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Abstract

Loneliness in later life is a public-health concern, and large language model (LLM)-enabled conversational robots have
potential to supplement social connection at scale by facilitating everyday conversations. However, evidence on the devel-
opment and acceptability of such systems for older people remains scarce. We conducted a two-round mixed methods
study with older community-dwelling participants, to test whether pipeline refinements—streaming automatic speech rec-
ognition, text-to-speech, and simplified turn-taking cues—improved conversational experience. A tabletop conversational
robot (Sota, Vstone), powered by Generative Pre-trained Transformer (GPT)-40 was used. Eighteen individuals partici-
pated in round one; paired analyses were conducted on the 17 eligible participants remaining in round two. We collected
interaction logs (response latency, LLM-level latency, and deletion rate [proportion of words in the manual transcript omit-
ted in the ASR output]), technical failure events, and participant questionnaires (Godspeed Questionnaire Series; System
Usability Scale; a customised five-item scale assessing conversational experience). Qualitative data were analysed using a
framework approach. Median response latency decreased from 9.8 to 4.7s, deletion rate from 0.37 to 0.07, accompanied by
improved perceived usability and conversational naturalness, while questionnaire indices of companionship changed little.
Qualitative accounts converged: interactions felt smoother and more in-context, yet interruptions, perceived superficial-
ity of conversation, and only a modest sense of companionship were still experienced. Findings indicate that improving
basic conversational fluency enhances naturalness and usability but is insufficient for delivering truly relational experience
outcomes. Progress toward better companionship requires an additional relational layer—shared memories, age-attuned
personas, and calibrated reciprocity.
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1 Introduction

Loneliness and lack of social connection in later life are
associated with adverse outcomes including depression
[1], anxiety [2], and increased mortality [3], and are now
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activity engagement programs can reduce loneliness and
related outcomes in the short term [6, 7]. However, chal-
lenges remain in terms of training requirements, scalability,
reach, and the durability of effects. Against this backdrop,
there is increasing interest in scalable digital interventions
that can supplement social connection through facilitation
of everyday conversation [8].

Conversational agents (CAs) have attracted growing
attention as a potential way to address these challenges. Our
recent systematic review and meta-analysis suggested that,
despite variability and bias across studies, such agents can
have beneficial effects on loneliness and depression among
older people without dementia. However, most of the
included systems were rule-based or domain-limited, rais-
ing concerns about limited flexibility and contextual conti-
nuity in real-world use [9]. In our prior fieldwork deploying
a rule-based conversational robot in older people’s homes,
participants reported dissatisfaction with delayed responses
and superficial dialogue [10]. The advent of large lan-
guage models (LLMs) has made open-domain conversa-
tion increasingly feasible, but early reports emphasise that
conversational characteristics such as response timing, the
handling of utterance boundaries during turn-taking, and the
frequent use of repetitive fixed phrases, critically influence
perceived naturalness and trust [11]. These issues are par-
ticularly salient in socially situated interactions with older
people. Building on this earlier work, we initiated a project
using a conversational robot equipped with Generative Pre-
trained Transformer (GPT) to alleviate loneliness in older
people. GPT is a type of LLM, trained to generate human-
like replies by next-token prediction and to adapt to new
tasks from natural language instructions [12]. As a first step,
we worked with community-dwelling older people without
dementia to examine acceptability, identify design chal-
lenges, and refine the dialogue design in both the UK and
Japan [13].

Building on this groundwork, this study examines
whether pipeline refinements to a GPT-40—enabled conver-
sational robot for older people (shorter response latency and
more stable speech recognition), improved perceived con-
versational naturalness, depth, and companionship in the
same participants across two rounds. Our contributions are
threefold. First, to our knowledge, this is among the earli-
est in-situ evaluations of a GPT-40—enabled conversational
robot with community-dwelling older people. Second, we
integrate distributional, log-based conversation metrics with
qualitative accounts. Third, we link improvements in basic
conversational fluency to user experience while highlight-
ing limits in relational outcomes.

@ Springer

2 Related Work

2.1 Conversational Agents for Loneliness in Older
People

2.1.1 Background and Rationale

Digital interventions addressing loneliness grew rapidly
between 2010 and 2022, with companion robots and con-
versational agents (CAs) forming a distinct cluster [14].
However, most studies have been short-term, small-scale,
and concentrated within institutional settings, with limited
attention to cost-effectiveness, adverse effects, or longer
follow-up. Systematic reviews report small-to-moderate
benefits on measures of loneliness but note that many trials
are non-randomised or single-arm, carrying high risk of bias
[9, 15]. Broader mental health meta-analyses similarly sug-
gest short-term improvements in depression, anxiety, stress,
and quality of life, while emphasizing heterogeneity, lim-
ited durability, and the importance of personalization and
empathic responses [16].

2.1.2 Chatbots, Personal Voice Assistants (PVAs) and
Screen-Based Embodied Conversational Agents (ECAs)
(Including Digital Humans)

Evidence specific to chatbots for loneliness in older people
remains sparse [17]. For example, a four-week study in psy-
chiatric outpatients aged > 65 reported reduced loneliness
with high engagement; however, the participants were not
severely lonely at baseline, which may limit the general-
izability of such findings to lonely older adults [18, 19].
The rise of LLM-integrated chatbots (e.g., ChatGPT) may
facilitate more rigorous studies; nonetheless, extrapolation
from general populations to older people should be made
cautiously.

In community-dwelling older people living alone, video-
enabled PVAs yielded larger reductions in loneliness and
improved perceived social support more than audio-only
versions over 12 weeks [20]. Another study in adults aged
> 75, found that total time of engagement, rather than input
frequency, predicted loneliness reduction, suggesting a
potential “dose—time” relationship [21]. Whether this rela-
tionship holds for LLM-empowered PVAs—where con-
versational depth and variability are higher—remains to be
tested.

Screen-based ECAs have been evaluated in both commu-
nity and institutional contexts. Randomised feasibility work
indicates general good acceptability among independently
living older people, but no consistent short-term effects on
loneliness in care facilities [22]. Proactive ECAs that ini-
tiate conversation appear more effective than passive ones
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in home settings, implicating agent proactivity as a design
lever [23].

2.1.3 Robots

Socially assistive robots (SARs) have been widely studied
in long-term care settings. A 2024 meta-analysis of ran-
domised trials reported reductions in depression and loneli-
ness among institutionalised residents [24]. However, many
of the robots studied, such as PARO [25], are non-conver-
sational, and their effects cannot be directly generalised to
conversational systems. Reviews in dementia care empha-
sise feasibility and acceptance but highlight mixed find-
ings for cognition, neuropsychiatric symptoms, and quality
of life [26]. In community settings, early studies of rule-
based conversational robots (e.g., doll-type systems), sug-
gest short-term benefits, such as reduced depression at four
months, and demonstrate feasibility for extended use [27,
28], yet a six-month mixed methods study found that bene-
fits had attenuated by 6 months, highlighting novelty effects
and challenges in everyday use [29]. Users also reported
one-way communication and operational issues as barriers;
these implementation hurdles are likely to generalise across
platforms, particularly in populations with varying levels of
digital literacy.

2.2 Use of Human-Robot Interaction in Older
People

2.2.1 Settings and Implementation

Alongside growth in interventions, recurring implementa-
tion barriers are documented—digital access, connectivity,
affordability, and governance/privacy [14]. A randomised,
waitlist-controlled pilot trial evaluated a screen-based digi-
tal human that delivered a one-week loneliness and stress
programme of about fifteen minutes per day to at-risk
adults. Feasibility and acceptability were demonstrated
among older people living independently, whereas delivery
in nursing homes was less feasible and typically required
caregiver assistance [22]. These constraints apply equally
to robots; initial setup, onboarding, and connectivity often
determine sustained engagement.

2.2.2 Embodiment, Copresence, and Companionship Cues

Across controlled comparisons, copresence—defined as
sharing the same physical space that enables active, recipro-
cal perception between human and agent—tends to increase
trust, engagement, and willingness to follow suggestions
relative to screen/telepresence agents; nonverbal behav-
iours can amplify these effects [30]. Among older people,

perceived social presence is strongly associated with both
enjoyment and intention to use robots [31], and physically
embodied robots elicit greater conversational engagement
than on-screen agents when the dialogue proceeds success-
fully [32]. These embodiment and copresence effects mat-
ter because engagement time is associated with loneliness
reduction in adjacent modalities [21].

Companionship perceptions depend partly on appearance
and behaviour. Older people tend to prefer familiar, friendly
designs and “aliveness” cues (gaze, blinking, breathing-
like motion, warmth), with brief, clear utterances and con-
sistency without monotony [33]. Abstract/novel designs
can be seen as childish. While these features foster social
presence and acceptance, which conversational capabilities
strengthen companionship remains under-specified, war-
ranting further study.

2.2.3 Dialogue Mechanics Tailored to Older Users

Conversation design should consider sensory/cognitive
characteristics: clear speech, adjustable speech rate, and
robust error-repair (repetition/clarification), while avoid-
ing excessive repetitiveness [23, 31]. Automatic speech
recognition (ASR) accuracy can decline with age [34, 35];
in care-facility robot studies, word error rates (WER; the
proportion of substitutions, deletions and insertions divided
by the number of reference words) as high as 0.78 have
been reported [36]. Practical designs should anticipate ASR
failures and provide visible turn-taking cues and repair
strategies.

2.3 The Promise of LLMs and Advanced ASR/TTS for
Social Robotics

2.3.1 LLMs in Conversation Content

LLMs enable flexible, context-aware dialogue beyond
scripted systems, with advantages reported in richness, per-
ceived empathy, and some reasoning tasks [37—39]. These
findings, however, come largely from non-clinical, younger
samples and from task-specific evaluations. Real-time
social dialogue also imposes tight timing constraints (typi-
cal human gaps < 300 ms) [40, 41]. While recent models
(e.g., GPT-40) can yield low audio-to-response latencies
under optimal conditions [42], end-to-end timing in robots
depends critically on ASR/TTS pipelines and Input/Output
(I/O) orchestration.

2.3.2 Advances of ASRand TTS

Deep learning markedly reduced ASR error rates and
improved robustness to noise and accent [43, 44].

@ Springer
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RNN-Transducer (RNN-T) style architectures can enable
practical end-to-end streaming, while modeling output
dependencies [45, 46]. Self-supervised pretraining (e.g.,
wav2vec 2.0, HuBERT) and large multilingual models
(e.g., Whisper), further improve accuracy and stability for
low-latency streaming use [47—49]. In TTS, Tacotron-based
seq2seq improved naturalness but was slow due to autore-
gressive decoding [50]. Non-autoregressive Transformer
models (e.g., FastSpeech) and neural vocoders (HiFi-GAN,
Parallel WaveGAN) can now support near real-time synthe-
sis with high quality [51-53].

2.3.3 Use of LLMs with Advanced ASR/TTS for Companion
Robots

LLM-based robots offer greater flexibility and contextual
adaptation than scripted systems, improving perceived natu-
ralness and enjoyment. While task efficiency is often com-
parable; the trade-off is higher latency/energy and the need
to manage failure modes (repetition, premature termination)
[11, 54]. Integrating gaze/speech cues with LLM inference
can improve responsiveness and bidirectional smoothness
[55]. Embodiment and I/O pathways matter: studies report
higher failure rates in voice-only conditions than text or
embodied agents, underlining the centrality of input—output
design [56]. Evidence specific to older people remains lim-
ited and constitutes a key gap that this study addresses.

2.3.4 Concerns in Using LLMs

Systematic analysis highlights risks with LLMs—halluci-
nations, opacity, bias, privacy—and emphasises risk-cal-
ibrated human oversight [57]. A case study further shows
an LLM-equipped care robot misrepresenting capabilities
(e.g., medication reminders) and approving unsafe drug
combinations [58]. These concerns are especially salient for
older people and argue for transparency, data minimization,
fail-safes, and escalation pathways by design.

2.4 Summary

Across modalities, conversational agents show short-term
potential to reduce loneliness/depression in older people,
but the evidence base is constrained by short follow-up,
small samples, limited controls, and lack of blinded out-
comes. For deployments with older people, implementa-
tion should be tailored to users’ abilities and usage contexts,
and embodied robots may offer an advantage through the
benefits of co-presence. While approachable, user-friendly
design appears important, it remains uncertain which
kinds of dialogue best foster a genuine sense of compan-
ionship; age-related reductions in ASR accuracy must also

@ Springer

be considered. Against this background, combining LLMs
with advanced ASR/TTS offers the possibility of moving
beyond scripted systems to achieve practical conversational
fluency and continuity of context on robots. Nevertheless,
evidence specifically involving community-dwelling older
people using LLM-enabled robots remains scarce.

3 Study Design

This was a predominantly qualitative mixed methods study,
examining whether improvements to the support of conver-
sational dynamics in an LLM-enabled conversational robot,
specifically response latency, speech recognition quality,
voice tone and LED turn-taking indicators, would improve
older peoples’ experiences of social interaction with the
robot. We focused on experiential outcomes most likely to
be influenced by these changes, principally, perceived con-
versational naturalness, conversational depth/richness, and
sense of companionship.

The study integrated qualitative focus group interviews,
quantitative UX measures, quantitative dynamic system
performance metrics and system-level LLM interaction
metrics. We conducted two rounds of focus groups (four
sessions per round): the first round captured impressions
of an original system, and the second round evaluated an
improved version (updated Sota and dialogue system). 18
people participated in the first round and 17 of the same par-
ticipants in the second round, one participant having been
removed as she was found to have been ineligible for the
study.

Qualitative data were analysed using framework analysis
[59], enabling structured comparison across the two rounds
while remaining open to inductive insights. Quantitative
measures (questionnaire scores and interaction metrics)
were collected in both rounds and compared within par-
ticipants to complement and contextualise the qualitative
findings.

4 Robot and Dialogue System: Original
Setup and Modifications

The robot used in this study was Sota, a compact human-
oid communication robot developed by Vstone (Osaka,
Japan. Supplementary Fig. S1). Standing 28 cm tall, Sota
features a microphone array with noise cancellation, an
internal speaker, LED indicators embedded in its eyes and
mouth, and capable of basic gestures such as nodding and
arm gestures.

The dialogue system was designed as a modular pipeline,
consisting of automatic speech recognition (ASR), an LLM
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to generate appropriate responses, and speech synthesis
(Fig. 1A). User speech was captured by the robot’s micro-
phones and processed by a cloud-based ASR engine, after
which the transcribed text was sent to GPT-40 via Azure
OpenAl. Responses were then synthesised into speech pro-
cessed by a cloud-based TTS engine and played through the
robot. This enabled real-time, user-initiated conversation,
guided by a structured prompt that defined the robot’s role
as being a friendly companion for older people. This primar-
ily user-initiated interaction model (with no robot-initiated
proactivity in the present implementation) was intention-
ally adopted for this early-stage, focus-group-based forma-
tive evaluation, to prioritise stabilising the conversational
pipeline and interaction flow before introducing proactive
behaviours that could disrupt group discussion. To initiate
dialogue, the experimenter pressed a button on the back
of the robot. The robot’s eye LEDs signalled readiness to
receive input, helping participants recognise when to begin
speaking.

Following the first round of focus groups, it became evi-
dent that the robot’s slow response time in conversation was
a prominent barrier to engagement and acceptability. There-
fore, the robot’s system was modified to facilitate faster
responses. The robot’s internal processor was upgraded
from Intel Edison to Raspberry Pi 4 Model B to enhance
processing speed. The TTS and ASR engines were migrated
from services of NTT TechnoCross to Azure Al Speech of
Microsoft, enabling streaming communication and reducing
latency (Fig. 1B). To simplify turn-taking cues and to reduce
cognitive load, the robot’s eye LEDs were set to remain
blue throughout interaction. The synthetic voice was also
changed to that of a British English child’s voice (“Maisie”)
from the Azure Speech Studio gallery (Microsoft), as migra-
tion to the Azure-based speech synthesis platform necessi-
tated the use of a new voice template. To accommodate the
new processor, the base of the robot was slightly enlarged
using a 3D-printed enclosure (Table 1). Changes were pri-
oritised to address interaction-breaking bottlenecks identi-
fied in the first round (especially latency and ASR-related
breakdowns), to be feasible within the study timeline, and to
avoid design choices that could disrupt focus-group discus-
sion dynamics. All modifications were implemented by the
development team at NTT West.

Further technical details, system architecture, and imple-
mentation notes are provided in the Supplementary Note S1.

5 Methods
5.1 Participants and Recruitment

Participants were recruited between January and March
2025 via direct outreach to individuals who had previously
taken part in ageing or dementia-prevention studies, and
through participant-led referrals. Inclusion criteria were: (1)
age 60 years or older (2), living independently in the com-
munity (3), able to provide written informed consent, and
(4) sufficient English proficiency to participate in a focus
group. Exclusion criteria were: (1) diagnosed with dementia
(2), uncontrolled physical illness.

Eighteen participants (aged 49—86) took part in the first-
round focus groups (February—March 2025). One partici-
pant aged 49 (ID: P4) was inadvertently included due to
a scheduling error and was excluded from second-round
sessions. In June 2025, all eligible first-round participants
(n=17, aged 61-86) were contacted and agreed to take part
in the second round. Consequently, the analytic sample for
paired comparisons comprised the 17 eligible participants.
The mean age was 72.5 years (SD=7.1), and the average
years of education was 14.6 (SD=3.4). The sample included
10 women and 7 men, and 10 participants were living alone.
All participants owned a smartphone; in addition, 14 owned
a personal computer, 13 had a tablet device, and 6 reported
owning a conversational agent, including PVAs. Three par-
ticipants (P1, P12, and P16) reported hearing problems;
two used hearing aids. P1 appeared to require clearer, more
deliberate speech for everyday conversation. To minimise
potential impacts on ASR/TTS timing and interaction flow,
sessions were conducted in a quiet room, participants were
seated close to the robot, and the robot’s speech output
volume was adjusted when needed. Further demographic
details are presented in Supplementary Table S1.

5.2 Procedure and Data Collection

Four focus group sessions were held in each round at Uni-
versity College London (UCL), typically with 4-6 partici-
pants per session; in the second round, two sessions had 3
participants due to last-minute cancellations. The overall
structure and number of sessions were determined based
on best practice in qualitative focus group design, which
emphasises conceptual depth and data adequacy over sta-
tistical generalizability [60, 61]. First-round sessions lasted
approximately two hours (including a short break), and
second-round sessions around 90 min. A photograph of a
typical focus group setting is provided in Fig. 2 to illustrate
the study environment and arrangement.

In both rounds, participants were seated in a semicircle
facing the robot, which was connected via a portable Wi-Fi

@ Springer



67 Page 6 of 20 International Journal of Social Robotics (2026) 18:67
A. first round (baseline pipeline)
:...................-------.....: Aud|odata .llllllllllllllllllIIlIIIIIIIIII:
» Speech > 0 L (streaming) ) Speech Rec V4 :
' : Yoo I (NTT TechnoCross) |
: Microphone = Recognised o~ .. .
: Speech Vstone Server (AWS)
User E Signal: (tGXt) LA AL RN RN R RRRRR R R RRRRNENRNERRERNERHERHE.]
Ad . o H Dialogue R .
Colour Signal — : history -
¥ @@ — Recognised * Moo - Prompt
. : . ocation, Time > .
: EyelED NTT : Speech (text) 2 and Date e :
Q West l Input E
Movement "s ‘ Signal App :: : E
: Da— : Generated 3 Azure OpenAl/ GPT-40 &
: : Reip°t"3e : (Microsoft) :
: Neck/Arms : (text) : :
: : Bre=tt NTT West Server (Azure)  "*****
. NGenerated Response
: : \ :.llllllllllllllllllllllllllllll:
: FutureVoice Crayon -
Sp.eech O Response Voice (NTT TechnoCross)
Speaker (WAV file) """ Vstone Server AWS)
R Robot ssssssssssss
B. second round (updated pipeline)
:...............................: Audiodata ..llllllllllllllllllllllllllllll:
‘ Speech R 0 : _ (streaming) > : Azure Al Speech
' : ¥ . . (Microsoft) :
: Microphone 3 Recognised # 1,,.......
U : 1 Speech Azure
Ser E Signal: (teXt) [ AR AR RN R AR R RR R RN R R R RRRENRNRRNNRERNEHRH..]
AL [ : / 3 Dialogue .
Colour Signal + Ev history E
* @@ A - Recognised * Tocation Time Prompt :
E Eye LED NTT E Speech (text) E and D’ate " E
/ West l Input %
Movement * ‘ Signal | APP :: : :
T s (Generated i Azure OpenAl/ GPT-4o
: : Rejp°t”se : (Microsoft) :
: Neck/Arms H (text) H :
) h TEERT O NTT West Server (Azure)  ""*"""
: E Generated Response
: (text)
o : Azure Al Speech
Speech ol *  Response Voice : JElEEE
. H (streaming) Luussumnns asmmamnnns
: Speaker : Azure
tasnsnnnns RODOt sssssssnsnas

@ Springer



International Journal of Social Robotics (2026) 18:67

Page70f20 67

{ Fig. 1 Dialogue system pipeline (first round vs. second round). Green
boxes denote ASR, TTS, and text generation services; arrows indicate
data flow. (A) first round (baseline): User speech was transcribed by
Speech Rec V4 (NTT TechnoCross) and processed via the NTT West
server, with responses generated by Azure OpenAl (GPT-40) and syn-
thesised by FutureVoice Crayon (NTT TechnoCross) as WAV files. (B)
second round (updated): Both automatic speech recognition (ASR)
and text-to-speech (TTS) were migrated to Azure Al Speech (Micro-
soft, streaming), with dialogue still routed via the NTT West server
and responses generated by Azure OpenAl (GPT-40). LED cues were
simplified (constant blue) and the output voice changed to “Maisie.”

hotspot. Network speed was tested prior to each session,
though upload bandwidth occasionally fell below 5 Mbps.
Sessions were facilitated by YS with at least one other team
member present as co-moderator. In one second-round
session, YS joined remotely due to illness while on-site
facilitation and robot operation were handled by another
researcher. Two semi-structured interview guides were
developed a priori—one per round—based on the study
aims and qualitative best practice. The first round used a dis-
covery-oriented guide to elicit older people’s expectations
and concerns about using an Al companion robot for loneli-
ness through hands-on interaction. The second round used a
distinct, comparison-focused guide to appraise the updated
system against the earlier version, with prompts targeting
response speed, conversational naturalness, depth/richness,
perceived companionship, and overall satisfaction; the same
round-specific guide was used in all sessions of that round.
Sessions began with a demonstration of the robot’s capabili-
ties, followed by structured and unstructured interactions.
Audio recordings (and video recordings where consent was
obtained) were made using a dedicated digital recorder and
Microsoft Teams under a UCL institutional licence. System-
level interaction logs (e.g., speech recognition outputs, gen-
erated text, LLM timestamps) were recorded on a secure
NTT West server. Occasional field notes were taken during
or immediately after sessions.

In first-round focus groups, all participants engaged in at
least one individual interaction with the robot, followed by
group discussions. Interactions included free-form dialogue
and three predefined emotional scenarios (neutral, boredom
or grief). Two different voice settings (default and lower-
pitched/slower-tempo) were trialled, with the preferred
voice used for subsequent interactions. Topics included
perceptions of conversational quality, perceived shortcom-
ings that emerged, and potential uses of Al robots to address
loneliness in older people.

In second-round focus groups, the sessions followed
the same general format but were centred on direct com-
parisons between the improved robot and its earlier ver-
sion. The updated system incorporated prompt and dialogue
management changes aimed at improving response latency,
speech recognition, and conversational engagement. The

semi-structured guide emphasised three key interactional
dimensions—conversational naturalness, conversational
depth or richness, and perceived sense of companionship—
selected because first-round participant feedback indicated
that improvements in response speed were most likely to
influence these aspects of conversational quality and rela-
tional experience. Additional prompts explored overall sat-
isfaction and perceived changes across versions.

5.3 Outcome Measures

Outcomes comprised post-session UX questionnaires
and log-/audio-derived performance metrics. Question-
naires were administered after the focus-group discussion
to capture session-level evaluations based on the complete
interaction and the overall session experience. Participants
completed the Godspeed Questionnaire Series (GQS) to
capture subjective impressions of the robots. The scale com-
prises five subscales—Anthropomorphism, Animacy, Like-
ability, Perceived Intelligence, and Perceived Safety—rated
on five-point semantic differentials; we analysed subscale
means, with higher scores indicating more positive impres-
sions [62]. Usability was measured with the ten-item System
Usability Scale (SUS), adapted by replacing “system” with
“robot” consistent with prior HRI studies that contextualise
SUS item wording to the target artefact [63]. SUS scores
were converted to the standard 0—100 metric, where higher
values indicate better perceived usability [64]. We report
internal consistency (Cronbach’s alpha) for the adapted SUS
items separately for first and second rounds. Both instru-
ments have widely reported validity and reliability in HRI
and usability research. In the second round, participants also
completed a customised five-item scale (Quickness, Natu-
ralness, Depth/Richness, Satisfaction, Companionship) to
rate perceived changes in the updated robot (1 = “strongly
disagree” to 5 = “strongly agree”). First-round question-
naires also included demographic items.

For log-based metrics, response latency was defined as
the interval between the end of the participant’s item of
speech and the start of the robot’s verbal response. LLM-
level latency was defined from system log timestamps as
the time from sending the transcribed speech item to the
LLM to receiving the generated text. Speech recognition
accuracy was quantified using Deletion Rate (DR), defined
as the proportion of reference words in the manual transcript
omitted in the ASR output (DR = D/N, where N is the total
number of reference words and D is the number of omitted
words). Technical difficulty events were also counted and
categorised according to Irfan et al. [11]: turn-taking viola-
tions, repetitive responses, hallucinations, empty responses,
and premature termination due to misinterpreting terminat-
ing cue phrases.
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Table 1 Summary of specification changes in the improved robot

Category Change

first-round issue
addressed

Basis Rationale

Internal Intel Edison—Raspberry Pi 4 Model B

processor

Speech Speech Rec V4 (NTT TechnoCross, Stream-

recognition ing)— Azure Al Speech (Microsoft,
Streaming)

Speech FutureVoice Crayon (NTT TechnoCross, WAV

synthesis file download)— Azure Al Speech (Microsoft,

Streaming)

LED eye cues Dynamic colour changes during turn-
taking—Constant blue throughout interaction

Synthetic Default child-like voice (Vstone)— British
voice English child-like voice “Maisie” (Azure
Speech Studio)
Physical Original base (factory-made)— Slightly
casing enlarged base (3D-printed enclosure) issue

Insufficient speech
recognition

Disjointed
interaction

Insufficient speech
intelligibility

Not a user-facing

Slow response time Design inference (partici- Enhance processing speed

pant-reported problem) and overall responsiveness
Design inference (log- Improve recognition robust-
informed and participant- ness and reduce breakdowns
reported problem) (and secondarily latency)

Slow response time Design inference (partici- Reduce latency and improve

pant-reported problem)  conversational flow

Participant suggestion Simplify cues and reduce
cognitive load

Design inference (partici- Increase perceived natural-
pant-reported problem) ness and intelligibility
Technical constraint Accommodate upgraded
processor

All entries summarise changes implemented between the first round and the second round. “first-round issue addressed” reflects the primary
issue motivating each change (participant-reported and/or log-informed). “Basis” distinguishes changes driven by explicit participant sug-
gestions versus author design inference (informed by participant-reported problems and/or log-based evidence) versus technical constraints.
“Streaming” denotes incremental processing/output for ASR/TTS. Abbreviations: ASR, automatic speech recognition; TTS, text-to-speech

Fig. 2 Study setting and focus-group interaction with the conversational robot. The photograph illustrates the typical arrangement used in the ses-
sions. The individual on the left is the researcher, and participants’ faces have been anonymised by applying white rectangular masks

5.4 Data Analysis

Response latency was measured for the second user—robot
exchange in each interaction by YS from audio recordings
using ELAN 7.0. LLM-level latency was calculated from
system log timestamps. For DR calculations, manual tran-
scripts were compared with ASR outputs after excluding
filler words (e.g. uh, um, er, ah, eh, oh, yeah, mm-hmm, huh,
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well, you know, I mean). Substitutions and insertions were
not counted because overlapping and interruptive speech
made their classification ambiguous; deletions were counted
by comparing words between the transcript and the ASR
output while ignoring word order. Conversation episodes
that were terminated after the first user—robot exchange did
not contain a second exchange and were therefore excluded
from these analyses. Technical difficulty events were coded
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by YS from system logs and audio recordings following
Irfan et al. [11]

Response latency, LLM-level latency, DR, GQS and SUS
scores from the first and the second rounds were compared
using Wilcoxon signed-rank tests. To address multiple com-
parisons, Benjamini—Hochberg (BH) correction was applied
within two pre-defined families of tests: (A) system-perfor-
mance metrics (response latency, LLM-level latency, DR)
and (B) UX measures (GQS subscales and SUS). Two-tailed
tests were used, and results are reported with BH-adjusted
g-values (q<0.05). Custom impression items were analysed
descriptively.

Exploratory association analyses were conducted to
examine whether participant-level changes in log-based
metrics were associated with changes in subjective user
experience. Change scores were defined as post minus
pre. Spearman rank correlations were computed between
changes in system-performance metrics (response latency
and DR) and changes in subjective measures (SUS and
selected GQS subscales: Perceived Intelligence and Like-
ability). To limit multiplicity, six correlations were pre-spec-
ified and BH adjustment was applied within this correlation
set; BH-adjusted g-values (two-tailed) are reported.

All tests and plotting of metrics data were performed
using Microsoft Excel and R (version 4.5.1). Calculations
for DR were implemented in Python (v3.10) using pandas,
with scripts and logs archived for reproducibility.

Verbatim transcripts from both rounds were analysed
in NVivo (versions 14 and 15), using framework analy-
sis. Analysis proceeded through familiarisation, develop-
ment of the analytic framework, indexing, charting, and
mapping/interpretation. Following familiarisation with
the first-round data, before the collection of second-round
data, we developed the three key interactional categories—
conversational naturalness, conversational depth and rich-
ness, and perceived sense of companionship— judged by
the research team to best capture participants’ concerns and
most likely to be influenced by improvements in response
speed and related system refinements. For the purposes of
analysis, we used the following working definitions. Con-
versational naturalness captured the extent to which the
interaction resembled a human-like flow of conversation,
including smooth timing, coherent turn-taking, and continu-
ity across turns. Conversational depth captured the extent
to which the conversation went beyond a surface exchange,
including the ability to explore a topic further as well as
the presence of subjective viewpoints, unexpected or non-
obvious responses, and a sense of substance or nuance.
Conversational richness referred to the amount, specific-
ity, and variety of information provided in responses. Per-
ceived companionship referred to the extent to which the
robot was experienced as a companion-like social presence

rather than a purely functional device (e.g., feelings of
connection and reciprocity). They were therefore adopted
as the analytic framework for data from both rounds, with
scope left for inductive additions (none were ultimately
identified). Transcripts were coded in NVivo and charted
into a case-by-category matrix to enable within-person,
cross-round comparison. Coding and interpretation were
conducted by the research team collectively, with regular
discussion and consensus-building meetings.

Descriptive statistics for the first round (e.g., session
time, episode counts) were based on data from all 18 par-
ticipants. However, data from the ineligible participant
(P4) were excluded for the calculation of response latency,
LLM-level latency, and DR. Both inferential and qualitative
analyses were conducted using the data from the 17 eligible
participants.

6 Results
6.1 Qualitative Analysis

Participants’ reflections on their interactions with the robot
were analysed in three interrelated categories: naturalness,
depth/ richness, and companionship. Within each category,
accounts from the first and second rounds were compared,
and changes within the same individual were noted where
present. These categories were pre-specified rather than
derived inductively. Representative quotations are pre-
sented to illustrate typical or particularly salient perspec-
tives within each category.

6.1.1 Naturalness

In the first round, participants described the interactions as
slow, disjointed, and lacking in contextual continuity:

...the only trouble, sleepy... when you said, oh, you
know, I'm buried, the natural human response is
“What?” “What about?”. And it was far too long. I
would end up... I’'m getting more pleasure out doing
that [elsewhere]. (P2, 1st)

I still think that I’m talking to a machine that doesn’t
really understand what I’m saying. And it’s saying
more like you said. Scripted responses. (P14, 1st)

These accounts suggest that long response gaps and weak
contextual continuity disrupted turn-taking expectations
and reduced the sense of being heard. Such experiences may
reflect constraints across multiple parts of the interaction
pipeline. Participants sometimes compensated by supplying
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their own follow-up responses, indicating that latency could
shift effort from the robot to the user and undermine per-
ceived conversational flow. In the second round, partici-
pants described smoother, more natural exchanges, while
also noting that uneven timing and interruptions persisted:

I think it was more natural, I mean, yeah, there are lots
of reservation(s). (P2, 2nd)

More natural in terms of just all the dynamics and the
speed. But actually the responses that like he [robot]’s
more in context it seems. (P14, 2nd)

The timing was a bit jerky... [ was trying to speak, and
then he interrupted... It’s not a conversation, really.
It’s a question and answering. (P11, 2nd)

Together, these comments indicate that the refinements were
perceived as improving interaction speed and the contextual
fit of responses. However, faster replies did not necessarily
result in smoother turn-taking, as interruptions and uneven
timing could still disrupt the flow and limit perceived con-
versational naturalness. One participant also noted that the
robot often repeated the same fixed phrase at the start of an
exchange, saying “I’m here to help,” which made it feel as
though a new conversation was beginning rather than con-
tinuing from the previous turn.

Overall, the improvements were generally perceived
as enhancing contextual continuity and the smoothness of
exchanges, thereby contributing to greater conversational
naturalness. Nevertheless, participants pointed out that ele-
ments undermining naturalness persisted, including turn-
taking interruptions and the recurrence of fixed or repetitive
phrases.

6.1.2 Depth/ Richness

In the first round, participants described the conversation as
tending to remain on the surface, using terms such as “dip-
lomatic” and “superficial,” and noting that responses could
feel formulaic or “generic”; some also expressed dissatis-
faction with the amount of information provided:

I think it’s very diplomatic.” “I mean, I suppose with
this robot is quite good to have it with you just for a
very superficial conversation. (P9, 1st)

But sometimes his responses are a bit generic, espe-

cially with some of the answers about, you know, ref-
erences to things (P14, 1st)
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It [robot] doesn’t have enough information behind it
for me... I would appreciate something that would
give me any information at any time. (P5, 1st)

Taken together, these comments suggest that the interaction
did not consistently meet participants’ expectations for a
more engaging exchange. In the second round, participants
acknowledged notable improvements in the level of detail
and variety in responses:

He or she (robot) then (at the first round) was very
hesitant, slow to respond and very limited suggestion
and conversation. But this time I’'m quite impressed
because she has suggested a lot of things I could do,
which I didn’t think about and it’s quite, quite, very
logical. (P9, 2nd)

They seem to have much more information available,
which was good. (P13, 2nd)

These comments indicate that participants noticed an
increase in informational content and option generation.
However, improvements in depth tended not to be recog-
nised or valued:

It’s still superficial. That’s why I’m thinking that if we
were drilling down to find out whether it could really
help us make decisions, that’s then becomes more
deeper and we didn’t do that yet. (P14, 2nd)

very superficial” “It doesn’t deep enough. Yeah, but it
gives you a suggestion. It’s quite a lot of suggestions.
(P17, 2nd)

Taken together, these accounts suggest that the interaction
often broadened into multiple suggestions without deepen-
ing around a single topic. Participants speculated that the
reason might be the robot’s lack of knowledge about the
user or inability to access sufficient information to deepen
the conversation:

It doesn’t have access to enough information to be a
conversation. (P5, 2nd)

I think it can only be superficial if it doesn’t know you,
and it cannot read your surroundings or you as a per-
son. (P17, 2nd)

Overall, participants generally perceived the improved
system as providing more varied and detailed responses,
which in some cases enhanced the perceived richness of the
conversation. Nevertheless, the interaction was often still
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viewed as lacking genuine depth, attributing this to insuf-
ficient background knowledge about the user and limited
information available for delivery.

6.1.3 Companionship

In the first round, participants positively perceived the robot
functioning as a conversational partner:

It makes you feel like you’re talking to somebody.
(P1, 1st)

I think it’s all right. It’s like a partner. Like keeping
you busy, keeping you focused. (P3, 1st)

These positive accounts framed companionship primarily as
having someone to talk to and as momentary engagement
during the session. In contrast, other participants evaluated
companionship against a higher relational standard—what
would be required for a genuine companion—and therefore
judged the robot as falling short:

It worries me that it looks a little bit too much like a
toy. (P5, 1st)

I think it was reading the script you programmed: “Oh,
I’m sorry to hear all that.” I mean, that’s sort of typi-
cal psychological talk basically: “Hmm, the situation
wasn’t well.” It’s a machine... It didn’t feel sincere.
Genuine. It didn’t really. (P18, 1st)

These critiques framed companionship as more than func-
tional conversation. Toy-like appearance and scripted-
sounding responses were described as cues of limited
sincerity, making it difficult for some participants to view
the robot as a genuine companion. In the second round, in
contrast, a small set of accounts described a stronger sense
of companion-like connection:

I left feeling a bit, you know, it was just a robot toy
[about the first round]. This is not... get less of a feel-
ing that it’s a toy [about the second round]. (P7, 2nd)

This suggests that improved interaction fluency can, for
some participants, shift the robot from “toy-like” toward a
more acceptable conversational presence. Nevertheless, for
others, the companionship judgment appeared anchored in
whether the robot could demonstrate reciprocity, continuity
of shared history, and a sense of agency, which were not
substantially altered by the technical refinements:

I think I used the word conversation, but it couldn’t
really have a conversation not like human. So, if
I could say I was a person who couldn’t go out and
didn’t have any threats, I don’t think it would be good
enough for me. (P11, 2nd)

I think it more as a tool companion to ask ques-
tions and get responses. There’s no emotion there.
It’s straightforward, which you would expect from a
machine. (P12, 2nd)

It’s like I said, randomised... it’s not real then. With
friends, they already know your history... so what
they’re saying is, you know... (P14, 2nd)

It’s like being in an echo chamber... it will always
agree and say, ‘oh, that’s a good choice.’ A real friend
puts their personality into it... they’ll come up with
some reason why they don’t like something. (P14,
2nd)

In addition, conditional or context-dependent views were
also expressed:

In my current situation, I don’t think I need it, but for
someone that is lonely... The answers you get to your
questions is good. So, I think it would work for some-
one that needed it. (P10, 2nd)

Because a lot of the responses are all the same... If I
had one, I had a Sota and a friend had a Sota... we’re
getting the same responses... it wouldn’t seem as if it
was meeting the need. (P13, 2nd)

Overall, a smaller set of accounts reported a stronger sense
of connection with the robot following the improvements,
describing it as more engaging or more useful as a compan-
ion. Some also acknowledged its potential value for spe-
cific groups, such as individuals experiencing loneliness.
However, the majority of those who had been skeptical in
the first round maintained their negative stance, citing the
robot’s continued lack of emotional reciprocity, shared his-
tory, and individual agency, which they regarded as essen-
tial for genuine companionship.

6.2 Quantitative Analysis

Table 2 summarises the interaction data. In the first round,
the total session time was 450.0 min, with 75.9 min of active
conversation over 27 episodes; in the second round, session
time was 327.5 min, with 79.8 min of active conversation
over 40 episodes. The number of turns per minute during
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Table 2 Interaction data

First round Second round w q r
Session, n 4 4 - -
Conversation episodes, n 27 40 - -
Recorded time, min 450.0 327.5 - -
Interaction time, min 75.9 79.8 - -
Turn-taking, n 141 210 - -
Text exchange with LLM, n 253 336 - -
Response latency, sec 9.8 (5.5) 4.7(0.9) 0 <0.001 0.88
LLM-level latency, sec 1.2 (1.4) 1.0 (0.2) 37 0.064 0.45
DR 0.37 (0.19) 0.07 (0.05) 1 <0.001 0.87

19.9% [13.6-27.4]
0.0% [0.0-2.6]
2.8% [0.8-7.1]
0.0% [0.0-2.6]
0.0% [0.0-2.6]

Turn-taking violation
Repetitive response
Hallucinations

Empty response

Mistaking termination phrase

9.5% [5.9-14.3] - -
1.9% [0.5-4.8] - -
1.4% [0.3-4.1]
0.5% [0.0-2.6] - -
2.4% [0.8-5.5]
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Fig. 3 Participant-level paired changes in response latency and dele-
tion rate. Left-sided panels show participant-level medians for each
round; dots are individual participants and lines connect the same
participant across rounds. Right-sided panels display the paired dif-

active conversation episodes increased from 1.86 to 2.63.
Median response latency at the participant level decreased
markedly from 9.8 s (IQR=5.5) to 4.7 s (IQR=0.9), while
median LLM-level latency changed from 1.2 (1.4) to 1.0
(0.2) sec without significance. Median DR also significantly
decreased from 0.37 (IQR=0.19) to 0.07 (IQR=0.05).
Response latency and DR are visualised by the paired plot
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ferences (Post—Pre) for each participant. The open circle marks the
paired Hodges—Lehmann median difference, and the horizontal bar
indicates its 95% confidence interval; the dashed line at 0 denotes no
change. Negative values indicate reductions (improvements)

(Fig. 3), which shows each participant’s pre—post change
together with the Hodges—Lehmann paired estimates. The
Hodges—Lehmann estimates for post—pre were negative
and their 95% Cls did not cross zero, indicating consistent
reductions across participants. These estimates were based
on 27 and 36 analysable exchanges in the first and second
round, respectively. Technical issues were observed in both
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Table 3 Perceived user experience measures

First round Second round w q r
GQS
Anthropomorphism 29(1.1) 2.9 (0.8) 48.0 0.844 0.02
Animacy 3.2(1.0) 3.3(0.7) 76.5 0.844 0.09
Likability 3.8(0.9) 4.0 (0.8) 44.5 0.656 0.24
Intelligence 3.4(0.8) 3.6(0.9) 60.5 0.656 0.29
Safety 3.9(0.6) 3.9(0.8) 42.0 0.844 0.04
SUS 56.2 (11.4) 66.9 (10.4) 145.0 0.002 0.79
Original questionnaire
Quickness - 4.2 (1.0) - -
Naturalness - 4.1(0.9) - -
Depth/Richness - 3.7(0.8) - -
Satisfaction - 4.1(1.1) - -
Companionship - 3.3 (1.0) - -

rounds, with turn-taking violations most frequent (28 in the
first round; 20 in the second). The rate of turn-taking viola-
tions decreased from 19.9% to 9.5%. Other issues included
repetitive responses (0 vs. 4), hallucinations (4 vs. 3), empty
responses (0 vs. 1), and premature terminations due to
misinterpreted farewell phrases (0 vs. 5). We also provide
episode-level distributions of response latency and DR as
violin plots in Supplementary Fig. S2 to illustrate variability
across individual interactions.

The Mean of GQS subscale scores showed minimal
changes between rounds: Anthropomorphism was 2.9 in
both rounds, Animacy increased slightly from 3.2 in the
first round to 3.3 in the second, Likability from 3.8 to 4.0,
Intelligence from 3.4 to 3.6, and Safety remained at 3.9. No
statistically significant differences were detected for these
measures. In contrast, the mean SUS score improved sig-
nificantly from 56.2 (SD=11.4) in the first round to 66.9
(SD=10.4) in the second (Table 3). Internal consistency of
the adapted SUS was modest in the first round (Cronbach’s
0=0.44) and low in the second round (a.=0.24). Item-level
diagnostics (corrected item—total correlations and alpha-if-
item-deleted) are provided in Supplementary Table S3.

Exploratory Spearman correlations were conducted to
examine whether participant-level changes in log-based
metrics were associated with changes in subjective user
experience (pre-specified six correlations; BH-adjusted
within this set). No statistically reliable associations were
observed between changes in response latency or DR and
changes in SUS, GQS Intelligence, or GQS Likeability (all
q>0.05; Supplementary Table S4).

Supplementary Fig. S3 and S4 provide illustrative
examples of the human-robot dialogue alongside the cor-
responding speech-recognition output and language-model
responses, making speech segmentation and response gen-
eration transparent.

First-round descriptive totals include all 18 participants,
however, the ineligible participant’s data was removed to

calculate response latency, LLM (Large Language Model)-
level latency and Deletion Rate (DR). Conversation epi-
sodes: discrete participant—robot conversation sessions
initiated and completed within the focus group; Turn-
taking: total number of individual speaking turns between
participant and robot; Text exchange with LLM: number of
text messages sent to and received from the LLM. Response
latency: time between the end of the participant’s speech
item and the start of the robot’s verbal response; LLM-level
latency: time between sending a transcribed speech item
to the LLM and receiving the generated text; DR: propor-
tion of user transcript words missing in the speech-to-text
output, calculated as D/N (D=number of missing words,
N=total words in the user transcript). Those three values
are participant-level medians computed within each round
(i.e., for each participant we first took the median across that
participant’s eligible episodes). The table reports the group
median (IQR) across participants of these participant-level
medians. Paired comparisons use the Wilcoxon signed-rank
test; g-values are Benjamini—Hochberg adjusted across the
three paired comparisons reported in Table 2. Q < 0.05
are highlighted in bold to indicate statistical significance.
Effect size r=7/YN (Rosenthal’s r). Turn-taking violation:
instances where the robot interrupted the participant; Repet-
itive response: episodes sequentially repeating sentences
within the same conversation episode; Hallucinations:
factually incorrect statements; Empty response: no LLM
output with a fallback phrase; Misinterpreting termination
phrase: premature conversation end after misinterpreting
phrases such as “see you” or “goodbye” as termination cues.
All event rates are expressed per turn (denominator=total
number of turns in each round) with exact 95% ClIs (Clop-
per—Pearson intervals).

GQS, Godspeed Questionnaire Series; SUS, System
Usability Scale. All p-values were jointly corrected using
the Benjamini—-Hochberg procedure across the six paired
comparisons reported in Table 3; values shown are adjusted
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g-values, with q<0.05 considered significant. R, effect size
(Rosenthal’s r). In the SUS, the word “system” was replaced
with “robot.” GQS scores for each subscale were calculated
as the mean of the item scores within that subscale for each
participant and then averaged across participants; item-level
scores are provided in Supplementary Table S2. SUS scores
were calculated in accordance with the standard method,
taking into account reverse-scored items. The original ques-
tionnaire was a custom five-item scale administered only in
the second round, rated on a 5-point Likert scale (1 =strongly
disagree to 5=strongly agree), with higher scores indicating
a more favourable impression.

7 Discussion
7.1 Summary of Findings and Orientation

This two-round, mixed methods study with commu-
nity-dwelling older people found that participants expe-
rienced smoother, more manageable exchanges after
tightening the conversational mechanics, particularly in
terms of conversational flow and usability. At the same time,
qualitative accounts indicated that limitations in conversa-
tional depth and companionship persisted. Median response
latency roughly halved (from 9.8 to 4.7 s), DR fell (from
0.37 to 0.07), and SUS increased (from 56.2 to 66.9). By
contrast, changes in GQS subscales were minimal, and the
Companionship item of the custom questionnaire averaged
3.3/5. Taken together, these findings suggest that while
conversational fluency at the technical level may have
been achieved, the level of relational readiness remained
insufficient.

7.2 What Changed and Why it Matters: Latency and
ASR as Prerequisites

Most improvement stemmed from streaming ASR/TTS
and revised I/O orchestration, rather than changes in
LLM generation time itself. Reduced deletions eased the
experience of being misheard and supported topical con-
tinuity; turns per minute rose accordingly. This pattern
aligns with prior work showing that real-time dialogue
hinges on tight turn-timing and input/output design, not
only language generation quality [11, 40, 41, 56]. Usabil-
ity ratings (SUS) increased from the first to the second
round; however, given the context-specific wording
adaptation and low internal consistency in our sample,
SUS should be interpreted cautiously and triangulated
with log-based indicators and qualitative accounts. Qual-
itative accounts consistently highlighted long waits and
disrupted turn-taking as key barriers to conversational
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flow. In addition, although recognition errors were not
a dominant topic in participants’ comments, the very
high baseline deletion rate indicates that ASR reliability
was insufficient, and we infer that improving recognition
robustness is a prerequisite for trustworthy, sustainable
dialogue. Overall, these findings suggest that stabilising
latency and ASR is a prerequisite for smoother inter-
action, but further refinements (e.g., reducing button
operations and improving operational simplicity) remain
important for future implementations [11, 56]. Explor-
atory correlations did not show statistically reliable asso-
ciations between participant-level changes in log-based
metrics and changes in questionnaire scores (Supplemen-
tary Table S4), suggesting heterogeneity in how technical
improvements translate into perceived experience.

7.3 Naturalness and Richness Improved, but Depth
and Companionship did Not

Reductions in latency and stabilization of ASR improved
perceived naturalness and usability, yet they did not
translate into clear gains in anthropomorphism or com-
panionship. Across accounts, perceived naturalness was
shaped mainly by interaction coordination (timing, turn-
taking, and continuity across turns), whereas perceived
richness was judged by the specificity and variety of
information and suggestions provided. For example,
participants described the second-round interactions as
“more natural” and “more in context,” but interruptions
and fixed phrase reuse occasionally persisted; the open-
ing phrase “I’m here to help” sometimes made exchanges
feel reset, and therefore discontinuous and less conversa-
tional. Perceived richness increased for some, yet depth
remained limited where user-specific knowledge and rec-
iprocity were lacking. This non-symmetric pattern is con-
sistent with evidence that embodiment and copresence
increase social presence and acceptance [30, 31], while
enhancements in naturalness and usability alone may not
yield relational gains. Although agent proactivity can
help reduce loneliness [23], our primarily user-initiated
design may have limited opportunities for the robot to
re-engage participants, which could have contributed to
the modest gains observed in perceived companionship.
At the same time, our qualitative findings suggest that
durable companionship is more likely to require person-
alization and empathic responses, as suggested by prior
work [16], together with continuity behaviours, such as
referencing prior interactions and calibrated reciprocity,
as emphasised in relational-agent design [65, 66].

Our qualitative accounts help specify what participants
meant by these relational ingredients. Emotional reciproc-
ity was framed as more than polite empathic phrases: some
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participants described scripted-sounding sympathy as lack-
ing sincerity, whereas companionship was associated with
responses that feel contingent and personally meaning-
ful. Shared history was discussed as continuity grounded
in knowing the person over time; participants contrasted
this with responses feeling “randomised,” noting that real
friends “already know your history,” and that such back-
ground shapes what a companion can say. Individual
agency was often inferred from an independent personal-
ity—such as offering non-obvious perspectives or reasons
for disagreement—while consistently agreeable replies
were described as an “echo chamber.” This expectation of
an independent personality was also relevant to perceived
conversational depth, as participants valued responses that
could add non-obvious perspectives or reasons rather than
simply extending a list of agreeable suggestions. Together,
these accounts suggest that improved fluency can make
interaction easier, but companionship judgements remained
anchored in whether the robot could sustain relational con-
tinuity and demonstrate reciprocal, agentive engagement. In
short, basic conversational fluency appears necessary but
insufficient; additional ingredients—shared history, reci-
procity and a sense of agency/independent personality—are
required for relational outcomes.

Embodiment and non-verbal behaviour may also have
shaped interaction quality. Some participants responded
positively to Sota’s gestures and eye/LED cues as contrib-
uting to approachability and engagement, consistent with
prior work highlighting the importance of socially legible
cues such as eye contact/gaze behaviour for acceptability
of companion robots among older people [33]. Our prior
home-based RoBoHoN studies likewise suggest that “cute”
looks and actions can support engagement alongside con-
versational interaction [67]. However, several participants
also described the robot’s toy-like appearance as potentially
undermining the seriousness or social weight of the interac-
tion. At the same time, in a short focus-group setting such
features may primarily affect initial social presence rather
than durable companionship; this further supports evalu-
ating conversational refinements together with systematic
manipulation of non-verbal and embodiment features in
longer deployments.

7.4 Companion or Catalyst? Two Design Strategies

Drawing on participants’ views about whether the robot
felt like a companion, we consider two pragmatic design
strategies for addressing loneliness in older people. These
are not mutually exclusive in principle; however, we
present them as distinct options to clarify mechanisms,
evaluation, and risks.

(A) Companion-oriented design

Mechanisms and requirements. Prioritise continuity of
interaction and a stable consistent conversational style,
with age-attuned error repair and expectation manage-
ment. Personalization and empathic responses are likely
prerequisites for perceived relationship quality [16].
Evaluation. Primary outcomes should eventually be
validated subjective loneliness measures (e.g., UCLA
Loneliness Scale [19]) and related perceptions of social
connection; short-term UX and conversational metrics
can serve as mediators.

Risks. Personalised, long-term operation raises pri-
vacy, misrepresentation, and over-reliance concerns;
LLM-specific risks such as hallucinations and opacity
require calibrated oversight and escalation pathways
[53, 54]. Residual failure modes observed here (rep-
etition, premature termination), indicate the need for
guardrails and monitoring [11, 56].

(B) Catalyst-oriented design

Mechanisms and requirements. Emphasise orches-
tration of human contact—prompts to join activities,
lightweight scheduling or introductions, and family
check-ins—supported by integration with community
services or social prescribing pathways. Evidence from
SARs suggests potential to facilitate social interaction
in care settings, even without rich conversation [26].
Such a design may also help overcome the difficulty of
training and sustaining human providers required for
other non-pharmacological interventions [68].
Evaluation. Treat subjective loneliness and social iso-
lation indices as primary endpoints (e.g., change in
loneliness and perceived social connection), comple-
mented by objective social-contact indicators such as
call/visit frequency or group participation; UX remains
secondary.

Risks. Success depends on the individual and contex-
tual social capacity of the user—including physical
ability, existing relationships, and available social sup-
port. Moreover, prompting greater human contact may,
in some cases, undermine self-esteem or reduce willing-
ness to continue using the robot.

A hybrid stance—companion-like micro-interactions
coexisting with catalyst functions that link people to
people—may be useful in some contexts. The immedi-
ate implication of the present results is that improve-
ments in basic conversational fluency will be the basic
requirements for both routes.
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7.5 Strengths and Limitations

Strengths. First, a within-group, two-round design with
the same community-dwelling older people enabled paired
comparisons while controlling for between-person vari-
ability. Second, we integrated log-level interaction metrics
(latency distributions, DRs, turn-taking violations) with
standardised questionnaires and framework-guided quali-
tative analysis, allowing convergent interpretation. Third,
we identified a clinically relevant asymmetry—naturalness/
usability improved whereas depth/companionship lagged—
which directly informs design trade-offs and outcome
selection.

Limitations. Several constraints affect study interpreta-
tion. (1) Multiple system aspects were changed between
rounds (ASR/TTS, LED cues, synthetic voice, casing), and
network conditions were not standardised across sessions,
limiting causal attribution. (2) Response latencies were cal-
culated for second-turn interactions only; early terminations
and first-turn phenomena were not captured. (3) Session
lengths differed between rounds, which may have affected
opportunity counts; although we emphasised rate-based
indicators (e.g., turns per minute), residual bias is possible.
(4) Our recognition metric focused on deletions only (not
substitutions/insertions); with overlapping speech, this may
understate perceived errors. (5) GQS may be insensitive to
micro-persona changes without embodiment updates. (6)
Given the small sample size and the context-specific word-
ing adaptation with relatively small Cronbach’s alpha, SUS
results should be interpreted as descriptive indicators of per-
ceived usability rather than as a psychometrically validated
measure in this setting. (7) Focus-group opinions are sus-
ceptible to expectations and group dynamics. (8) Repeated
participation and involvement in suggesting improvements
may have introduced familiarity and commitment effects.
(9) Administering SUS/GQS after the group discussion may
have shaped ratings via shared framing; thus, they should
be interpreted as situated evaluations. (10) One ineligible
younger participant was present in the first round; although
excluded from paired analyses, their presence could have
influenced group dynamics in qualitative discussions in the
first round. (11) Participants were active and had relatively
high levels of digital literacy, and sessions were conducted
in a research-facility setting rather than at home; generalis-
ability to less connected or home-use contexts is limited.
(12) We did not examine moderators of response such as
individual differences (e.g., personality traits including the
Big Five, technology familiarity, communication prefer-
ences, and sensory status), and cultural differences in norms
and expectations may further shape interaction preferences
and perceived companionship. Future work could also
examine linguistic markers of relational attribution, such

@ Springer

as shifts in pronoun use when referring to the robot (e.g.,
“it” versus more agentive framing), and how these relate
to perceived companionship, toy-likeness, and processes of
subjectivation over longer deployments. These constraints
motivate factorial/AB designs to disentangle component
effects, longer deployments in real homes, inclusion of
diverse participants, richer ASR metrics, and assessments of
potential moderators such as personality traits and cultural
norms and expectations in future work.

8 Conclusion

In the same participants, pipeline refinements halved median
response latency (from 9.8 to 4.7 s), reduced DR (from 0.37
to 0.07). Perceived usability and conversational naturalness
improved, whereas GQS subscales and perceived compan-
ionship changed little. These findings indicate that conver-
sational mechanics improved whereas relational qualities
did not. Immediate priorities are to remove residual failure
modes (interruptions, fixed-phrase resets, premature termi-
nations), simplify operation, and standardise I/O timing;
in parallel, progress toward companionship will require a
relational layer—consented memory and continuity across
encounters, a stable age-attuned persona, and calibrated rec-
iprocity—so that exchanges accumulate rather than reset.
The next phase should test these adjustments in longer home
deployments and evaluate them with validated loneliness
and social-isolation measures as primary outcomes, using
UX and log metrics as process indicators under explicit
risk controls for LLM-based systems. Taken together, these
steps can move the system from fluent demonstration toward
measurable social benefit for older people.
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