participant interest-experience groupings.

6.5.9 Effects of Experience with Technology. To develop a better picture of user behavior, we
examined whether the pattern of results observed in the full sample session-by-session data differed
for individuals with comparatively higher vs. lower levels of interest, skills, and experience with
computers and information technology.

(a) Interest-Experience Groups. To examine this question we first found participants’ average
responses to each of the three subsets of questions relating to Technology Interests/Attitudes
(8 items), Technology Skills (12 items), and Experience with Information Technology (10 items). The
averages for these subscales were significantly positively correlated with one another (Interests-
Skills, r = 0.55, p = 0.003, Interests-Experience, r = 0.55, p = 0.003, Experience-Skills, r = 0.83,
p < 0.001), so we then averaged these subset averages to find a grand average. Participants with
values above the median on this grand average measure were placed in the High Interest, Skills,
and Experience Group (N = 13, average = 4.65, SD = 0.14) and participants below the median
were placed in the Low Interest, Skills, and Experience Group (N = 13, average = 3.72, SD = 0.50).
Figure 6 shows the means for the two Interest-Experience groups for the three subscales.

We then compared participants in these two Interest-Experience groups who had complete data

across the five sessions for: (i) PANAS scores; (ii) the three components regarding their session-
specific ratings of the CA, that is, Open-Share, Pleasant-Enjoyable, and Appropriate-Natural; and
(iii) SUS scores.
(b) Affect and Interest-Experience Level. Figure 7 shows the means (N = 11 for High I&E, N =8
for Low I&E) for Positive affect scores across the five sessions. From this we can see that, across
the five sessions, Positive affect scores for the high Interest/Experience Group uniformly exceeded
Positive affect scores for the low Interest/Experience Group. Nonetheless, the level of positive
affect in the low Interest/Experience group remained quite consistent across the five sessions, and
positive affect in both groups slightly (numerically) increased in the later sessions. Paralleling
the findings for the full sample, Figure 8 demonstrates that negative affect scores were uniformly
low, and there was no main effect of Interest-Experience group and no interaction, potentially
due to a floor effect. These results address RQ2d: Despite between-group differences in overall
positive affect, positive affect remained quite high in both the group with lower and the group with
stronger I&E with technology; furthermore, regardless of participants’ level of technology-related
experience, positive affect did not decline (and negative affect did not increase) in the later of the
five interaction sessions with the CA.
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Fig. 9. Session-specific CA usability dimensions Fig. 10. Session-specific CA usability dimensions
among the High Interest-Experience Group. among the Low Interest-Experience Group.

(c) Session-Specific CA Usability Dimensions. Figures 9 and 10 present the three component scores
(Open-Share, Pleasant-Enjoyable, and CA-Appropriate-Natural) across the five sessions separately
for the High Interest-Experience Group (N = 11) and the Low Interest-Experience Group (N =9).

Notably, in both High and Low Interest-Experience groups, the Open-Share component had the
highest endorsement rate, and this stayed comparatively high across the five sessions. Although
the strength of endorsement varied between groups, they showed generally similar patterns
that remained consistent across groups. The scores across sessions for Appropriate-Natural were
generally the lowest; however, both groups indicated they found the conversations fairly enjoyable
and felt comfortable sharing information with the CA. The Low Interest-Experience group was
generally less comfortable sharing and this endorsement stayed fairly consistent, whereas the High
Interest-Experience group increased their scores for this component over time. This indicates that
further investigation into Low Interest-Experience users may be helpful in determining any other
factors influencing these scores, as well as making the use of the CA more enjoyable regardless of
a user’s previous experience with technology.

6.5.10 Post-Study Rating of Total CA Experience. Participant responses to the seven specific
uses questions again showed large variability, such that across participants both the minimum
and maximum possible score were given for each item. The highest mean endorsements were
given in response to the questions of whether the CA could “assist with reminders” and “help with
scheduling”; the lowest mean endorsement (even below the midpoint of the scale) was given in
response to the question of whether the CA could “help others you live with (e.g., family, friends)
stay accountable to their tasks and/or goals”

6.6 Exploratory Analyses

6.6.1 Conversational Analysis with LIWC. In addition to inventories at the start of the exper-
iment and user self-report metrics, we also performed psycholinguistic analysis of the contents
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Fig. 11. Raw word count for Calena and participants across five sessions.
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Fig. 12. Participant and CA analytical language across Fig. 13. Participant and CA authenticity across five
five sessions. sessions.

of the interactions with the prototype CA. In order to provide the most sensitivity to changes in
psycholinguistic characteristics across time, the results are presented by session for the full sample.
We focused our examination on the four summary variables discussed above, plus the raw word
count. These analyses were performed with participants who attended all five experimental sessions
(N = 21).

Raw word count provides a general picture of user involvement in an interaction separate from
the actual contents of the interaction. A 2 (speaker) X 2 (group) X 5 (session) mixed-factor ANOVA
on Word Count revealed only a significant effect of speaker, with participants overall speaking
substantially more (M word count = 793.02) than the CA (M word count = 449.76), F(1, 19) = 23.09,
p < 0.001, partial n* = 0.55. Figure 11 demonstrates that over five sessions, participants remained
fairly consistent in their involvement and the length of conversations.

Examination of the four LIWC summary variables was also revelatory. First, we considered
Analytical Language and Authenticity across time for both participants and the CA. These trends
are shown in Figures 12 and 13, respectively.

Consistent with these trends, a 2 (speaker) X 2 (group) X 5 (session) mixed-factor ANOVA on
Analytical Language revealed a significant effect of speaker, with participants overall using more
analytical language (M = 25.95) than the CA (M = 7.80), F(1, 19) = 42.06, p < 0.001, partial % = 0.69.
There was also a significant effect of session, F(4, 76) = 5.55, p < 0.001, partial r]z =0.23, reflecting
both (within the main effect of session) a linear decrease in analytical language across sessions,
F(1, 19) = 6.42, p = 0.02, partial n% = 0.25, and a quadratic effect, with a larger decrease from the
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Fig. 14. Participant and CA clout across five sessions. Fig. 15. Participant and CA positive tone across five
sessions.

first to the second session than for subsequent sessions, F(1, 19) = 8.72, p = 0.008, partial ryz =0.32.
The marked decrease in analytical language, as seen in Figure 12, indicated participants became
more comfortable and open with the CA over time.

Authenticity is another good measure of participant comfort and openness. A 2 (speaker) X 2
(group) X 5 (session) mixed-factor ANOVA on Authenticity revealed a significant effect of speaker,
F(1, 19) = 288.85, p < 0.001, partial % = 0.94, with participants overall using more authentic language
(M = 81.51) than the CA (M = 35.62). There was also a main effect of session, F(4, 76) = 9.52, p <
0.001, and a speaker X session interaction, F(4, 76) = 5.48, p < 0.001, mostly reflecting a greater
decrease in authenticity across sessions for the CA than for participants, particularly from Session 1
to Session 2. The overall consistent level of participant authenticity over five sessions indicated
not only a comfort with the system but pointed to ongoing and sustained engagement, vital for
long-term deployment. This trend can be seen in Figure 13.

We next considered the LIWC summary variables Clout and (Positive) Tone. In LIWC analyses,
Clout is a measure of authority and confidence in a conversation, while Tone is a measure of the
emotional valence of a conversation, where a higher score indicates a more positive valence. The
trends for these two variables over five sessions are shown in Figures 14 and 15, respectively.

A 2 (speaker) X 2 (group) X 5 (session) mixed-factor ANOVA on Clout revealed a significant
effect of speaker, with the CA overall demonstrating substantially more and ceiling levels of clout
(M = 97.86) than the participants (M = 21.70), F(1, 19) = 923.90, p < 0.001, partial n% = 0.98. There
was also a significant effect of session, F(4, 76) = 3.19, p = 0.018, partial 7, = 0.14, and a significant
speaker X session interaction, F(4, 76) = 2.97, p = 0.025, partial n? = 0.14 which reflected increasing
clout across the sessions for the participant, F(1, 19) = 14.78, p = 0.001, partial n? = 0.44 for the linear
effect within the speaker X session interaction. Participant clout increased steadily throughout all
five sessions, indicating that participants became more acclimated to and confident with using the
CA. This can be seen in Figure 14.

A 2 (speaker) X 2 (group) X 5 (session) mixed-factor ANOVA on (Positive) Tone revealed a
significant effect of speaker, F(1, 19) = 140.31, p < 0.001, partial 172 = 0.88, which reflected a
near-ceiling level of positive tone for the CA (M = 98.00) but also quite positive tone overall for
participants (M = 77.71). Notably, there was also a main effect of session, F(4, 76) = 3.07, p = 0.021,
and a speaker X session interaction, F(4, 76) = 3.65, p = 0.009, reflecting the finding that positive
tone generally increased across the sessions for participants, F(1, 19) = 10.52, p = 0.004, partial 5> =
0.36 for the linear effect in the speaker X session interaction, including an increase from Session 1
to Session 2, F(1, 19) = 4.97, p = 0.038, partial 772 = 0.21 for the quadratic effect in the speaker x
session interaction. The slight but general increase in positive tone is another promising indicator
that users remained engaged and interested in the interactions with the CA over time.
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7 Discussion

7.1 Key Findings

This study was designed to address four primary RQs. RQ1 pertained to whether deliberate pos-
itivity can be effectively implemented as a conversational strategy to encourage continued user
engagement with a conversational system. We find multidimensional results indicating that the
answer to this is firmly yes. Behavioral measures such as psycholinguistic analysis indicate that
user engagement over a week of interactions remained consistent and relatively high. Further,
participant mood did not decline either in Phase II with a single prompt or in Phase III using a
more standardized inventory measuring affect. The findings regarding RQZ2a (the impact of number
of positive prompts on user affect) and RQ2b (the impact of session-specific usability metrics on
user affect) are mixed under this paradigm. There was no evidence that user affect was differentially
influenced by the number of positive prompts per session (RQ2a); however, user positive affect
remained consistently high across sessions. When examining RQ2b and RQZc, it is unclear whether
session-specific usability influences user affect. There was a floor effect in that the number of minor
system behavior incidents (e.g., loops or memory failures) was low and very consistent across
sessions, which resulted in low variance in user self-report of usability. Moreover, positive affect
remained high and very consistent across sessions. This potentially indicates that any effect probed
by RQ2b and 2c may be better captured with a finer-grained or strongly temporally tied measure,
such as probing for usability much closer to any incidence of a minor behavioral issue in the system.
RQ2a is also still somewhat of an open question as it is unclear whether our findings are fully
generalizable or are more a result of constraining the number of positive prompts per session to
one or four prompts. Future work extending this paradigm to contain even more positive prompts
or to have participants interact with a CA over a longer time frame may prove more revelatory in
addressing RQ2a, RQ2b, and RQ2c.

With regard to RQ2d and the question of the influence of user technological experience and
interest levels on affect, our results provide a promising avenue for future study. While participant
I&E levels with technology did not seem to influence the overall impact of deliberate positivity,
participants in the High I&E group demonstrated a markedly higher positive affect throughout
the study than did participants in the Low I&E group. However, patterns in affect observed in
both groups mirrored one another closely. This indicates that any effect of the deliberate positivity
intervention may be consistent regardless of participant experience level, even if the overall
emotional valence is lower in the case of participants with lower I&E levels.

7.2 Implications for Future Design

The answers to the RQs for this study point to several key implications for the future design of
conversational systems. These primary implications involve both the use of deliberate positivity in
conversational design and the structuring of user-driven design methods, particularly with older
adults, but potentially also with other (often underserved) user groups.

7.2.1 Positivity as a Tool. Our findings suggest that, in convergence with the literature on
the benefits of positive capitalization in human-human conversation, deliberate positivity as a
conversational strategy can have a measurable positive impact on user affect, and may help drive
and maintain user engagement with a system over the longer term. We find evidence through
multiple methodologies that users stayed consistently positive throughout the interactions, and
moreover are consistently receptive to and engaged with a system implementing the deliberate
positivity conversational strategy. This is further strengthened by the length of the study; while
the experiments in Phase III were limited to a working week (5 days), evidence of user engagement
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and positive affect did not drop appreciably over the course of the experiment despite indications
of the novelty effect subsiding.

It is also noteworthy as a strength of this study that the evidence that our implementation of
deliberate positivity is acceptable is diverse and is reflected both in user behavior and in user
report. The psycholinguistic characteristics of user interactions with the system are consistent with
profiles of sustained user engagement and interest. The raw word count of participant interactions
with Calena, for example, can be used as a base metric of engagement; despite minor variations in
later sessions, participants consistently remained fairly talkative, and more importantly were more
consistently verbose than the Calena prototype. Authenticity, an LIWC psycholinguistic measure
relating to the amount of openness, honesty, or “sharing” in a given linguistic sample, also remained
high through all five sessions. LIWC Clout, or authoritativeness/confidence, is also a particularly
interesting indicator of engagement; while participant clout was consistently lower than that of
Calena, it also noticeably increased throughout the course of the experiment, potentially indicating
a consistent increase in participant comfort and familiarity with a system—a stage of the adoption
process in which interest generally wanes—while other measures of engagement such as word
count and authenticity stayed high.

Outside of linguistic evidence, the standardized measure of positive and negative affect offered by
PANAS for participants also revealed the general acceptability of deliberate positivity as a strategy
for users. Positive affect across all sessions remained consistently high, as seen in Figure 3, and
negative affect scores also remained uniformly low. Equally importantly, similar patterns in positive
affect were reflected across participants at both ends of the interest-experience spectrum, as seen
in Figure 7, and there was no real effect on participant negative affect in both groups as seen in
Figure 8. This is an indicator that deliberate positivity in the worst case had a neutral impact on user
affect, which is a very promising result in terms of the potential long-term use of a deliberately
positive conversational strategy. Even in cases where no discernible increase in positive affect was
seen, positive affect remained consistent and, equally importantly, negative affect was not elevated
or exacerbated.

7.2.2  User-Driven Design. This work highlights implications for the process of designing intelli-
gent systems for older users just as much as the design of the systems themselves. Chief among the
design practices foregrounded by this study is the necessity of ensuring that users involved in the
design process are a representative sample of the target user base, particularly when the target
users are older adults. The iterative process we used in designing the Calena prototype included
older adults in all phases of the design, and allowed us to fine-tune our implementation of positivity
via direct feedback from users. The reporting done by participants in the pilot projects of Phase I
and in Phase I (Wizard of Oz) gave us insight as to what sorts of questions users would be receptive
to when interacting with the system, which further enabled us to design a system that allowed us
to actually investigate our RQs more directly. The fact that large portions of the prototype design
(domains of interest, positive prompts from the CA) were directly driven by feedback from our
target user population is a major strength of this study, and fully supports the value of including a
user group in design from the ground up.

Ensuring users involved in the design process are a representative sample of the target user base
is also a design practice we underline the importance of—not only for older adults, but users of
any age group or life circumstance. Many of these user groups are noted in previous work to have
drastically different characteristics or requirements; for example, the design of smart technologies
for children may need to consider developmental impacts or involve parental oversight, as suggested
in [91], or be well-facilitated by play and physical prototyping in the design process as in [31, 101].
In contrast, design for adults might emphasize data privacy or transparency [58, 96] in addition to
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trustworthiness [15], while design for adolescents might focus on social aspects like support for
navigating peer and school stressors or simply being an empathetic listening presence [41, 60, 66].
We highlight that target users—whether grouped by age, medical condition, lifestyle, or other
characteristics—should always be a fundamental part of the design and testing process precisely
because acceptability and usability varies so widely. In addition, defining and measuring usability
and acceptability is still not well understood or explored for a number of user groups and related
technologies (e.g., [23]). In the case of adults, and particularly older adults, addressing the issues of
long-term adoption that have long plagued intelligent systems (see, e.g., [30]) requires the inclusion
of both users with little experience with technology and those with high interest in and experience
with technology in order to gain the best insight into the acceptability of any given piece of
technology. A major strength of the current study is exactly this portion of the methodology, as
discussed in Sections 6.5.8 and 6.5.9. The emergence of two distinct participant groups with regards
to attitudes towards and experience with technology clearly demonstrates that our results have
some generalizability across a wide range of users. It is also noteworthy in considering future
design and testing practices—despite the necessity of conducting the study via video conference on
Zoom, we were still able to reach a reasonably wide variety of participants, indicating that remote
testing may be feasible for future work focusing on different user demographics.

7.2.3  Challenges in Real-World Use. The design, implementation, and testing of the systems used
in this study also reinforce some existing challenges in deploying a CA such as Calena in the real
world—namely, security and long-term adoption. First, data security and privacy remains a major
concern for both storage of any gathered user data and access to the CA itself. While an informal
examination of experimental transcripts showed that little very highly sensitive information such
as health data was disclosed for this study specifically, evidence suggests that social conversations
with older users can still lead to the disclosure of things such as health information [6, 15]. Multiple
possibilities exist to help keep user data as secure as possible. First, as in the PKB in this study, data
should all be stored locally; in real-world deployment this would mean devices with higher storage
capacity that should be password protected and ideally involve additional security restrictions
(e.g., additional independent authentication). Second, we designed the Calena CA such that the
contents of the knowledge base cannot be queried directly by users. Third, the challenges specific
to unimodal voice interaction must be considered.

Voice interaction presents a number of challenges by its nature, both in general and in ways
more specific to applications such as we propose in this study. We considered two primary sources
of vulnerability in our prototype and experimental design: data security and the presence of others
in the home. The CA pipeline involves both speech-to-text and text-to-speech steps, which ideally
should be done locally on the device itself to provide the best security. In this study, we primarily
mitigated potential risks associated with these aspects by ensuring that conversational data was
processed through a service that guaranteed data privacy and ownership, as well as storing all data
securely. For older users in particular the potential presence of others in the room or house may
also be a concern for voice systems. We mitigated potential risks related to overhearing interactions
with the CA by restricting the number of people attending an experimental session to one RA
interacting with the participant and one trained RA on standby to troubleshoot if necessary; the
participants were also asked to be in an empty room. In wider deployment, this is more difficult to
guard against—particularly when a primary design consideration for older users is accessibility.
Any authentication measures should be as unobtrusive as possible and, ideally, not depend on
a user remembering a password, interacting with a device such as a smartphone, or wearing a
separate sensor. A number of approaches have been suggested that may facilitate this. For example,
a voiceprint biometric identifier—particularly one linked to a wake word or phrase—would minimize
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cognitive load. An embedded sensor in a frequently used item such as glasses or jewelry may also
provide a natural way to authenticate users [25]. Checks like wider scale liveness detection may
also be useful in safeguarding against any malicious actors [99]. Some combination of these sorts
of security features may give users the highest level of both ease of use and security.

The second major challenge in deploying a system like Calena for wider use lies in promoting
and maintaining long-term adoption. We note that for our design there were two primary concerns:
avoiding repetitive interactions by remembering prior user responses, and encouraging further user
engagement by adding depth to the dialogue tree. Both of these can be addressed by learning about
users, which foregrounds the need for a well-structured user knowledge base that can be effectively
reasoned with in order to enrich interactions. In this study, we addressed this by restricting the
domains of interest and incorporating rule-based dialogue trees as described in Section 6.3.2. In real-
world usage, this may be largely infeasible. However, the success of domain-restricted design like
Calena suggests that one potential way to better engage with users is to focus on domain expertise
in agent design rather than generalization, and limit supported features and tasks based on user
characteristics and contexts. This is an especially impactful consideration when taking into account
existing evidence about use patterns among older adults for conversational systems demonstrating
that certain sets of tasks are more widely adopted than others by these users [76, 82, 96]. Further
evidence also suggests that usability on a task- and domain-based level, such as frustration with lack
of customization and support for deeper dialogue trees in older adults seeking health information
[15], may have a heavy impact on long-term acceptance [72]. Both of these factors, combined
with our findings, reinforce that designs for CAs such as Calena should pay close attention to the
selection of supported conversational domains, particularly in mental health and social contexts
where a higher degree of expertise and longer dialogues may be desirable.

7.3 Limitations and Future Directions

The current experimental paradigm has helped pinpoint further questions to be investigated and
modifications that can be made to future experiments. First, the promising results regarding the
effects of deliberate positivity in conversational design on user affect and perceived usability of a
system indicate that positivity as an interaction strategy is worth investigating further. However,
this study was limited to one week of interactions with users. Much of the evidence in human-
human interaction surrounding the effectiveness of deliberate positivity as a strategy in improving
health and well-being, particularly mental health, implies that the full impact of encouraging
positivity may not be observed in the short-term—that is, the overall effect on well-being is not
immediately temporally tied, and seeing the entire picture requires longer follow-up. Therefore,
the full impact of positivity as a conversational strategy requires a more longitudinal approach;
extending the experimental time frame, perhaps with interactions occurring over a series of weeks
or several months, rather than a single week, may give us deeper insight into the true effectiveness
of the strategy. In the current experiment, we explored positivity as a conversational tool by varying
the number of deliberate positive injections into a conversation with a user. With a longer-term
design, it would be possible to probe deeper into these effects, such as increasing the variation in the
number of positive prompts or studying the effects of different patterns of positive manipulations
such as clustering.

Our probes into positivity as a conversational strategy were also constrained to purely prompting
users to reflect on positive emotions and events. Previous literature, as well as our results, suggests
this is an effective method of promoting positive capitalization. However, there may be other
effective socioconversational strategies to promote positivity that are worth investigating. A logical
extension of this work would be to vary the directness or indirectness of the conversational strategy
in prompting positive reflection. The encouragement towards positivity in our conversational
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design was also exclusively agent driven, which may have altered some of the dynamics of the
interactions with users. The means of engaging in deliberate positivity in more mixed-initiative
interactions would also be an interesting question to explore in future work.

Part of exploring the effectiveness of this conversational strategy also involved a session-wise
examination of the usability and acceptability of the prototype system itself. For this work, we
opted to use the SUS as a general usability assessment, supplemented by usability questions tailored
to language-based interactive systems specifically. We chose the SUS both because it is one of the
most widely used tools for assessing usability and further because it probes user impressions of
adoptability, which is key for systems designed for long-term use. We also included an inventory
of ratings specific to the design and implementation of the conversational system, including
both language and social impressions. This new tool was beneficial in revealing and separating
dimensions of CA usability such as how comfortable a user felt with being open and sharing
with the system, how pleasant or enjoyable the interaction was, and how appropriate or natural
the interaction felt. More recent work has introduced in-depth usability inventories specifically
for conversational systems, which have since been validated [11, 12]. Future work extending the
current study might add the use of more recent fine-tuned inventories to probe impressions of
language-based interactions specifically, particularly as future work may explore user interactions
and acceptability over longer time periods than the 1 week limitation of this study. This would
give us a more holistic view of evolving user attitudes over time, building on the period of initial
adoption covered in this study.

The current study was also somewhat limited environmentally. Interactions were only partially
in situ, primarily by necessity. All phases of the study were moved to video conferencing due to
the COVID-19 pandemic, which allowed participants to interact with all versions of the system
(Wizard of Oz or actual prototype) from their own homes. This gave us an opportunity to examine
user behavior with the prototype in their own home environments, which is important when
examining questions related to design for independent older adults. However, this also meant that
an experimenter was always present on the video call (albeit not observing or listening to the
interaction), and the actual prototype agent was physically hosted elsewhere. Evidence suggests
that spatial and social contexts do impact user behavior with dialogue systems, particularly when
it comes to sharing behaviors and more personal disclosure [57]. An immediate next extension to
this work might then be to create prototype hardware that can be deployed in participants’ homes
so that participants can interact with the system in the most natural context possible.

8 Conclusions

In this three-phase mixed-methods study we have shown both the feasibility and acceptability of a
social conversational technology for older adults. We have shown that a conversational strategy
employing deliberate positivity may be effective in promoting continued use and interest in a
conversational system. We have provided a profile of user interactions with a CA designed to
discuss select topics of interest with older adults, namely hobbies and family. We further perform
an analysis of a combination of multiple forms of user self-report and psycholinguistic content,
as well as an a posteriori examination of user and system behavior through transcript analysis.
Through this, we show that a deliberately positive conversational strategy may be effective in
maintaining user interest over a longer series of interactions.
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Appendices
A Experience with Technology Items (Phases Il and III)

Participants were asked to rate their experiences with various uses of Internet-enabled technology.
Responses were on a 5-point Likert scale, anchored at 1 for “very poor” and 5 for “excellent” The
specific items included:

(1) Sending/receiving e-mails

Buying goods or services over the Internet

Reading or downloading online news, newspaper, or magazines

Internet banking

Accessing institutions

Playing or downloading games, images, films, or music

Listening to Web radio or watching Web television

Telephoning or making video calls over the Internet

Social networking, for example Facebook or X (formerly known as Twitter), and
Posting messages to chat sites, blogs or forums, or instant messaging.
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B SUS Items (Phases Il and I11)

There are 10 statements on the SUS, each rated on a 5-point Likert scale. The scale is anchored at 1
for “strongly disagree” and 5 for “strongly agree” These statements include:

(1) Ithink that I would like to use this system frequently.

(2) Ifound the system unnecessarily complex.

(3) Ithought the system was easy to use.

(4) Ithink that I would need the support of a technical person to be able to use this system.
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(5) Ifound the various functions in this system were well integrated.
(6) Ithought there was too much inconsistency in this system.
(7) Iwould imagine that most people would learn to use this system very quickly.
(8) Ifound the system very cumbersome to use.
(9) Ifelt very confident using the system.
(10) I needed to learn a lot of things before I could get going with this system.

C Post-Session Ratings of CA Usability Items (Phases Il and III)

At the end of each experimental session, participants were asked 15 CA-specific questions, listed
here. All questions were rated on a 5-point Likert scale, anchored at 1 for “completely disagree”
and 5 for “completely agree.

(1) The CA was pleasant to be with.

2) The CA was sociable with me.

3) Ifelt comfortable sharing personal information during the interaction.
4) Ifelt like I could be open during the interaction.

5) Ifelt involved in the interaction.

6) I enjoyed the interaction with the CA.

7) 1 considered the interaction with the CA to be smooth.

8) I would like to interact with the CA again.

9) Ifeel the interaction with the CA was satisfying.

(10) The CA said the right thing to make me feel better.

(11) The CA responded appropriately to my feelings and emotions.
(12) The CA communicated correctly.

(13) The CA came across as competent.

(14) The CA came across as natural.

(15) Overall, I would like to have a long conversation with the CA.
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D Participant I&E with Technology Statistics (Phase III)
D.1 Interest

Table D1 contains question-wise statistics for the interest in technology questionnaire administered
at the beginning of the experiment for Phase III.

D.2 Experience

Table D2 contains detailed statistics for participants’ self-reported skill level with various tech-
nologies in Phase III.
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Table D1. Participant Interests in Technology for Phase IlI

L. Ferland et al.

Item Mean SD Min. Max.
Interested in computers or tablets 431 1.12 1 5
Fond of computers/tablets 4.08 1.26 1 5
Not afraid to try new functions on 3.96 1.43 1 5
computer/tablet
Frequency of use of computers/tablets 4.73 0.78 2 5
Interested in using smartphone 4.50 1.11 1 5
Fond of smartphone 431 1.16 1 5
Not afraid to try new functions on 3.96 1.34 1 5
smartphone
Frequency of use of smartphone 4.58 1.21 1 5
Statements were evaluated using a 5-point Likert scale, anchored at 1 for “not at all” and 5 for “extremely.”
Table D2. Participant Technology Skills for Phase IlI
Item Mean SD Min. Max
Able to type on keyboard 4.77 0.43 4 5
Able to use mouse 4.96 0.20 4 5
Able to load ink into printer 4.77 0.43 4 5
Able to fix paper jams 4.46 0.71 3 5
Able to open e-mail 4.88 0.43 3 5
Able to send e-mail 5.00 0.00 5 5
Able to find information about local community 4.77 0.51 3 5
resources
Able to find information about hobbies/interests  4.85 0.37 4 5
Able to use computer to enter events into calendar 4.04 1.46 1 5
Able to check the date and time of upcoming or 4.31 1.29 1 5
prior appointments
Able to use computer to watch movies/videos 4.31 1.19 1 5
Able to use computer to listen to music 4.12 1.31 1 5

Statements were evaluated using a 5-point Likert scale, anchored at 1 for “not at all” and 5 for “extremely”
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