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Abstract

As the global population ages, there is increasing need for accessible
technologies that promote cognitive health and detect early signs of
cognitive decline. This research demonstrates the potential for in-
residence monitoring and assessment of cognitive health using large
language model (LLM)-powered socially assistive robots (SARs). We
conducted a 5-week within-subjects study involving 22 older adults
in retirement homes to investigate the feasibility of LLM-powered
SARs for promoting and assessing cognitive health. We designed
tasks that involved verbal dialogue based on clinically validated
cognitive tools. Our findings reveal improved task performance
after three robot-administered sessions, with significantly more
detailed picture descriptions, fewer word repetitions in semantic
fluency, and reduced need for hints. We found that older adults
were more socially engaged in robot-administered tasks compared
to those administered by a human, and they accepted and were
willing to engage with SARs in this context, which had not been
tested before.
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1 Introduction

The world’s aging population is set to double by 2050 [60]. As a re-
sult, the number of people living with dementia (PLWD) is rapidly
increasing, with 10 million new cases identified each year [88].
Dementia is a public health priority as the leading cause of death
and dependency among older adults worldwide [88]. As the de-
mand for physical and cognitive support for older adults increases,
the growing shortage of long-term care workers is becoming ap-
parent [54]. This shortage places an enormous psychological and
financial burden on families and caregivers who support PLWD in
daily activities [9]. The dramatic demographic shift toward an aging
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population underscores a pressing need for accessible technologies
that can promote cognitive health, support independence at home,
and detect early signs of cognitive deterioration, to facilitate timely
and comprehensive evaluation by medical professionals.

There is a clear need for accessible home-based tools to promote
and monitor cognitive health in elder care. Neuropsychological
tests (NPT) conducted through in-person interviews, such as the
Mini-Mental State Examination (MMSE) [21], remain the primary
method for assessing cognitive functions, including attention, mem-
ory, language, and visuospatial abilities. However, NPT are limited
by clinician availability, are often qualitative in nature, and are
susceptible to errors and high inter-rater variability. Furthermore,
traditional NPT, typically administered in paper-pencil format, can
be effortful, repetitive, and disengaging.

SARs and conversational artificial intelligence (AlI) are recog-
nized for their potential to support aging and dementia care [25, 47,
53]. SARs interact through social and emotional cues, combining
physical embodiment, gestures, facial expressions, and speech to
improve user engagement and rapport compared to disembodied
agents [17, 20]. Extensive past research has demonstrated SARs’ util-
ity in providing home assistance, including medication reminders [8],
cognitive stimulation [83], remote therapy [48], companionship [2],
and daily living support [74], while reducing the caregiver bur-
den [12]. Voice interaction, in particular, offers an intuitive, hands-
free, and natural user interface, promoting usability among older
adults [38] and providing safety in scenarios where voice may be
the only form of communication [45]. When integrated into home
environments, conversational Al can offer proactive verbal support
by responding to safety risks, such as falls or agitation, querying
users to verify health symptoms, and initiating alerts in emergen-
cies [46, 68].

Furthermore, home-based SARs could provide an accessible user
interface for cognitive assessment as a side effect of regular human-
robot interaction (HRI). Recent studies have suggested that col-
lecting speech patterns via mobile applications and voice assis-
tants to detect Alzheimer’s disease (AD) and mild cognitive impair-
ment (MCI) are feasible, often using memory-probing questions
that mimic outpatient consultations [22, 58, 89]. However, there is
a significant gap in research evaluating SARs in real-world settings,
particularly as in-residence tools for cognitive support in elder care.

Moreover, in-home deployment of SARs that record speech raises
ethical privacy concerns. These concerns are prevalent among older
populations and represent a barrier to technology adoption [38].
If not carefully designed with end-user involvement, SARs may
be perceived as intrusive. Therefore, it is essential to conduct user
studies with stakeholders from the earliest HRI design stages to
understand their perceptions and concerns toward facilitating long-
term acceptance, trust, and perceived utility of SARs.

As conversational AI through the use of LLMs continues to
change the landscape of contextual dialogue, integration with SARs
opens new opportunities for human-robot engagement [91]. How-
ever, the ethical implications of deploying these technologies, es-
pecially among older people with cognitive care needs, must be
carefully considered to ensure they contribute positively to their
well-being and independence.
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To investigate the feasibility of using LLM-powered SARs to pro-
mote and assess cognitive health, we conducted a 5-week within-
subjects study in two retirement homes with 22 older adults, en-
compassing individuals with normal aging and those with cognitive
impairment. We designed tasks that involved verbal dialogue based
on clinically validated cognitive tools [11, 26, 36], including picture
descriptions and semantic fluency. To minimize task memorization
by older adult participants, we alternated two variations of each task
between five weekly study sessions and established an individual
baseline through an initial human-administered session. Partici-
pants then engaged in three weekly robot-administered sessions
to mitigate the novelty effect, which leads to initial engagement
but quickly wears off, resulting in decreased interest and changing
attitudes toward robots [44].

Our results show that: 1) older adults accept and are willing to en-
gage with SARs in the context of promoting cognitive health, which
had not been tested before; 2) older adults’ task performance sig-
nificantly improved after the weekly robot-administered sessions,
with more detailed picture descriptions, fewer word repetitions in
semantic fluency, and a reduced need for hints by the administrator
to complete the tasks; 3) older adults were more socially engaged in
verbal cognitive tasks when administered by the robot compared to
those administered by a human; and therefore 4) there is potential
for monitoring and assessing cognitive health using LLM-powered
SARs at home or in other residences.

This work contributes novel insights into the efficacy of LLM-
powered SARs in promoting cognitive health in elder care, as well as
the potential for SARs to provide accessible in-residence cognitive
support. With consistent use, SARs could monitor cognitive health
over time and identify individuals requiring more comprehensive
diagnostic evaluation.

2 Related Work

In this section, we introduce prior work on SARs to support well-
being and independence in elder care. Next, we review previous
studies that have begun to explore SARs in cognitive assessment
scenarios. We then explore recent work on LLMs integrated with
SARs for more natural and engaging interactions. Finally, we iden-
tify the research gaps this work aims to address.

2.1 SARs for Well-being of Older Adults

Previous studies have reviewed the effectiveness of SARs in sup-
porting the well-being and independence of older adults [1, 25, 47,
67, 86]. Particularly, SARs have been validated for use in elder care
contexts with potential to offer social interaction and companion-
ship [2], mental health support [48] assistance with daily living [72],
health monitoring [57], and cognitive support [83]. Furthermore,
prior work reports on their ability to reduce stress and anxiety
among PLWD [63].

SARs offer multimodal interactive features beyond speech, such
as facial expressions, embodiment, and gestures. Their embodi-
ment and social presence enhances engagement and enjoyment in
HRI [17, 37, 87]. For instance, Heerink et al. [27] reported social
presence as a key feature in the design of SARs for older people.
Nishio et al. [55] showed older people were more engaged in dia-
logues with a physically embodied robot than a virtual one.
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Interest in and acceptance of SARs among older adults is increas-
ing [40]. Prior research has highlighted psychosocial support as a
key support function to promote acceptance of SARs among older
populations, both as assistive tools and companions [5]. However,
there is a lack of longitudinal studies due to limited user-friendly,
accessible, and reliable SAR platforms capable of operating au-
tonomously and engaging users in long-term in-home deployments.
In this study, we aim to address such gap by evaluating a SAR for
in-residence cognitive support of older adults.

2.2 SARs for Cognitive Assessment

Few studies have investigated the use of SARs in cognitive health
assessment scenarios, particularly among older populations and
individuals with cognitive impairments. Chang et al. [14] inves-
tigated the feasibility of detecting MCI using SARs in a between-
subjects study with HRI-based memory tasks and standardized
NPT [14]. Similarly, Rossi et al. [73] assessed personality traits via
SAR-administered psychometric questionnaires and Pou-Prom et al.
[64] evaluated a SAR platform for cognitive assessment with 19
seniors diagnosed with AD in picture description tasks, comparing
interactions with a human administrator. That study focused on mis-
communication and linguistic analysis from manual annotations,
finding that richer HRI occurred with individuals with milder cogni-
tive impairment. Additionally, participants had longer interactions
and used a broader vocabulary with the human administrator com-
pared to the robot. The authors also identified significant variations
in word and sequence length across different levels of cognitive im-
pairment, which were consistent in interactions with both human
and robot administrators.

While these studies suggest the potential of SARs for cognitive
support, further user studies are needed in real-world settings with
larger and more diverse cohorts. Moreover, challenges related to
speech recognition and HRI dialogue flexibility have not been fully
addressed, particularly within elder care. Our study aims to address
these gaps by evaluating the feasibility of an LLM-powered SAR to
promote cognitive health through a 5-week, in-residence study. We
recruited a diverse and multilingual cohort of older adults who com-
pleted cognitive tasks based on clinically validated tools through
human-robot verbal dialogue in English or Spanish.

2.3 LLMs for Human-Robot Engagement

LLMs are transformer-based models, such as BERT [18] and Ope-
nAl’s GPT [70], trained on large datasets to perform natural lan-
guage processing (NLP) tasks, including question answering, trans-
lation, summarization, and content generation [84]. Recent devel-
opments in LLMs have unlocked opportunities for open dialogue
and HRI [91]. LLM-powered robots have elicited increased trust in
collaborative tasks with humans due to their ability to facilitate
more intuitive and natural language interactions [91]. However, the
use of LLMs for engaging home-based cognitive assessment and
monitoring with conversational agents has not yet been explored.

In elder care, LLM-powered SARs have the potential to provide
emotional support and promote cognitive health through more
effective human-robot engagement [31], although only a few stud-
ies have utilized LLMs for this purpose. For instance, Yang et al.
[90] developed a phone-based LLM-powered chatbot, Talk2Care,
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to collect health information from older adults and generate a sum-
mary for their healthcare provider. They found that the voice agent
collected more detailed information than a voice recording with
less effort from the provider. This study suggested how LLMs can
be useful for gathering health information from older adults in an
engaging way, but the system was designed to replace provider
voicemail systems and was not evaluated for health monitoring.
Furthermore, Jo et al. [35] developed CareCall, an LLM-powered
chatbot designed to support socially isolated individuals through
weekly 2-3 minute phone conversations about the user’s health.
They deployed the system among adults aged 50-60 and found
that the calls helped mitigate loneliness. While the system proved
beneficial for emotional support, the study highlighted significant
challenges in maintaining long-term engagement and supporting
individual health needs due to limited personalization. The lack
of multilingual LLMs is another factor that limits personalization
of interactions, as most models are English-only. In this work, we
evaluated an LLM-powered SAR to promote cognitive health in
elder care within residential settings in a longitudinal study with
both English and Spanish speakers.

LLMs have also shown potential in building rapport with users
and sustain therapeutic conversations [43, 49, 51]. Early evidence
suggests that LLM-based interactions may reduce symptoms of de-
pression, anxiety, and stress [59]. For instance, a chatbot trained on
domain-specific health data to engage in mental health assessments
has been shown to ask more detailed questions about symptoms
such as sleep disturbances than human psychiatrists [13]. Despite
their increased promise, the integration of LLMs into clinical and
care settings remains in its early stages.

Using LLMs in sensitive environments, such as in elder care,
involves significant risks, including the potential for disinformation.
Research has shown that while LLMs are effective communicators,
they can generate inaccurate or biased information, often without
transparency [30]. To ensure that LLM-powered SARs enhance the
independence and well-being of older adults, it is essential to verify
their output for accuracy and safety.

3 Methods

We aimed to answer the following research questions:

e RQ1: Are LLM-powered SARs viable tools for engaging older
adults in interactive tasks that promote cognitive health?

e RQ2: How does task performance change in a cognitive task
after three weekly robot-administered sessions?

e RQ3: Do older adults accept a SAR that administers cognitive
tasks?

e RQ4: What are the perceptions and experiences of older
adults who interact with a SAR in this context?

We conducted a 5-week within-subjects study that aimed to explore
the feasibility of SARs in promoting and assessing cognitive health
in elder care. In this section, we present details on the conversational
SAR platform used, the interaction design, older adult participants,
data collection and analysis.

3.1 Conversational SAR

We used the updated version of the inexpensive Blossom robot,
an open-source, 3D-printed platform [78] with a gray crocheted
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exterior, to create a simple and engaging appearance. We chose a
female voice from Unreal Speech text-to-speech (TTS) API [80] that
allowed us to select appropriate speech speed and pitch parameters
to enhance engagement and robot speech clarity for older adults.
Our system implementation consisted of speech-to-text (STT), LLM-
generated responses, Blossom behavior, and TTS, as illustrated in
Figure 1.

3.1.1  Study Setup. The study setup, shown in Figure 2, consisted
of a Blossom robot, a Raspberry Pi 4 computer that controlled the
robot’s movement, an external speaker and microphone for verbal
interaction, a monitor to display the picture used in one of the
cognitive tasks, a webcam to video record the sessions, a laptop to
run the main program that integrates the verbal tasks with robot
behavior, and an eye gaze tracker.

3.1.2  Robot Behavior. We designed a set of idle motions to enhance
user engagement with the robot. We implemented all idle motions
as actuations for each of Blossom’s four motors to manually selected
goal positions, as described in previous work [56]. These include
different sequences of sighing, posture sways, and gaze shifts that
were designed to avoid distracting behaviors. We synchronized the
length of the robot’s motion sequences with its speech duration to
promote natural and engaging interactions. We used an Amazon
Web Services (AWS) server to securely activate robot behavior for
the selected motion sequence.

3.2 Interaction Design

Here, we describe the two cognitive tasks, the LLM prompt designed
for verbal dialogue in robot-administered tasks, and the moderator
used as a pilot safety mechanism to check the quality of LLM-
generated responses.

3.2.1 Interactive Cognitive Tasks. We implemented two interactive
tasks based on clinically validated cognitive tools [11, 26, 36]:

o Picture description. The robot explains the activity and gives
participants time to describe a picture displayed on the mon-
itor (referred to as the first attempt). If the participant pauses
for a long time (> 7 seconds) after this first attempt, the ro-
bot provides hints, guiding attention to areas of the picture
that have not been mentioned, based on predefined areas of
interest (detailed in Section 3.2.2).

e Semantic fluency. The robot asks the participant to name as
many items as possible within a given category (e.g., animals
or fruits, depending on the session) in one minute, following
standard test procedures. After this initial minute, if pauses
(> 4 seconds) are detected in the participant’s speech, the
robot provides hints about words not yet mentioned, based
on predefined groups of animals or fruits (see Section 3.2.2).

Both tasks were designed to last up to five minutes, at which point
the robot ended the interaction. The duration of each task was
based on the typical duration of the task in a clinical setting, with
additional time for interactive hints. We selected brief tasks to
minimize participant fatigue. The robot-administered picture de-
scription tasks had an average duration of 4.9 minutes across the
cohort, while the semantic fluency task averaged 5.2 minutes.

We designed interactions with motivational techniques (praise,
positive feedback, and encouragement) as in previous work [19].
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The robot praised the user with encouraging comments in response
to their picture descriptions and the words recalled during the
semantic task. The first and last study sessions, administered by a
researcher, adhered to the same structure, using praise and hints
similar to those used by the robot.

3.22  LLM Prompt Design. We designed two prompts for each task
that were used as input to the OpenAI’s GPT-40 model to generate
contextualized and engaging responses during the interactive cog-
nitive tasks in both English and Spanish. Each prompt was designed
with key elements: the role of the LLM as a SAR, the target user
demographic, the interaction context, the tone, the guidelines for
initiating the interaction, the structure of the generated response
with praise and hints, methods to clarify misunderstandings, the
groups for hints, and the criteria for recognizing the end of the task
(i.e., when all groups were covered or when explicitly expressed by
the user). For the picture description task, the hints included five
predefined areas or actions to describe. In the semantic fluency task,
hints featured six predefined animal groups or seven fruit groups.
The prompts were refined iteratively through in-lab pilot testing
to ensure the reliability of generated responses. The LLM prompts
and parameters used for both English and Spanish sessions, and
the predefined groups used for hints are provided in Appendix A.1.

3.2.3 LLM-Driven Moderator. In addition to human-in-the-loop
monitoring of HRI during the tasks, we designed an Al-driven mod-
erator program as a preventive measure to ensure the quality of
LLM-generated responses in our study. The moderator reviewed
each generated response along with the preceding interaction con-
text, filtering out any potentially problematic statements before the
final response was converted into speech. The moderator prompt
for GPT-40 was designed to output a simple "yes" or "no" (see
Appendix A.2). If the moderator detected a response outside the
desired context, it first regenerated the response. If the regenerated
response fell outside acceptable parameters, the system automati-
cally terminated the interaction. While no problematic instances
occurred during our in-residence HRI experiments, we implemented
the moderator as a pilot safety mechanism. The moderator provided
real-time feedback to the researcher overseeing the HRI, who could
review the moderator’s decisions for potential false positives and
intervene to stop the program if necessary.

3.3 User Study in Retirement Homes

We describe the user study conducted in two retirement homes,
including our cohort of participants, the within-subject study design
of five weekly sessions, and the procedure followed in each session.
We then detail data collection and analysis methods.

3.3.1 Participants and Setting. Our study involved 22 participants
aged 65 and older (mean age = 76.2, SD = 8) who lived in retirement
homes in Los Angeles, CA. In order to better represent the popula-
tion of older adults in the region, we recruited participants fluent in
English (64%) or Spanish (36%). All study materials, including the
consent form, questionnaires, and all interactions, were adapted to
the participants’ preferred language. The study excluded those who
were unable to consent to the study information sheet or had im-
pairments that precluded hearing or seeing the robot. Participants
(13 females, 9 males) self-reported their races and ethnicities: 14
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Figure 1: System implementation of an LLM-powered SAR administering cognitive tasks through verbal dialogue.

Figure 2: Experimental setup with a participant interacting
with Blossom during a picture description task.

African-American, 7 white, 8 Hispanic Latino; 1 participant did not
disclose. Participants completed the MMSE to assess their baseline
cognitive abilities across five standardized domains: orientation,
registration, attention and calculation, recall, and language (mean
=24.9, SD = 3.9). The participants could be classified into two cog-
nitive groups: those experiencing normal aging (N = 8) and those
with mild to moderate cognitive impairment (N = 14), using an
MMSE cutoff of 26 as suggested in prior work [75]. Participants had
varying levels of education (mean years = 10.5, SD = 4.9). Only two
participants had some experience with robotics or Al, including
the use of Amazon Alexa smart speaker, while the majority had
no experience (N = 5) or very little experience (N = 15) with such
technologies. Participants were compensated with a USD$50 gift
card upon completing the study.

3.3.2  Study Design. To explore the research questions outlined
in Section 3, we conducted a 5-week within-subjects study. Each
session was followed by a one-week washout period. Due to health

circumstances, some participants were unable to attend their ses-
sions as scheduled. For those individuals, the average washout
period was five days.

During each session, participants engaged in one picture de-
scription task and one semantic fluency task. To minimize task
memorization, we alternated between two variations of each cog-
nitive task, such that the first and last sessions utilized the same
task variation, as illustrated in Figure 3. In the picture description
task, participants described either the Cookie Theft picture from
the Boston Diagnostic Aphasia Examination (BDAE) [26] or the
Picnic Scene from the Western Aphasia Battery-Revised [36] (see
Appendix A.3). The semantic fluency task, based on the Adden-
brooke’s Cognitive Examination [11], involved animals and fruits
as categories. To ensure consistency and comparability of data,
both human- and robot-administered sessions followed the same
structure.

To establish an individual baseline, Session 1 was administered
by a researcher. We used this baseline to address RQ2 (see Section 3)
regarding task performance after three weekly robot-administered
sessions. Our study included three consecutive robot-administered
sessions to overcome the novelty effect, allowing participants to
become familiar with Blossom. Additionally, at the end of the last
robot-administered session, participants had the option to engage
in an open dialogue with the robot on topics of their choice or those
suggested by Blossom, which were unrelated to the cognitive tasks.
This optional open dialogue had a predefined maximum duration
of five minutes, after which the robot ended the interaction. The
final session (Session 5) was administered by a researcher, allowing
a direct comparison of performance and user perceptions of the
system to those from the initial session.

3.3.3  Procedure. The study was approved by the University of
Southern California Institutional Review Board (IRB UP-24-00154).
Before the first session, each participant met with a researcher to
review the informed consent form and receive a detailed explana-
tion of the study. Upon providing informed consent and having
the opportunity to ask questions, participants completed the Big
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Figure 3: The within-subjects study design consisted of five sessions: two alternating versions of each cognitive task (V1 and
V2), an initial session administered by the researcher used as a baseline, followed by three weekly robot sessions, and a final

session conducted by the researcher.

Five Inventory (BFI) [71] and reported demographic information
including age, gender, race, ethnicity, income, and highest level of
education.

Each session lasted approximately 45 minutes. The two human-
administered sessions included a brief introduction to the session,
the two interactive cognitive tasks, and a follow-up semi-structured
interview. The three robot-administered sessions included addi-
tional questionnaires, completed with the assistance of a researcher,
to assess perceived system usability and robot acceptance (see Sec-
tion 3.3.4). During the semi-structured interview, the researcher
allowed time for open-ended responses, allowing participants to
express their feedback about the session and the robot.

In the robot-administered sessions, we implemented priming
to familiarize participants with Blossom, leveraging robot agency.
Specifically, the robot introduced its interactive capabilities, draw-
ing attention to the motor sounds and the time required for speech
processing. We designed this priming phase to reduce the novelty
effect [44] and prevent emotional deception [85], ensuring that
participants were not interacting with the robot for the first time
without prior exposure. By doing so, we aimed to create a more
consistent HRI experience, allowing participants to focus on the
tasks with minimal distractions due to absolute novelty of the ex-
periment setup. We also used this pre-recorded robot priming to
adjust the robot’s speech volume before the tasks.

3.3.4 Data Collection. We collected quantitative data from task
performance and questionnaires and qualitative data from inter-
views. We note that this study does not focus on the eye gaze data
collected.

BFIL As part of the pre-study survey, participants completed
the widely used BFI [71], which measures five personality traits:
extraversion, agreeableness, conscientiousness, neuroticism, and open-
ness to experience. To make the process more accessible for older
adults, we administered the 10-item short version of the BFI, rated
on a 5-point Likert scale.

MMSE. In the final session, we administered the MMSE to assess
cognitive function across five domains: orientation, registration,
attention and calculation, recall, and language. We chose the MMSE
tool because it is shorter to administer than other cognitive tools
(e.g., the Montreal Cognitive Assessment (MoCA) [32]) and makes

the speech data collected comparable with benchmark Dementia-
Bank datasets, which use MMSE scores as labels, enabling future
predictive analysis.

SUS. After each robot-administered session, participants com-
pleted the 10-item System Usability Scale (SUS) [10], adapted for
older adults and cognitively impaired users [29]. The SUS is scored
out of 100 and rated on a 5-point Likert scale to evaluate system
usability.

Robot Acceptance. Participants also completed a 14-item robot
acceptance questionnaire tailored for SARs in elder care [28]. The
questionnaire evaluates attitudes towards robots over five con-
structs: sociability, enjoyment, usefulness, anxiety, and trust, each
rated on a 5-point Likert scale.

Interviews. Each session concluded with a semi-structured inter-
view using a guide developed iteratively by the research team. The
interview covered the participant’s experience, comfort, enjoyment,
preferences between robot and human-administered sessions, sug-
gestions for robot improvements, and willingness to engage with
the robot in the future.

Recordings. Sessions were audio- and video-recorded with con-
sent for post-experiment analysis.

3.3.5 Data Analysis. Audio recordings of the cognitive tasks were
segmented and transcribed with speech diarization techniques and
OpenAT's Whisper speech recognition model [69], then verified for
correctness by two researchers.

Statistical Analysis. The Shapiro-Wilk test was used to verify the
normality of the dependent variables, determining if a parametric
or nonparametric version of the test is appropriate. We performed
paired Wilcoxon signed-rank tests to evaluate various task per-
formance metrics and paired t-tests to compare SUS scores in the
first and last study sessions. We also calculated Spearman’s rank
correlation to assess the relationships between task performance
and MMSE scores, robot acceptance and personality traits, as well
as robot acceptance and MMSE scores. We adjusted significance
levels with Benjamini-Hochberg false discovery rate (FDR).

Thematic Analysis. Audio and video recordings of the interviews
were transcribed complementary to on-site notes from a researcher.
We conducted a thematic analysis following the steps outlined
by Braun and Clarke [7] to identify recurring themes. We counted
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how often each theme appeared in the transcripts to understand
its prevalence, similar to the approach used in [4, 23, 42, 65, 81, 82].
First, two coders independently reviewed the interview data to
familiarize themselves with its content. Following an inductive
approach, the two coders independently developed a preliminary
list of codes, then met to discuss their individual findings, identify
emerging candidate themes, and create a unified codebook [7, 61].
The coders reviewed the interview transcripts, coding each sentence
according to the unified codebook with inter-rater reliability (Co-
hen’s k = 0.78, indicating substantial agreement [16]). Finally, the
candidate themes were refined into a structured set of themes and
subthemes. The resulting themes, subthemes, and their frequencies
are presented in Tables 2, 3, and 4.

3.4 Linguistic Analysis of Cognitive Tasks

We outline the features extracted from the transcripts of the picture
description and semantic fluency tasks, which were used to analyze
task performance over the five study sessions, addressing RQ2 (see
Section 3). To further examine verbal engagement, three researchers
annotated social comments made by participants beyond the tasks
(e.g., sharing thoughts or personal experiences).

3.4.1  Picture Description Task. We extracted several features at the
utterance level to assess:

o Detail. The level of detail in the first attempt (i.e., without
hints, as described in Section 3.2.1), by counting the number
of predefined areas/actions mentioned.

e Words. The total word count on the first attempt.

e Hints. The number of times the administrator provided hints
to help the participant complete the task and elicit more
details.

o Completeness. We used token embeddings to represent the
pre-processed transcripts.! We compared participants’ tran-
scripts to a baseline generated by GPT-40,? calculating co-
sine similarity between the pooled embeddings of both tran-
scripts to assess how closely participants’ descriptions were
to the baseline. We hypothesized that higher similarity scores
would indicate more semantically complete descriptions.

o Use of language: we extracted various lexical features to
assess lexical diversity, the proportion of nouns, pronouns,
verbs, and adjectives in participants’ first attempt describing
the picture (see details in Appendix B).

3.4.2  Semantic Fluency Task. We extracted the following linguistic
features from the semantic task:

o Unique correct words. The number of unique animals or fruits
named (depending on the task version; see Figure 3) within
one minute during the first attempt.

e Hints. The number of times the administrator provided hints
for additional words within the predefined categories to help
the participant complete the task.

'We used the Multilingual-E5-large-instruct model from Hugging Face due to its supe-
rior performance on multilingual datasets compared to other models tested: OpenAI’s
GPT embeddings and E5-mistral-7b-instruct. The token embeddings were averaged
(mean pooling) to create a single vector representation for each transcript.

2The GPT baseline covers all predefined picture areas and actions relevant to the task,
which was verified for correctness by two researchers.

CHI ’25, April 26-May 01, 2025, Yokohama, Japan

o Repetitions. The number of task-relevant words repeated
during the entire task.

4 Results

In this section, we first report findings on task performance after
robot-administered sessions (RQ2). Next, we compare social engage-
ment in robot- and human-administered cognitive tasks. We then
present results on perceived usability and robot acceptance from
questionnaires (RQ3). Finally, we report the key themes from the
interviews that explore older adults’ perceptions and experiences
interacting with a SAR for promoting cognitive health (RQ4).

4.1 Task Performance

4.1.1 Performance After Three Weekly Robot Sessions. We com-
pared task performance on the same cognitive tasks in the first
(Session 1) and last (Session 5) weekly study sessions using the
paired Wilcoxon signed-rank test, considering independent linguis-
tic features. To control for potential confounds, the same versions
of the picture description and semantic fluency tasks were given by
the same human administrator in Sessions 1 and 5. We used the first
session as an individual baseline for how participants described the
Cookie Theft picture and the number of animals mentioned in the
semantic fluency task.

We found a significant increase in task performance across the
cohort after the three robot-administered sessions. Specifically, in
the picture description task, participants provided significantly
more detailed descriptions in Session 5, as indicated by the number
of picture areas and actions described in the first attempt, i.e., with-
out hints (W = 10, p < .01%). They also used a significantly higher
number of words in their descriptions (W = 18.5, p < .001***), and
required fewer hints by the administrator to complete the task (W
=0, p < .001***), as shown in Figure 4a. Additionally, when com-
paring with a GPT-generated baseline (detailed in Section 3.3.5),
we found participants’ verbal descriptions were semantically more
complete in Session 5 compared to Session 1 (W = 2.5, p < .001**¥).
The analysis of lexical features revealed a significant improvement
in lexical diversity across the cohort in Session 5 (W = 33, p < .01),
indicating a less repetitive and more varied use of vocabulary (see
Table 10 in Appendix B).

In the semantic fluency task, participants needed significantly
fewer hints by the administrator to complete the task in Session 5
(W =6, p < .01™) and expressed fewer repetitions of task-relevant
words (W = 26.5, p <.01*), as shown in Figure 4b. Furthermore, par-
ticipants recalled more unique task-relevant words (i.e., animals) in
the last session, although this increase was not significant. Overall,
task performance improvements after repeated robot-administered
sessions support our primary goal of evaluating the feasibility of
SARs for promoting cognitive health through verbal dialogue based
on clinically validated tools.

4.1.2  Correlation with Cognitive Skills. We assessed the relation-
ship between participants’ cognitive skills, as measured by MMSE,
and their performance in the interactive cognitive tasks in the
last session. We calculated Spearman’s rank correlation using the
linguistic features selected (see Figure 4). The analysis revealed a
moderate positive correlation between the number of unique task-
relevant words on the semantic fluency task and MMSE scores (r =


https://huggingface.co/intfloat/multilingual-e5-large-instruct
https://platform.openai.com/docs/guides/embeddings/
https://platform.openai.com/docs/guides/embeddings/
https://huggingface.co/intfloat/e5-mistral-7b-instruct
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Figure 4: Task performance comparison between the first and last study sessions across the cohort for a) the picture description

task; and b) the semantic fluency task.

Table 1: Demographics and number of animals named in the
semantic fluency task in the first (Session 1) and last (Session
5) study sessions for the two cognitive groups — normal aging
and cognitive impairment — presented as mean (standard
deviation).

Normal Aging Cognitive Impairment

(N =38) (N =14)
MMSE 28.8 (1) 22.7 (3)
Age 74 (5.9) 77.4 (8.9)
Sex (% male) 25% 50%
Education 114 (5.2) 10.1 (4.8)
Animals Session 1 17.3 (4.7) 13.5 (6.2)
Animals Session 5 18.3 (6.1) 16.1 (8)
Normative [15, 66] 18-21 8-15

0.5, p < .05), meaning participants with higher cognitive abilities
mentioned more unique animals in one minute. Specifically, par-
ticipants experiencing normal aging (MMSE > 26 [75]) named an
average of 20.6 unique animals (SD = 6.6), compared to 17.4 (SD =
9.5) animals recalled by individuals with cognitive impairment (see
Table 1). Notably, these values were higher than those obtained in
the first study session for both cognitive groups. These findings
align with normative data® for different age groups [15, 66], as
well as recent psychology research suggesting the predictive value
of verbal semantic fluency tests in screening early dementia [52].
Spearman’s correlation between participants’ cognitive skills and
lexical features showed no significance (see Appendix B).
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Figure 5: Number of verbal social comments during the last
robot-administered (Session 4) and researcher-administered
(Session 5) study sessions across the cohort.

4.2 Verbal Engagement

To eliminate absolute novelty, we compared the number of social
comments participants made beyond the task (e.g., sharing thoughts
or personal experiences) in the last robot and human sessions to con-
sider overall engagement after participants became familiar with
the robot. We measured social engagement per session by count-
ing social comments in both the picture description and semantic
fluency tasks. We found that social engagement was significantly
higher in cognitive health-promoting tasks administered by the
robot (W = 44.5, p < .05), as shown in Figure 5. Specifically, partic-
ipants verbally engaged with Blossom beyond the task in Session 4
an average of 4.1 times (SD = 4.4) compared to 2.3 times (SD = 3.2)

3Note that we compare the normative data with the number of animals named in
Session 1, where there was no risk of learning or memorizing the task.
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in Session 5 with the researcher. For instance, a participant com-
mented on the picture and recalled their young age while talking
with Blossom, “Oh that a... that’s a beautiful scene there. I remember
the time when I was young [...]” (P7, S4), and another shared their
shopping routine during the naming fruits fluency task, “Uh...I- I
can remember all them when I go to the store, I see them, I go right
on to them and I pick them up when I- I go” (P13, S2).

4.3 Perceived Usability and Robot Acceptance

We evaluated how perceived usability evolved over the three weekly
robot-administered sessions. In the first robot-administered session,
participants gave the robot a mean SUS score of 80.7, indicating
“Good” usability. In the subsequent sessions, the SUS scores in-
creased above 85.6, indicating “Excellent” usability [6]. We found
that older adults rated the robot as increasingly easy to use over
time, even after the initial novelty wore off. A paired t-test revealed
a significant increase in SUS scores from the first to the last robot-
administered session with a large effect size (¢(21) = -3.7, p < .05,
Cohen’s d = 0.8).

Participants also completed a post-trial robot acceptance ques-
tionnaire. The acceptance scores for each session are provided in
Appendix C. Overall, mean scores of 4.7 for enjoyment were the
highest and consistent across all robot-administered sessions, indi-
cating that participants found the interaction fun and engaging—an
idea reinforced by the perspectives they shared in semi-structured
interviews (see Section 4.4). The portion of participants who rated
their feeling of anxiety as "strongly disagree" increased from 72.7%
in the first robot-administered session to 87.8% in the final robot-
administered session (Figure 6), suggesting that participants became
more comfortable with HRI over time. Similar trends were observed
in sociability or perception of the robot as pleasant, nice, and under-
standing (percentage of "strongly agree" ratings in Session 2: 65.2%,
Session 4: 71.2%). Usefulness scores also increased across sessions
(percentage of "strongly agree" ratings in Session 2: 51.2%, Session
4: 57.6%). While mean scores for trust were lower, ranging from
3.5 to 3.7, participants reported higher trust in the robot over time
(percentage of "agree" ratings in Session 2: 13.6%, Session 4: 25%).

Additionally, to explore the relationship between cognitive abil-
ities and robot acceptance, we computed Spearman’s correlation
between MMSE scores and robot acceptance ratings. This analysis
revealed a moderate negative correlation between MMSE scores
and trust (r = -0.5, p < .05), suggesting that participants with higher
cognitive scores tended to have lower trust in the system. This
trend may be due to greater awareness of privacy concerns with Al
technology. Spearman’s correlation results between participants’
BFI personality traits and robot acceptance showed no significance
(see Tables 12, 13 in Appendix C).

4.4 User Experience in Robot-Administered
Cognitive Tasks

In this section, we report the themes that emerged from the inter-
views throughout the study. We found that participants’ responses
most commonly related to the robot’s effect on their cognitive abili-
ties, their perceptions of the robot and interaction experience, their
motivations to use the robot, and whether they would be likely to
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Table 2: Perceived ability to focus and promote cognitive
health.

Statement Users
Helps with memory retention 12 (55%)
Enhances thinking 19 (86%)
Increases attention to the cognitive tasks and sur- 12 (55%)
roundings in daily living

Helps with learning new information or skills 10 (45%)

continue using it over time. Tables 2, 3, and 4 list all sub-themes
and their frequencies.*

4.4.1 Increased Ability to Focus and Promote Cognitive Health. Par-
ticipants frequently reported experiencing cognitive benefits from
interacting with Blossom. The recurring themes from their feedback
are listed in Table 2. Participants (N=12) reported that interacting
with Blossom improved their memory recall. P19 stated, "It’s ben-
eficial for me mentally; I sometimes forget things, and that’s where
the robot would come in" (S3). Most participants (N=18) expressed
that completing the tasks with Blossom enhanced their thinking
ability by challenging them to work their brains. For example, P12
reported benefiting from answering Blossom’s questions about ani-
mals in the semantic fluency task: "[...] she getting me to think more.
Stuff like that is good for my brain" (S3). P9 found that they were
"a little confused about some of the things Blossom mentioned, but
that’s good because it made me think, and I think that machines are
supposed to help you focus and think" (S4).

Participants (N=12) found that completing the picture description
task with Blossom improved their awareness of their surroundings
and ability to focus on details in their everyday lives. P9 explained
their thought process during the activity: "You may think you fo-
cused, you know, but sometimes you not focused. [...] Even with
me looking straight at the picture, I still didn’t see everything" (S2).
Several participants noted that their attention to small details in
their everyday lives improved after interacting with Blossom: "It
makes me more alert" (P23, S2); "It’s beneficial for me, [it helps me]
notice more details, be more observant" (P19, S4). Finally, participants
(N=10) reported learning new information when interacting with
Blossom. P22 stated, "I enjoy it; every day I talk with the robot, I learn
more about culture" (S4), and P9 reported that "[...] to me, has been a
learning session" (S5).

4.4.2  Experience Interacting with Blossom. Table 3 lists the com-
mon themes from participants’ feedback about their experience
interacting with the robot, perceptions of the robot, and sugges-
tions to improve it. Participants praised Blossom’s appearance and
features but were critical of the robot’s complexity and ability to
communicate clearly and efficiently. Half of the participants (N=11)
described Blossom as cute or friendly, comparing it to a toy with
more advanced capabilities: "Blossom was just like a talking toy" (P10,
S2). More than half of the participants (N=14) described Blossom’s
voice as "understandable, clear" (P24, S2). P2 and P5 complimented

“Note that all participant quotes have been translated to English for presentation in
this section.
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Figure 6: Results from acceptance questionnaires in the first (S2) and last (S4) robot-administered sessions.

its volume (P5, S2), cadence, and calming quality (P2, S4). Partici-
pants (N=5) also liked Blossom’s movements.

All but one participant (N=21) described the interaction with
Blossom as enjoyable. They commonly attributed their excitement
to the robot’s novelty (“Because I have not seen any robot like this in
my life. And the way it talks to me was different and kind of funny.
And 1 like it” (P16, S4), Blossom’s responsiveness, and the thought-
provoking nature of the tasks. They particularly enjoyed Blossom’s
ability to provide information, facilitate their comprehension, and
converse; P7 stated, “I enjoy when [Blossom]’s here ‘cause he knows
more things than I do. A lot of fun talking, listening, and saying
things” (S3).

Despite enjoying the interactions with Blossom, many (N=10)
felt they would not have the technical skills or training to oper-
ate the robot alone. For example, P7 said, "Personally [by] myself T
wouldn’t know how to operate" (S4). Some suggested that they could
operate the robot independently with enough training and practice:
"I need guidance, help at the beginning to start learning and gain prac-
tice" (P20, S5). Upon inquiry, all participants affirmed that they felt
comfortable interacting with Blossom or had become comfortable
over the course of the study, with some even forming an emotional
attachment: "Today, [I felt] more confident with the robot, it’s like
we’re friends now" (P24, S4). Conversely, some participants (N=5)
expressed anxiety and nervousness during the interactions due to
their skepticism of technology and the duration of the exercises:
“Sometimes I was not very comfortable. I didn’t know what else to say
[about the picture]” (P22, S3).

Participants found that although they were initially skeptical of
Blossom and Al they became more comfortable in general as the
sessions progressed: “At first, I was a little shy about dealing with
her, with Blossom, and I would’ve preferred [the human administra-
tor], but now it just doesn’t make a difference” (P2, S4); “Al was like
frightening for me at first because of the things I was seeing on social
media, but now [...] I'm more comfortable” (P2, S4). One participant
who had an Alexa smart speaker also reported feeling more com-
fortable exploring a broader range of its applications after their
HRI experience with Blossom.

Participants (N=8) appreciated how Blossom’s communication
was "clear, precise" (P18, S3) and "straight to the point" (P14, S2).
Conversely, other participants (N=6) reported facing challenges
communicating with Blossom, recalling times that they didn’t un-
derstand the robot or the robot misunderstood them, "I don’t think
the robot can understand feelings. I can’t see that it understands me."
(P4, S3). In addition, participants (N=6) noted the latency in Blos-
som’s responses. They expressed frustration when the expected
response was significantly delayed or failed to appear: “I'm im-
patient when I'm talking to someone [... | she’s too slow” (P12, S2).
Participants also interpreted Blossom’s slow response time as indif-
ference, assuming that “it’s not interested in my question” (P23, S2)
or that “it lacks thought” (P17, S4).

During the two interactive cognitive tasks, Blossom provided
hints. Most participants (N=16) reported that the hints improved
their focus, memory, and observation, "It made me see what I wasn’t
seeing [in the picture] and remember things" (P21, S4). In contrast,
some participants (N=6) who found Blossom unhelpful during the
tasks stated that they could have completed the task independently
and that the hints provided by the robot were too vague: “He didn’t
say look over here, look over there" (P6, S3). For the semantic task, par-
ticipants suggested that hints focused on specific fruits or animals
would have been more useful than broad categories.

4.4.3 Suggested Improvements. Participants provided various sug-
gestions for Blossom’s conversational abilities. The most common
(N=7) was to make Blossom more interactive by enabling two-way
open conversations (“I'd like to kind of ask her questions” (P2, S3)),
expanding topic variety, and extending interaction duration. P9
explained, “If [Blossom’s vocabulary] was wider or better, it would
be even more entertaining” (S5). Some participants (N=3) suggested
personalizing Blossom to engage in conversations tailored to their
interests and “fit to [their] personality” (P4, S2). P9 stated that per-
sonalizing the dialogue would increase user comfort “because you
would engage with it more, and it would put your mind into ease” (S4).
P4 was concerned that without personalized knowledge of their
unique health history, Blossom may provide inaccurate healthcare
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Table 3: HRI experience, perceptions of the robot, and sug-
gested improvements.

Statement Users
HRI Experience

Found the tasks with the robot fun or enjoyable 20 ( 91%)
Found Blossom helpful for task completion 16 ( 73%)
Found Blossom unhelpful for task completion 6 ( 27%)
Felt comfortable interacting with Blossom 22 (100%)
Felt uncomfortable or anxious 5( 23%)
Noticed improvements in task performance, con- 7( 32%)
fidence, or comfort over time

Perceptions

Viewed as cute, friendly, or toy-like 11 (50%)
Enjoyed Blossom’s voice 14 (64%)
Enjoyed Blossom’s movements 5 (23%)
Easy to understand and communicate with 8 (36%)
Faced communication challenges with Blossom 6 (27%)
Complicated to set up and use alone 10 (46%)
Suggestions

Shorten response time 6 (27%)
Make interactions more conversational 7 (32%)
Personalize responses 3 (14%)
Add/modify physical design features 5 (23%)
Enhance body movement 4 (18%)

recommendations, “If [it’s] giving me advice on what to do to help
my health issues, it got to be personalized.” (S5).

Participants suggested adding or modifying Blossom’s physical
appearance and capabilities. A commonly shared criticism (N=5)
was the ambiguity of the robot’s appearance and its lack of human-
like characteristics: “[... ] might’ve been more comfortable if it looked
like something that you’ve seen” (P6, S2). Suggestions included “a
more humanized voice, less robotic, with more inflections” (P23, S4)
and facial expressions to make the robot appear friendlier and
mimic human emotional intelligence: "I would like the robot to show
a little smile. [...] So that there is some empathy, something that is
friendly" (P23, S2). In addition to Blossom’s physical features, par-
ticipants (N=4) shared the desire to increase the robot’s movement
capabilities: “Move around. Move the ears" (P10, S5).

4.4.4  Perceived Usefulness and Interest in Future Use. Participants
provided feedback on the usefulness of Blossom if integrated into
their daily lives. Table 4 lists the common themes that emerged from
this feedback. All but one participant (N=21) believed the robot
would be beneficial for setting reminders and providing information.
Many suggested that Blossom could remind them of daily tasks,
such as taking medications and exercising: "Remind me of tasks,
time, and appointments [...] or where I leave things and give me
information like an assistant" (P23, S2); "would be good for motivating
me to exercise, telling me ‘go out for a walk." (P19, S4).
Participants also expressed interest in using Blossom to learn
more about current news, health, and technology. As noted by
P9, "It could make my life easier by imparting information to me.
It gives me an opportunity to expand my thinking if it can answer
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Table 4: Perceived usefulness and interest in continued use.

Statement Users
Useful for reminders and information 21 (96%)
Useful as a conversational partner at home 15 (84%)
Useful to support daily living and well-being 21 (96%)
Engaged in optional open dialogue 16 (73%)
Interested in interacting again due to novelty 10 (46%)
Uncertain about future use due to distrust 9 (41%)
Uncertain about future use due to lack of perceived 6 (27%)
usefulness

Curious about Al and future robot capabilities 9 (41%)

questions." (S3). P14 compared Blossom to a teacher: "I can learn,
like if I go to school or something, the robot can show me something
[...] giving me [new] information." (S4). They speculated that future
systems with these capabilities would enable older adults to live
more independently, stating, "There is hope for tomorrow for us"
(P24, S5).

Beyond providing reminders and assisting with daily tasks, more
than half of the participants (N=15) remarked on Blossom’s use-
fulness as an in-home companion or conversational partner. Many
emphasized Blossom’s role as entertainment to alleviate boredom
and loneliness: "It would be a good tool for people that don’t really
interact with human people" (P4, S3). P22, in particular, preferred
having Blossom as a conversational partner since "there is dialogue
[and] reciprocity" (S3). Similarly, P14 mentioned using Blossom to
improve their social skills and help them "get around, [...] talk better,
understand people better" (S5).

In the last robot-administered session, most participants (N=16)
chose to engage in an optional open dialogue with the robot, show-
ing their interest in interacting with Blossom outside the study
tasks. The majority (N = 10) suggested topics of conversation and
engaged with Blossom to learn about geography and technology,
discuss activities of interest, past trips, and music, share childhood
memories, and reflect on family and friends.

Many participants (N=10) expressed interest in future interac-
tions due to Blossom’s novelty: "I just want to know what she’s got
to say. I've never talked to a robot before" (P10, S2). They hoped HRI
would better prepare them for the increasing role of Al in the future,
"In the future, we will have to get used to living with [robots and Al],
and this is an experience to get used to" (P17, S3).

Despite general interest, some participants (N=9) hesitated to
continue interacting with Blossom due to distrust in its capabilities
and privacy concerns, "I'm afraid of being listened to" (P24, S2). These
participants doubted the accuracy of Blossom’s speech: "I'm not for
sure if it’s gonna give me the right answer. [...] it is man-made and it
can make mistakes" (P10, S3). Some participants mentioned that they
"would have to be familiar with it" (P8, S3) for future interactions.
Additionally, hesitant participants (N=6) felt that Blossom would
not be useful in their daily lives, often remarking that they might
forget about Blossom due to other responsibilities, "Days might go
by [I would] forget about he even there" (P7, S3).
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5 Discussion

This work introduced LLM-powered SARs in the context of pro-
moting and assessing cognitive health in elder care. In a 5-week
study, 22 older adults engaged in three weekly robot-administered
sessions to evaluate task performance, engagement, and user expe-
rience beyond the novelty effect. We alternated two task variations
to minimize task memorization and established an individual base-
line through an initial human-administered session. Our findings
demonstrated the efficacy of SARs for in-residence cognitive sup-
port. Relative to each research question (see Section 3), we found
that:

(1) The conversational SAR successfully engaged older adults
with varying cognitive abilities in repeated weekly sessions
of cognitive health-promoting tasks;

(2) Participants improved task performance after three robot-
administered sessions, with a significantly enhanced level of
detail, increased word count, and improved semantic com-
pleteness in their verbal picture descriptions, fewer word
repetitions in semantic fluency, and a reduced need for hints
by the administrator to complete the tasks;

(3) Participants accepted the robot and found it increasingly
easy to use over time, giving it an average SUS score above
85.6 after the initial novelty wore off;

(4) Participants perceived the SAR as a valuable tool to enhance
thinking, increase focus, and help them learn new skills; they
were willing to interact with it in the future and, in some
cases, enthusiastic to have their own robot.

These contributions aim to inform the design of more accessible,
personalized, and autonomous robots that can effectively promote
and assess cognitive health in elder care in real-world settings
beyond clinics.

5.1 Robots as Tools to Promote Cognitive
Health

Our study demonstrated the efficacy of SARs in engaging older
adults in cognitive health-promoting tasks. The role of the SAR was
to act as a delivery mechanism for these interactive cognitive tasks
aimed at verbally engaging target populations. A critical factor
for the successful home deployment of SARs is their accessibility.
We chose Blossom as the platform for this study because it is af-
fordable and could be quickly fabricated at the scale needed for
future deployments, making it a viable tool for broader use in elder
care. Blossom is an embodied robot that combines voice interac-
tion with additional interactive capabilities that can enhance user
engagement compared to technologies that rely solely on voice.

Our qualitative insights on user impressions and experience
can inform the design of future SARs, targeting long-term accep-
tance, engagement, and comfort among older adults. Participants
frequently reported cognitive benefits from their interactions with
Blossom. Particularly, they perceived the robot as useful for enhanc-
ing thinking and memory recall, learning new tasks, and maintain-
ing focus—not only during study tasks but also in their awareness
and attention to detail in daily living. These self-reported benefits
underscore the potential of SARs to keep older adults cognitively
engaged while supporting well-being through continuous natural
language interactions.

Lima et al.

While some participants initially felt uncomfortable engaging
with Blossom, their discomfort decreased with repeated exposure
(as seen in the anxiety ratings in Figure 6). After repeated inter-
actions, some participants also expressed that they developed an
emotional connection with Blossom. There were mixed perceptions
about trust in the robot’s advice or suggestions, with participants
with higher cognitive function (i.e., higher MMSE scores) showing
lower trust and more hesitant attitudes, possibly due to greater
awareness of Al and consequent privacy concerns. Nevertheless,
trust scores increased over the study sessions across the cohort
(see Figure 6) and 75% of participants in the normal aging cognitive
group chose to engage in optional open dialogue with the robot.
This finding highlights the importance of promoting familiarity
and personalizing interactions between SARs and older adults. Tai-
lored interactions that align with users’ interests and cognitive
abilities can increase trust and enhance the perceived cognitive
health benefits of the technology. This approach is particularly im-
portant for overcoming the challenges associated with introducing
voice technology to current older generations and individuals with
cognitive impairment. As suggested in previous research [45], a
training period can prevent confusion and discomfort. In our study,
we leveraged the robot’s agency to promote familiarity and trans-
parency of its interactive capabilities and limitations, including the
motor sounds and the time required for speech processing.

5.2 Considerations for in-Home Cognitive
Assessment

Dementia is a growing concern worldwide as the population ages.
Our study was not focused on clinical screening, hence we did not
measure pre/post-study cognitive outcomes. However, our findings
suggested the potential for using SARs as a delivery mechanism
for cognitive assessment in residential settings. We implemented
two tasks based on clinically validated cognitive tools, allowing us
to collect data on spontaneous speech and verbal fluency, which
have predictive value for early dementia screening [3, 39, 52]. The
data collected were comparable to existing normative data across
different age and cognitive groups (i.e., normal aging and cognitive
impairment).

Furthermore, we found that repeated robot-administered ses-
sions, conducted at weekly intervals with alternated task versions,
led to overall improvements in verbal fluency of both cognitive
groups. This finding highlights future opportunities for SARs to
not only support assessments in residential settings but also help
to maintain cognitive health in elder care through regular, person-
alized verbal HRI.

5.3 Design Implications

This work leveraged the linguistic abilities of LLMs to enable a
SAR to administer interactive cognitive health-promoting tasks.
Compared to rule-based chatbots, the use of LLMs offers dialogue
flexibility, a higher variability of responses, and the ability to un-
derstand and adapt to the nuances of multilingual contexts. This
capability makes the verbal interaction more contextually relevant,
engaging, and adaptable during the cognitive-health promoting
tasks. However, the integration of LLMs into SARs for real-world
deployments, particularly in unconstrained living environments,
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presents several design challenges and implications. While LLMs
excel at generating contextualized natural language responses, they
can also produce unpredictable or inappropriate content, especially
in long-term, real-world living contexts where noise, data variabil-
ity, and errors in speech recognition increase. Ensuring the safe
and reliable use of LLMs in these contexts is essential.

5.3.1 Safe and Reliable Use of LLMs. Our study implemented an
Al-driven moderator as a preventive measure designed to review
and filter the quality of LLM-generated responses before they were
delivered to participants via TTS. The purpose of this pilot safety
mechanism was to ensure that all interactions remained appro-
priate and constrained within the cognitive tasks. After checking
post-interaction transcripts, we confirmed that the LLM-generated
responses were effectively constrained, with no problematic state-
ments. However, this Al-driven approach relied on the same LLM
using a different prompt, hence it may suffer from the same short-
comings. To mitigate risks, we followed a human-in-the-loop ap-
proach, where a researcher oversaw the sessions, with the ability
to review the moderator’s output in real time and interrupt the
program if necessary. While effective in our study, this approach
is not feasible for long-term in-home applications. Therefore, it is
important for future research to develop robust methods to mon-
itor LLM-generated speech and minimize problematic responses,
particularly among vulnerable populations.

5.3.2  Speech Interaction Dynamics. Designing conversational Al
for older adults requires careful consideration of speech interaction
dynamics, including speech recognition, processing time, and com-
munication breakdowns. These challenges are compounded in older
populations with cognitive impairments, with frequent hesitations,
pauses, and slower speech, all of which complicate turn-taking. It
is important to avoid interruptions during user speech, especially
when users pause to find the right words.

We identified latency in verbal interactions stemming from the
use of cloud-based text-to-speech Whisper speech recognition, LLM
API calls, and connectivity issues in the retirement homes where the
study was conducted. These factors occasionally disrupted conver-
sations, with some participants (27%) interpreting it as a sign that
the robot was indifferent or unresponsive to their queries. These
findings suggest that extended response times and interruptions
can lead to disengagement, highlighting the need for robust turn-
taking, accurate speech recognition in multilingual contexts, and
adequate network infrastructure. Despite these challenges, user
engagement and high Enjoyment scores (see Figure 6) indicate that
latency did not affect overall robot acceptance. We also observed
that participants learned to use the robot over the study sessions
and became more accepting of its limitations, including process-
ing time, aided by priming which included transparency about the
robot’s speech processing time (detailed in Section 3.3.3).

Response delays in verbal HRI due to issues with automatic
speech recognition and response generation are a well-recognized
research challenge [50, 62, 92]. Effective spoken interaction with
SARs requires dialogue systems capable of handling multiple com-
munication channels and quickly adapting to dynamic environ-
ments. Current cloud-based TTS and STT systems, while more
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accurate and superior in vocabulary size than local speech recog-
nizers, often suffer from high latency, which disrupts verbal inter-
actions. To enhance human-robot engagement among older adults,
SARs need to be more responsive in real-time, with interruptible,
adaptable speech processes.

5.3.3 Addressing Privacy Concerns and Facilitating Independent
Use. Despite general interest in interacting with Blossom, 41% of
participants hesitated to continue using the robot due to distrust in
its capabilities and concerns about privacy, particularly regarding
who might access and read their personal voice data. Interviews
indicated that these mistrustful attitudes were shaped by media
coverage, and participants trusted the robot more when they had a
clear understanding of its capabilities and purpose.

Privacy concerns related to voice data collection remain signifi-
cant among older adults [34, 47, 77, 79]. Addressing both research
ethics (e.g., informed consent and data protection) and societal
ethics (e.g., integration of nonintrusive SARs at home) requires
transparent communication about the robot’s functions, limita-
tions, and data access protocols to foster long-term engagement,
trust, and acceptance. Strategies could include priming with robot’s
agency to set realistic expectations (as incorporated in our study
design), and stakeholder involvement throughout the design, initial
evaluation, and deployment phases. Furthermore, ensuring feature
anonymity in voice analysis can prevent privacy threats associated
with speech processing [41].

Despite overall enjoyment and perceived usefulness, some par-
ticipants reported lacking the technical skills or training to operate
the robot independently. To address this, we recommend that SARs
include accessible training resources and consider the role of family
members or caregivers in facilitating interactions.

5.4 Limitations and Future Work

We acknowledge several limitations in our study. First, despite
targeting a diverse and multilingual population, our sample size
was relatively small. To improve the generalizability of our find-
ings, future studies should include larger, more culturally diverse
cohorts to evaluate the feasibility of SARs for in-home cognitive
support across varied populations and settings. Second, while the
5-week period was sufficient for evaluating performance changes,
observing engagement, and capturing user impressions beyond the
novelty effect, it did not evaluate the long-term efficacy of SARs in
daily, unsupervised living contexts. Future research should focus
on longer-term deployments to assess the role of SARs in continu-
ous cognitive health monitoring. Integrating SARs with additional
home monitoring technologies could further enhance their ability
to support safety and well-being by tracking behavior, monitoring
cognitive health, detecting potential risks, and providing real-time
updates to caregivers. Our study focused on two SAR-administered
cognitive tasks based on validated tools: picture description and
semantic fluency. Future studies could target a broader range of cog-
nitive functions, including memory, attention, executive function,
and problem-solving.

To minimize task memorization by older adult participants, our
design alternated two variations of each task across five weekly
sessions. While a 2-week washout period was included between
tasks of the same version (see Figure 3), we acknowledge that task
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performance is subject to learning effects from prior exposure. Our
primary analysis compared task performance between the first
(individual baseline) and the last session, after three weekly robot-
administered sessions. We stress that our study did not aim to assess
the effect of SARs on cognitive outcomes but rather evaluate their
feasibility as engaging tools to promote cognitive health among
older adults.

To explore learning effects, a secondary analysis examined change
trends in task performance across the study sessions (see Appen-
dix D). For consistency, we only compared sessions conducted by
the same administrator (human or robot) given the potential motiva-
tional effects of the robot on task performance, which were outside
the scope of this study. This analysis suggested task-specific learn-
ing effects, particularly when comparing sessions with the same
task version (e.g., S1 vs. S5 and S2 vs. S4). While learning effects
were present in individual cognitive tasks, they did not impact
the primary goal and contribution of this study - to validate the
feasibility of SARs as tools to promote cognitive health through
human-robot verbal dialogue. Furthermore, there was general cog-
nitive engagement across the three robot-administered sessions,
with gradual improvements in some of the extracted features, in-
dicating the capacity of SARs to keep users engaged in regular
cognitive tasks.

Task difficulty presents an additional consideration in the inter-
pretation of performance changes over time, as different pictures
can influence lexicosemantic processing [76], and the semantic
search for animals/fruits can reflect varying levels of difficulty [24].
While such analysis was beyond the scope of this study, future
research could explore within- and between-task performance, ex-
tending the duration of the study, incorporating additional task
variations, and addressing task difficulty as a confounding factor.

The weekly interactions lasted only 10 minutes, for a total of
30 minutes with the robot. We believe this was sufficient to over-
come novelty effects and enable participants to evaluate the robot.
However, many participants expressed interest in more interactions
with the robot. Future work could incorporate a more diverse set of
cognitive tasks to provide more opportunities for interaction and
explore the relationship between interaction time, robot acceptance,
and cognitive task performance.

Another limitation highlighted by participants was the latency
in verbal interaction with Blossom. While this is a well-recognized
challenge in spoken language interactions with robots [50], these
technological issues are being addressed by new tools such as Ope-
nAT’s Realtime API°, which reduces latency by streaming audio
inputs and outputs directly with a persistent WebSocket connection
to access GPT-4o0, a promising area for future work. Future study
iterations with older populations could further incorporate the sug-
gested design features for Blossom. These include more expressive
facial features, ear movements, and personalized interactions with
an appropriate tone and topics of interest. Lastly, our future work
will analyze the eye gaze data collected during picture descriptions
to explore participants’ focus during the task.

Shttps://openai.com/index/introducing- the-realtime-api/
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6 Conclusion

With the world population of older adults growing at an unprece-
dented rate, there is a pressing need for accessible technologies
that promote cognitive health and detect early signs of cognitive
decline. This study contributes novel insights into the efficacy of
LLM-powered SARs to promote cognitive health in elder care within
residential settings. Our findings show that: 1) the conversational
robot engaged older adults in repeated verbal HRI sessions aimed
at promoting cognitive health, with increased social engagement
in tasks administered by the robot; 2) task performance increased
after repeated weekly robot-administered sessions, with partici-
pants providing more detailed picture descriptions, making fewer
word repetitions in semantic fluency, and requiring fewer hints by
the administrator to complete both tasks; 3) older adults accepted
the SAR in this context; and 4) participants expressed interest in
future use and recognized the utility of SARs for enhancing cog-
nitive abilities, including focus, thinking, and learning new skills.
Additionally, the speech data collected with our LLM-powered SAR
system implementation are based on clinically validated cognitive
tools. Therefore, we argue the potential of LLM-powered SARs
for in-home cognitive support in elder care. With consistent use,
for which accessibility and personalized interactions are key, such
technologies could ultimately monitor cognitive health and iden-
tify individuals who may require more comprehensive diagnostic
evaluation.
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A Cognitive Tasks

A.1 LLM Prompt for Cognitive Tasks

Table 5 describes the prompt for robot-administered cognitive tasks and Table 6 lists the parameters used with OpenAI API. For Spanish
sessions, the prompt had an additional instruction: "For this interaction, reply in Spanish. Use <gender> for the user". The prompts underwent
in-lab pilot testing to ensure the reliability of GPT automated translations from English to Spanish before responses were delivered to

participants via TTS.
Table 5: Prompt used in LLM-powered robot-administered cognitive tasks.

Element Prompt

Role You are Blossom a friendly social robot acting as a coach in a verbal interactive task to promote cognitive skills.

User Older adults who are unfamiliar with robots and need time to think.

Context Guide users to describe <picture name OR semantic category> from <neuropsychological test>. Interaction is limited
to this task.

Tone Encourage participants to keep engaging with supportive comments and short hints. Use friendly language be
patient and engaging. Don’t use emojis.

Start Greet the user and ask for their name. Use name throughout. Ask if they are ready to play a game. Introduce the
task with <example of introduction>.

Turns Give turns and wait for user responses.

Hints Use the groups for hints without naming specific <picture actions OR category words>. Give one hint per turn

Groups (picture)
Groups (semantic)
Track (picture)
Track (semantic)

End (picture)
End (semantic)

<example of hint>.

<areas of Cookie Theft OR areas of Picnic Scene>.

<groups of animals OR groups of fruits>.

Track what the user described.

Track <animals OR fruits> mentioned in each category. If user asks for a hint prompt about a group not already
mentioned.

After all picture areas are mentioned end the task with <example of end message>.

After at least two <animals OR fruits>from each group are mentioned end the task with <example of end message>.

Table 6: Input parameters for OpenAI’s API call.

Parameter Value
model GPT-40
messages <transcript>
stop null
temperature 1
frequency_penalty 0
presence_penalty 0
max_tokens 256

top_p 1
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Table 7: Groups used in picture description tasks with pre-defined areas and actions. The content units were selected based on
literature about neuropsychological evaluations [33].

Groups Examples of content units

Picture: Cookie Theft

Boy brother, stool, falling, reaching, cookies, jar

Girl sister, laughing, reaching, help

Woman mother, sink, washing, dishes, water, overflowing
Atmosphere disaster, mess, chaos, family

Feelings excited, determined, distracted, anxious, sneaky, curious

Picture: Picnic Scene

Couple picnic, reading, book, drink, basket, radio
Boy kite, dog, water, edge

Child beach, playing, sandcastle, spade

People fishing, jetty, pier, sailing, water, boat
Objects car, garage, flag, flying, tree, house

Table 8: Groups used in semantic fluency tasks.

Groups Examples of words

Semantic Category: Animals

Pet Dog, cat, hamster, guinea pig, fish, rabbit
Jungle Lion, tiger, elephant, wolf, bear, gorilla

Can fly Bat, eagle, sparrow, owl, falcon, pigeon

Ocean Whale, shark, dolphin, octopus, sea turtle, squid
Farm Cow, sheep, goat, horse, pig, chicken

North pole Polar bear, penguin, seal, walrus, reindeer

Semantic Category: Fruits

Citrus Orange, lemon, lime, tangerine, clementine

Yellow Banana, mango, lemon, pineapple

Tropical Mango, pineapple, coconut, passionfruit, kiwi

Berries Strawberry, raspberry, blackberry, blueberry, cranberry
With a pit Peach, plum, cherry, apricot, mango

Used for juices  Strawberry, blueberry, grape, orange, mango, apricot
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A.2 Moderator Prompt

CHI ’25, April 26-May 01, 2025, Yokohama, Japan

Table 9: Prompt for the moderator to determine if a response is within the desired context.

Element Prompt

Role You are moderating responses generated by a robot interacting with older adults.

Context <task>. The robot is acting as coach prompting users with hints to <goal of task>. In the end the
robot praises the user and moves to the next task. The response must be in this context.

Output Given this interaction context, is the response appropriate? Reply with just Yes or No.

A.3 Picture Description Task

a)

Figure 7: Pictures used: a) Cookie Theft from the Boston Diagnostic Aphasia Examination, b) Picnic Scene from the Western

Aphasia Battery-Revised.

B Use of Language in Picture Descriptions

Table 10: Spearman’s correlation results between traditional linguistic features and MMSE scores, as well as comparison results
between Session 1 and Session 5 across the cohort using the paired Wilcoxon signed-rank test.

Feature

Description

MMSE
r (P; pcorrected)

Session 1 vs. Session 5

w (p’ pcarrected)

Cohen’s d

Type-Token Ratio

Propositional Idea
Density

Noun Rate
Pronoun Rate

Verb Rate

Adjective Rate

The ratio of unique words to total words
(tokens) in a transcript corrected for to-
tal length, measuring lexical diversity.
The number of distinct propositions (i.e.
distinct facts or notions contained in a
text) divided by total words, assessing
vocabulary richness.

The proportion of nouns relative to total
words in the transcript.

The proportion of pronouns relative to
relative to total words.

The proportion of verbs relative to rela-
tive to total words.,

The proportion of adjectives relative to
total words.

0.416 (0.054, 0.220)

-0.227 (0.31, 0.465)

0.137 (0.543, 0.652)
0.008 (0.973, 0.973)
-0.245 (0.272, 0.465)

0.389 (0.073, 0.220)

33 (0.001*, 0.009*)

84 (0.273, 0.273)

68 (0.167, 0.2)
67.5 (0.095, 0.142)
54.5 (0.034*, 0.102)

445 (0.074, 0.142)

0.65

0.29

0.4

0.41

0.5

0.57
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Table 11: Items used in the robot acceptance questionnaire.

Lima et al.

Construct

Description

Items

Perceived sociability

The perceived ability of the robot to perform
sociable behavior.

The robot is a pleasant conversational partner.
I think the robot is nice.

I feel the robot understands me.

I enjoyed interacting with the robot.
I find the robot enjoyable.
I find the robot boring.

. . The degree to which the user finds interacting
Perceived enjoyment . L
with the robot enjoyable or fascinating.

I would find the robot useful in my life.

It would be convenient for me to have the robot.
I think the robot could help promote cognitive
health.

. The degree to which one believes the robot
Perceived usefulness o .
would be assistive in the daily context at home.

. . . . If I were to use the robot at home, I would be
Evoking anxious or emotional reactions when

Anxiety ine the robot afraid to make mistakes with it.
using the robot. I find the robot scary.
I find the robot intimidating.
Trust The belief that the system performs with I would trust the robot if it gave me advice.

personal integrity and reliability. I would follow the advice the robot gives me.

Table 12: Acceptance scores for robot-administered sessions, presented as mean (standard deviation).

Session Sociability Enjoyment Usefulness Anxiety Trust
S2 4.42(0.66)  4.73(0.51)  4.21(0.80) 4.44 (0.64) 3.48 (1.18)
S3 4.48(0.60)  4.73(0.57)  4.21(1.02) 4.68(0.44) 3.48 (1.19)
S4 4.58 (0.56) 4.71 (0.58) 4.24(0.98) 4.65(0.51) 3.66 (1.21)

Table 13: Spearman’s correlation between robot acceptance ratings and MMSE scores in the last robot-administered session,

presented as r (P, Pcarrected)-

Trust
-0.540 (0.009%, 0.047")

Usefulness

-0.118 (0.600, 0.733)

Sociability
-0.308 (0.163, 0.288)

Enjoyment

-0.077 (0.733, 0.733)

Anxiety
0.302 (0.173, 0.288)

MMSE

Table 14: Spearman’s correlation between robot acceptance ratings and BFI personality traits considering mean acceptance
scores from three robot-administered sessions, presented as r (p, Pcorrected)-

Sociability

Enjoyment

Usefulness

Anxiety

Trust

Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

0.381 (0.080, 0.670)
0.141 (0.532, 0.830)
-0.177 (0.431, 0.830)
0.225 (0.313, 0.830)
-0.072 (0.750, 0.858)

0.119 (0.598, 0.830)
0.158 (0.482, 0.830)
0.170 (0.448, 0.830)
0.022 (0.923, 0.923)
-0.215 (0.336, 0.830)

0.427 (0.047%, 0.590
0.120 (0.594, 0.830
-0.076 (0.737, 0.858
0.170 (0.449, 0.830
0.071 (0.755, 0.858

)
)
)
)
)

0.078 (0.732, 0.858)
0.132 (0.558, 0.830)
0.315 (0.153, 0.763)
-0.049 (0.829, 0.901)
0.323 (0.142, 0.763)

0.490 (0.021% 0.518)
0.191 (0.394, 0.830)
-0.031 (0.890, 0.923)
0.271 (0.223, 0.797)
-0.279 (0.209, 0.797)
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D Performance Comparison Across Sessions

To explore learning effects, we present a secondary analysis of change trends in performance across sessions. For consistency and to control
for potential motivational influences from the SAR, comparisons were restricted to sessions conducted by the same administrator (human or
robot). Within-task comparisons involved sessions with the same task version (S1 vs. S5 and S2 vs. S4), and a between-task comparison (S3
vs. 54) assessed performance changes of different task versions after prior exposure to both.

The picture description task demonstrated significant within-task improvements across all performance metrics (see S1 vs. S5 and S2 vs.
S4 in Figure 8). Additionally, gradual improvements were observed for words and completeness across the three robot-administered sessions
(S2 to S3 to S4), suggesting general cognitive engagement even between different task versions. In particular, participants used a significantly
higher number of words in their descriptions in S4 than in S3. For the semantic fluency task, Figure 9 suggests task-dependent performance
on unique correct words and the number of hints required to complete the task, yet repetitions showed a more gradual trend with minimal
differences between the three robot-administered sessions.

Overall, this secondary analysis indicates that both learning effects and general cognitive engagement contributed to performance
improvements. Future studies could assess within- and between-task performance in greater detail by extending the number of weeks and
incorporating additional task variations. Overall, the performance improvements observed between the first and last session (our primary
analysis to address RQ2) support the feasibility of SARs as engaging tools to promote cognitive health through repeated robot-administered
verbal interactions based on clinically validated tools.

Comparison of Specified Session Pairs

Session
S1
S2
S3
S4
S5

Normalized Value

detail words hints completeness

Linguistic Feature

Figure 8: Task performance across the sessions for the picture description task. For consistency, comparisons are limited to
sessions conducted by the same administrator (human or robot): within-task (S1 vs. S5 and S2 vs. $4), between-task (S3 vs. $4,
after prior exposure to both versions). Refer to Figure 3 for details on the task variations and session structure.
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Semantic Fluency Task

* Session
1.0 ns S1
— S2
ns s S3

ns —
0.8 - * mm S4
mm S5

Normalized Value
o
(]

o
IS

0.2

0.0

unique correct hints repetitions
words

Linguistic Feature

Figure 9: Task performance across the sessions for the semantic fluency task.



	Abstract
	1 Introduction
	2 Related Work
	2.1 SARs for Well-being of Older Adults
	2.2 SARs for Cognitive Assessment
	2.3 LLMs for Human-Robot Engagement

	3 Methods
	3.1 Conversational SAR
	3.2 Interaction Design
	3.3 User Study in Retirement Homes
	3.4 Linguistic Analysis of Cognitive Tasks

	4 Results
	4.1 Task Performance
	4.2 Verbal Engagement
	4.3 Perceived Usability and Robot Acceptance
	4.4 User Experience in Robot-Administered Cognitive Tasks

	5 Discussion
	5.1 Robots as Tools to Promote Cognitive Health
	5.2 Considerations for in-Home Cognitive Assessment
	5.3 Design Implications
	5.4 Limitations and Future Work

	6 Conclusion
	Acknowledgments
	References
	A Cognitive Tasks
	A.1 LLM Prompt for Cognitive Tasks
	A.2 Moderator Prompt
	A.3 Picture Description Task

	B Use of Language in Picture Descriptions
	C Robot Acceptance
	D Performance Comparison Across Sessions



