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ABSTRACT

In social service centers, practitioners engage in conversations with
clients with dementia to facilitate their daily activities and provide
support when they are distressed. However, the nature of the care
demands the practitioner’s active engagement, which becomes dif-
ficult to deliver as the number of people who need care expands.
Researchers have been investigating the efficacy of developing
agents that assume conversational tasks to alleviate this work. To
contribute to the future design of agents for caregiving, we col-
lected and analyzed ten conversations between clients with mild
dementia and practitioners who provide care. Our analyses of turn-
taking dynamics and dialogue acts with 15k utterances uncovered
patterns such as noticeable differences in clients’ and practition-
ers’ conversational dynamics and the prevalence of neutral-toned,
question-oriented utterances by practitioners. We then prototyped
a large language model-based script that generates responses to
client utterances. We found potential approaches and challenges for
making its utterance pattern more similar to that of a practitioner.
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1 INTRODUCTION

Numerous studies have explored the effectiveness of technical ap-
proaches in dementia care for older adults [11, 15-17]. Despite
these advances, developing technological solutions that enable indi-
viduals with dementia to participate in meaningful activities, such
as reminiscence therapy, remains a significant challenge [9]. In
social service centers, practitioners employ reminiscence therapy
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during conversations with dementia clients (e.g., to enrich their
experiences) [2, 22, 30]. Although these interactions are crucial to
caregiving, they require intensive practitioner engagement, which
is increasingly difficult to sustain as the demand for care grows.

Previous research has investigated how autonomous agents can
replicate the benefits of human-to-human interactions to improve
the scalability of care for individuals with dementia [7, 8, 14, 25,
27, 28, 32]. For example, Cruz-Sandoval et al. created a social robot
and demonstrated its positive impact on dementia-related symp-
toms [8]. However, the degree to which these human-agent interac-
tions resembled human-like conversation, e.g., in terms of utterance
lengths and dialogue acts within caregiving scenarios has not been
examined. This gap prevents us from understanding whether the
previously identified positive impacts are attributed to the agent’s
ability to conduct human-like conversations.

As a first step to address this gap, we examined conversational
patterns in reminiscence therapy between practitioners and individ-
uals with mild dementia. We recorded ten conversations between
practitioners and people with dementia and investigated how the
conversations unfold in reminiscence therapy. Each conversation
was approximately 30 minutes to 1 hour long. Using the transcripts
of the conversations and natural language processing (NLP) tech-
niques, we analyzed the utterance lengths and dialogue acts [29]
in the conversations. Our analyses uncovered patterns such as the
prevalence of certain dialogue acts by practitioners (e.g., statement
-non-opinion, yes-no-question). We then prototyped a large
language model (LLM) based script and studied (dis)similarity of
its responses to human practitioner’s utterances.

2 DIALOGUE RECORDING

To collect data on conversations between practitioners and indi-
viduals with dementia, we collaborated with a local organization
that provides care. We aimed to analyze conversations in the lan-
guages prevalent in the local community, English and Chinese. We
recruited individuals with mild dementia as conversational care is
most beneficial in the condition’s early stages. We recruited practi-
tioners from the organization to serve as conversational partners.

We formed ten conversation pairs, each comprising a client with
mild dementia and a practitioner. Ten clients (8 females, 2 males; 4
English and 6 Chinese speakers) and six practitioners participated.


https://orcid.org/0000-0002-7893-6090
https://doi.org/10.1145/3663548.3688523
https://doi.org/10.1145/3663548.3688523
https://doi.org/10.1145/3663548.3688523

ASSETS 24, October 27-30, 2024, St. John’s, NL, Canada

We scheduled a recording session at a time convenient for both
the client and the practitioner. We obtained informed consent from
all parties. We also received assent from the clients’ caregivers be-
cause the clients may have limited capacity to consent due to their
cognitive condition. The recordings occurred at the organization’s
facility, where clients typically receive care. We conducted sessions
in a dedicated, quiet area. Each session began by escorting the client
to the designated space. Once the recording started, all individuals,
except the practitioner and the client with dementia, were asked to
leave the room to minimize distractions. The session commenced
with an introductory greeting, after which the practitioner engaged
the client in reminiscence therapy using various probes (e.g., digital
images displayed on a smartphone, physical items like historical
photos of local areas, and personal artifacts provided by the clients’
families). We recorded each session in video and audio, but our
analysis focused on the audio recordings. To transcribe the audio
recordings, we used an automated audio transcription tool [24]
and used a speaker diarization tool to identify speakers and times-
tamp their utterances [3, 4, 23]. We then manually reviewed the
transcripts to correct errors.

3 ANALYSES OF DIALOGUES AND FINDINGS

We used English-based text analysis tools for consistency and their
performance [10]. This required us to translate the six Chinese
transcripts into English, for which we used the publicly available
SeamlessM4T v2 model [5]. Though the automated translation was
not perfect, manual inspection by a research member confirmed
that most translations were generally accurate and captured the
essential semantics of the text. Each processed conversation tran-
script contained the following data: the start and end timestamps
of the transcribed text in seconds, the current speaker, and the
transcribed (and translated) text. Each row of data in the transcript
represents a single utterance by either the client with dementia or a
practitioner. Note that both speakers could consecutively have mul-
tiple utterances, forming a single dialogue turn. For the dialogue
act analysis described below, the unit of analysis was an utterance,
following the past practices for dialogue act analysis [20, 29].

3.1 Utterance Length

Literature suggested the importance of clarity and brevity in prac-
titioners’ utterances in guiding dialogues [6, 21]. However, more
concrete, quantitative metrics in their verbal patterns would be
informative in designing future conversational systems. So, we ask:
What is each utterance’s typical length and word count?

3.1.1  Analysis Method. We performed our analysis on both utterance-

level and turn-level dialogue. For the latter, consecutive utterances
within each transcript were merged to form a single turn, with their
start and end timings adjusted accordingly. The lengths of each
level of dialogue were recorded in seconds by taking the difference
between their respective end and start timings.

3.1.2  Result. Overall, practitioners contributed 629.2 utterances
(SD=217.2), while clients with dementia had a higher average of
857.7 utterances (SD=401.2). That is, the clients with dementia gen-
erally had longer utterances than the practitioners. At an utterance
level, clients with dementia spoke on average 2.12 seconds and 5.36
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words, unlike practitioners, who averaged 1.83 seconds and 5.09
words. This trend also extended to turns; clients had an average
turn length of 5.10 seconds, with 1.92 sentences and 12.3 words,
while practitioners had shorter turns, averaging 3.29 seconds, 1.57
sentences, and 8.53 words. We observed some clients had extended
speaking periods, in which their utterances and turns were sig-
nificantly lengthier, which suggests the clients were facilitated to
engage in monologues.

3.2 Dialogue Act

Dialogue acts are functional units of a conversation that represent
the intent behind each utterance made by a speaker [29]. Analyzing
and understanding dialogue acts in each party’s utterances could
help a system designer in answering: What type of utterance should
an agent emit in each conversational turn?

3.2.1  Analysis Method. We analyzed the dialogue act of each ut-
terance using the SWBD-DAMSL tag set, a standard for annotating
shallow discourse structures [13, 29, 31]. To computationally iden-
tify utterance’s dialogue act, we used DialogTag [19], a pre-trained
machine learning model based on DistilBERT and fine-tuned on
the Switchboard-1 corpus. This enabled us to assign one of the
38 dialogue act tags to each utterance. Resulting tags include, for
example, yes-no-questions (e.g., “Can I take a closer look?”), yes
-answers (e.g., “Yeah”), appreciations (e.g., “That’s great”), and
others (see the complete list in [29]). To explore the distribution of
dialogue acts in the utterances of both practitioners and clients, we
classified the dialogue act of every utterance across the ten sessions.
Subsequently, we counted the frequency of different dialogue acts
of clients’s and practitioners’ utterances.

Dialogue Act Client Practitioner
Statement-non-opinion 63.2% 26.1%
Statement-opinion 6.4% -
Collaborative completion 5.2% -
Action-directive 2.9% -
Yes-no-question 2.8% 17.0%
Appreciation - 10.0%
Wh-question - 8.0%
Acknowledge (backchannel) - 7.3%
Total (Top 5) 80.5% 68.4%

Table 1: Comparison of five most common dialogue acts of
clients and practitioners.

3.2.2 Result. Table 1 represents the five most common dialogue
acts for clients and practitioners. Clients’ utterances are mainly
statement-non-opinion (63.2%), with their top five acts account-
ing for 80.5%. Whereas practitioners show greater diversity in
their acts; while statement-non-opinion remains their most fre-
quent act (26.1%), they question more (yes-no-question: 17.0%,
wh-question: 8.0%) and exhibit more varied response types.

3.3 Section Summary

Analyses revealed that clients with dementia generally had longer
utterances and turn lengths than practitioners. The result aligns



Exploring Conversations between a Practitioner and a Person with Dementia

with existing literature indicating that people with dementia tend
to speak more in situations like a reminiscence therapy session
[26]. Clients’ longer turns, and statement-* tags suggested a sto-
rytelling behavior typical in reminiscence therapy. In contrast, prac-
titioners often engaged in shorter, more active listening roles, char-
acterized by questions, acknowledgments, and appreciations. Such
a facilitative pattern aligns with what we expect from effective
conversational care providers [1, 18].

4 RESPONSE GENERATING SCRIPT

To investigate the feasibility of creating an agent that imitates the
behaivor of a human practitioner, we used a large language model
(LLM) to implement a prototype Python script that responds to
client’s utterance. We assessed whether such a script could generate
responses that are similar to that of human practitioners.

4.1 Large Language Model-based Script

We used Python MLX library with Phi-3-mini-4k-instruct model
to implement the script. The model was one of the most performant
LLM that is small enough to train and run on a local computer.
Because our informed consent promised to store the collected data
only on the research team’s machines, the model’s relatively small
size that let us run it on our local computer was a good fit.

Our script took a prompt and client’s utterances to generate a
response. Based on our prior knowledge and findings from the pre-
vious section, we designed the prompt for our LLM. The following
prompt aimed to generate text for reminiscence therapy:

You are a practitioner specializing in dementia care at
a social service center. You are conducting a session
using reminiscence therapy to engage with an individual
with mild dementia. Your goal is to facilitate a
conversation that helps the person recall and discuss
pleasant memories, thereby improving their emotional
well-being. Try to use questions and gentle prompts to
encourage the individual to share their experiences and
stories from the past.

Furthermore, to let the model imitate the practitioner’ style of
utterance, we trained the model with Low-Rank Adaptation (LoRA)
for fine-tuning [12], which enables domain adaptation with a small
training data. We only used the four English transcripts for training
and evaluation, because we did not want the machine translated
text to influence the quality of text generation. We split the four
English transcripts into two pairs; the first pair of transcripts were
used for LoRA fine-tuning. We used the second pair for evaluation,
which had 891 conversational turns where a client spoke and a
practitioner responded.

4.2 Preliminary Evaluation

We compare the text generated by our LLM (with and without LoRA
adaptation) to practitioners’ responses to the clients’ utterances.
Just like the analyses from the previous section, we evaluate the
volume of responses and dialogue acts of generated sentences.

4.2.1 Utterance Length. The median number of sentences per re-
sponse were 1 (mean=1.4, SD=0.69) for human practitioners, 5 (5.1,
1.2) for the responses from LLM without LoRA, and 3 (2.7, 1.3) for
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the responses from LLM with LoRA. The median number of words
in the responses were 6 (7.0, 6.1), 61 (58.7, 12.8), and 31 (29.3, 15.2),
respectively. The result shows that both non-adapted and adapted
LLMs over-generated text compared to human practitioners, but
one without adaptation being significantly more verbose. For exam-
ple, in one conversational turn, the client was talking about what
they do at home; the client said, “What I don’t want to throw away,
I put inside [the cabinet].” The practitioner first acknowledged, then
tried to change the topic, by responding “Ah okay okay I see. Okay
okay. So you enjoy your work a lot?”. Unlike this succinct human
response, our LLM without LoRA generated:

It sounds like you're sharing a memory about a specific
action or activity. Let's explore that further. Can you
tell me more about the object you mentioned? What was it,
and what did you use it for? Sometimes, talking about
the things we used to do can help us remember and feel
good about our past experiences. Here are some prompts
to help you recall and share your memories: Do you have
any favorite childhood toys or games?

The text is verbose and overly explanatory. LoRA adaptation
slightly suppressed the verbosity:

It sounds like you're trying to recall a specific
activity or event. Let's try to remember together. Do
you have any special memories of when you were doing
something similar?

4.2.2 Dialogue Act. To understand the conversational pattern of
our LLM model, we analyzed generated sentences’ dialogue acts.
Like our previous analysis, we split the text into sentences and used
DialogTag to automatically annotate the sentences. We present
the frequency of dialogue acts for statement-non-opinion, yes-
no-question, appreciation, wh-question, and acknowledge (
backchannel)—the acts that we found to be most commonly used.

Table 2 shows the frequencies of the acts for the sentences gen-
erated by human practitioners, LLM without LoRA adapation, and
LLM with LoRA adaptation. LLM consistently used statement-non
-opinion, appreciation, and acknowledge (backchannel) less
frequently compared to the human practitioners. On the other hand,
LLM asked more yes-no-question than the practitioners. LLM
with LoRA adaptation suppressed wh-question slightly. Another
notable result was that LLM had more statement-opinion (with-
out LoRA: 34.9%, with LoRA: 24.7%) than human (8.5%), showing
that LLM are being less neutral compared to human.

4.3 Section Summary

Our script could generated text prompting clients to reminisce, but a
gap persists between practitioners and our script’s capabilities. The
script struggled with response conciseness, though it improved after
fine-tuning. The LLM (both with and without adaptation) failed to
replicate practitioners’ liberal use of acknowledge (backchannel)
responses like “hm” to show attentiveness, highlighting difficulties
in handling meta-conversational acts. Future work could focus on
incorporating more diverse training data for fine-tuning, particu-
larly emphasizing meta-conversational elements. As LLM-based
agents approach practical viability, studying their long-term impact
on real communication with clients becomes crucial.
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Dialogue Act Human Practitioner

LLM without Adaptation LLM with Adaptation

24.4% (303)
12.8% (154)
3.1% (39)
6.1% (76)
22.3% (278)

Statement-non-opinion
Yes-No-Question
Appreciation

Wh-Question

Acknowledge (Backchannel)

3
7

17.0% (777)
13.1% (598)

12.4% (300)
22.7% (550)

1.9% (85) 2.8% (67)
6.2% (286) 2.4% (59)
0% (0) 0.4% (9)

Table 2: Frequency of dialogue acts in responses to clients.
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