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Abstract

Patient history-taking is a critical yet time-
intensive component of clinical diagnosis, fre-
quently hindered by time-constrained clini-
cal visits. We present an LLM-based voice-
interactive conversational system for conduct-
ing semi-structured diagnostic interviews with
older adults suspected of Alzheimer’s disease
and related dementias (ADRD). The system fea-
tures conditional conversation branching over
specialist-developed interview scripts and in-
teraction adaptations tailored for older adults.
In a within-subjects study with 30 participants
from a cognitive neurology clinic, we com-
pare two LLM prompting strategies through
dialogue analysis, assess user experience, and
evaluate symptom elicitation against a consen-
sus gold standard adjudicated from both agent
and specialist interviews. Our findings reveal
that prompting strategy distinctly shapes both
conversational dynamics and symptom cover-
age. Together with high specificity scores and
positive user experience ratings, these results
demonstrate the potential of LLM-based con-
versational agents for scalable, patient-centered
history-taking in ADRD care.

1 Introduction

Patient history-taking, the structured elicitation
of a patient’s symptom history and relevant back-
ground, is a cornerstone of clinical diagnosis, yet
time-constrained clinical visits make comprehen-
sive history collection increasingly difficult in prac-
tice (Linzer et al., 2015; Liu et al., 2024a; Bous-
tani et al., 2005). This challenge is particularly
acute for Alzheimer’s disease and related demen-
tias (ADRD), where symptoms are insidious in
onset, complex, and often hard for patients to ar-
ticulate, requiring probing questions and extended
dialogue (see Appendix A.1). While prior work has
explored scalable approaches to clinical documen-
tation and symptom extraction from existing notes

(Saley et al., 2024; Shim et al., 2021; Wang et al.,
2024), fewer systems actively elicit symptom in-
formation through real-time dialogue, particularly
for complex conditions like ADRD. How to design
and deploy such systems for real clinical settings
remains an open question.

Conversational AI agents powered by large lan-
guage models (LLMs) offer a promising path to-
ward scalable history-taking, as LLMs enable flexi-
ble, context-sensitive dialogue without rigid state
machines. However, deploying such systems in
clinical settings requires careful attention to several
design dimensions. First, effective history-taking
requires systematic coverage of diagnostically rel-
evant topics while remaining flexible enough to
follow the patient’s narrative, requiring the agent to
probe for detail, handle ambiguous responses, and
manage topic transitions. Second, deploying such
a system further requires sensitivity to the target
population. Older adults with cognitive impairment
may speak slowly, struggle with complex phrasing,
or require additional scaffolding (Pradhan et al.,
2019; Huang et al., 2025). ADRD interviews fur-
ther involve a multi-party dynamic in which an
informant, typically a spouse or adult child, partici-
pates alongside the patient, introducing additional
complexity in turn-taking and role management.

This work explores the feasibility of deploying a
conversational AI agent as a pre-visit clinical sup-
port tool. We develop a voice-interactive system
for ADRD diagnostic history-taking, powered by
an LLM that conducts semi-structured interviews
using a specialist-developed script with conditional
conversation branching and interaction design tai-
lored for older adults (Section 3). We evaluate the
system in a within-subjects study with 30 older
adults with suspected cognitive impairment from a
major academic medical center’s cognitive neurol-
ogy clinic (Section 4). Our main contributions can
be summarized as follows:
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Figure 1: System overview of the voice-interactive conversational agent for ADRD diagnostic history-taking. The
web-based system conducts interviews with patients and their informants via speech, guided by specialist-developed
interview scripts and an LLM-powered conversation engine. The resulting transcript is used for dialogue analysis
and compared against a subsequent clinician-led interview to evaluate symptom elicitation.

• We design a semi-structured interview con-
versation that covers diagnostic symptom do-
mains and investigate how LLM prompting
strategies affect systematic coverage and con-
versational naturalness.

• We identify interaction design adaptations for
voice-interactive dialogue system with older
adults, including turn-taking control, latency
management, and multi-party scaffolding for
patient–informant dynamics.

• We evaluate the system with 30 participants
through dialogue analysis, user experience
measures, and symptom elicitation compar-
ison against routine specialist interviews.

2 Related Work

Clinical History-Taking Agents Early work on
automated clinical history-taking focused on rule-
based and finite-state dialogue systems for struc-
tured symptom elicitation (Shim et al., 2021; Lied-
nikova et al., 2021). More recent efforts have
shifted toward data-centric approaches, construct-
ing annotated corpora of doctor-patient dialogues
(Saley et al., 2024; Gao et al., 2023) or generat-
ing synthetic conversations from clinical notes for
downstream NLP tasks such as dialogue summa-
rization and note generation (Wang et al., 2024;
Xu et al., 2023). While these contributions have
advanced medical dialogue modeling, the dialogue
design challenges of deploying conversational sys-
tems in real clinical settings remain underexplored.

Dialogue Design for Older Adults Designing
conversational systems for older adults requires
attention to communication patterns that differ
markedly from those of younger users. Older adults
often speak more slowly, over-articulate, or adopt
repair strategies when interacting with voice agents
(Pradhan et al., 2019; Huang et al., 2025), and may
require additional scaffolding to articulate complex

experiences. Prior work has explored dialogue de-
sign for older adults in social and assistive contexts
(Razavi et al., 2022), as well as multi-party set-
tings involving companions and robots in hospital
environments (Addlesee et al., 2023). For ADRD
specifically, the presence of an informant alongside
the patient introduces additional complexity in turn-
taking and role management that standard dyadic
dialogue systems are not designed to handle.

3 System

3.1 Overview

We developed a voice-interactive system that was
deployed on a secure web platform and tested in-
person with patients and their informants before
visits to a large urban cognitive neurology clinic
(Figure 1). The system conducts diagnostic in-
terviews using a specialist-developed question set
for early ADRD diagnosis adapted from the As-
sessment of Cognitive Complaints Toolkit for AD
(ACCT-AD). (California Alzheimer’s Disease Cen-
ters, 2018b,a). This set contains about thirty topic
areas, such as Memory Difficulties, Language Diffi-
culties, Personality Changes and Motor Changes.
Each topic area has one main question and three to
four follow-up questions probing for specific symp-
toms or contextual details based on the participant’s
responses. These conditional branching rules are
embedded in the system prompt provided to the
conversational agent. We note that the system’s
output is the interview transcript itself. The inter-
view design and interaction adaptations for older
adults are described in Section 3.2 and Section 3.3,
respectively.

3.2 Interview Scaffolding

The interview flow employs a two-part system
prompt: high-level interview instructions (Figure 2)
and topic-specific scripts (Figure 3). The high-level
instructions define the conversational agent’s role,
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# Cognitive Decline Interview Instructions

Play the role of an empathetic, expert cognitive
neurologist (also called behavioral neurologist). The
user you speak to is an elderly patient that may or may
not have dementia. Your goal is to interview them
to gather information for a possible diagnosis and
understand if their symptoms are hindering activities
in their daily life (i.e., understanding their level of
cognitive status). The patient may have someone with
them (an informant) to help them answer: you should
always speak directly to the patient, but answers from
either the patient or the informant are acceptable. If
the informant is not speaking, ensure they know we
want to hear their answers as well. Do NOT allow
the patient or informant to go off-topic, and tactfully
redirect them towards the interview topics if they start
talking about unrelated things. However, to ensure
the interview is not too long, only try to redirect once
for each question. Make sure to always be polite and
allow the patient to take their time. Avoid repeating
what the patient or informant says, and do not explain
your thought process.

> Below is a script you are using to guide your inter-
view for the current topic. Please conduct the inter-
view according to the content of this script only - this
is very important to ensure the interview covers these
questions in a timely manner.

Figure 2: High-level interview instructions provided to
the conversational agent, outlining the agent’s role, tone,
and interaction constraints for the interview with older
adults and their informants.

## Topic Script: Memory Difficulties

Main question: Have you noticed any recent prob-
lems with your memory?

> If yes: Tell me more about that by providing an
example.

> Then: Sometimes patients who describe diffi-
culty with memory also describe problems with mis-
placing items or relying more on notes. Do any of
these sound familiar?

> Then: How about trouble with remembering
recent conversations, or asking repetitive questions?

> Then: How long has this been going on?
> Then: Have these difficulties made doing some

activities or tasks more difficult?
> If no: Just to make sure this question is under-

stood, any difficulties misplacing items, relying on
notes, trouble with recent memory, and asking repeti-
tive questions?

> If yes: Tell me more about that by providing an
example.

> If no: Move on to next topic.

Figure 3: Example of a topic-specific script (Memory
Difficulties) containing a main question and conditional
follow-ups. Approximately 30 such scripts cover the
full diagnostic interview.

tone, and overall interaction guidelines, while the
topic scripts ensure systematic coverage of each
diagnostic area. The scaffolding strategy com-
bines supportive cues, clarifications, and structured

follow-ups to guide participants through each topic
(Skeggs et al., 2025; Sanjeewa et al., 2024; Hu
et al., 2024). Supportive cues include short, con-
crete examples to aid memory recall (e.g., “in the
past couple of years,” “while walking or driving”),
phrased simply to enhance accessibility for older
adults. When participants had difficulty understand-
ing the question, the agent rephrased them in a
concise manner to ensure understanding without
overwhelming the participant. Because the popu-
lation includes older adults with cognitive impair-
ment, for whom long interviews risk fatigue and
disengagement, the agent was designed to keep
sessions within a manageable length rather than
exhaustively pursue every item. It issued a single
polite redirection per topic before moving on. This
reflects a deliberate tradeoff—bounding participant
burden at the cost of occasionally leaving a topic in-
completely probed—rather than a fixed time limit.

3.3 Turn-taking and Latency Control

Turn-taking was iteratively refined during prelim-
inary testing to address the communication needs
of older adults with cognitive impairment and the
multi-party nature of the sessions. The interface
provided explicit visual indicators to signal when
the agent is speaking and when it is actively listen-
ing. Unlike typical conversational agent settings
that minimize response latency, longer latency was
preferred here to avoid interrupting participants,
whose slower speech pace and extended pauses
often reflected effortful recall while formulating
answers. We allowed up to 5 seconds of silence
before the agent takes its turn, extending this thresh-
old to 10 seconds for questions that required more
elaborate descriptions. In multi-speaker settings,
the agent addressed each role separately to main-
tain predictable alternation and reduce ambiguity
about who should respond. In an effort to mimic
a dementia specialist interview as much as pos-
sible, the patient and informant were interviewed
together. For most clinician visits, it is not practical
to interview the patient and informant separately.

Implementation The entire system was de-
ployed in a secure AWS environment and is pow-
ered by Claude 3.5 (Anthropic, 2024), through the
Bedrock API1. The web interface (Figure 4) was
developed using Gradio (Abid et al., 2019). Au-

1Amazon Bedrock is a managed service that provides secure
API access to foundation models, ensuring compliance with
institutional security requirements.
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Figure 4: Web interface as seen by patients and informants during an interview. The left panel shows the animated
agent avatar, while the right panel displays the real-time transcript and playback controls.

dio is processed in real time using Whisper (Rad-
ford et al., 2023) for automatic speech recogni-
tion (STT) and Kokoro (hexgrad, 2024) for text-to-
speech (TTS). All audio recordings and correspond-
ing text transcripts were stored with timestamps for
post-hoc analysis, and post-interview experience
feedback from participants was also collected for
qualitative analysis using REDCap2.

4 Study

4.1 Participants and Study Design
Participants. Adults with suspected ADRD were
recruited from a large urban cognitive neurology
clinic. Inclusion criteria only required sufficient
hearing and speech ability to participate in spoken
interviews, including participants who used func-
tional hearing aids. Of 35 initial participants, the
first 5 served as a preliminary pilot to refine the ini-
tial system design and were excluded from analysis.
The remaining 30 participants are summarized in
Table 1. Eighteen attended with an informant.

Factor Summary Statistics

Gender Female:20 (67%), Male:10 (33%)
Race / Ethnicity Asian:1 (3%), Black:6 (20%), White:23 (77%)
Age 72 (9.8) 47–89
Years of Education 15.6 (1.9) 12–20

Table 1: Participant demographic information (n=30)

This research was approved by the Institutional
Review Board (IRB) and all participants provided
2REDCap (Research Electronic Data Capture) is a secure,
web-based platform designed for managing online surveys
and databases, widely used in academic and clinical research.

informed consent. All clinicians at the cognitive
neurology clinic agreed to participate. Data secu-
rity and safety monitoring procedures are described
in Appendix A.3.

Within-Subjects Design. Participants completed
a conversational AI agent-led interview followed by
a clinician-led interview. This fixed order reflects
the intended deployment model where the agent
gathers preliminary information before specialist
consultation. The agent followed the specialist-
developed interview scripts (Section 3.2), while
the clinician was blinded to the agent interview so
that they would conduct their interview using their
usual clinical practice.

Procedure. Sessions were conducted in a private
room at the clinic. In the agent-led condition, par-
ticipants sat side-by-side with their informant in
front of a laptop running the web-based voice in-
terface (Figure 4), with two microphones capturing
speech from each speaker. Participants were as-
signed to one of two conversational agents, each
using a different LLM prompting strategy (15 par-
ticipants per condition):

• Full-script Prompting (FP), where the agent
receives the complete set of approximately 30
topic scripts in a single system prompt at the
start of the session.

• Sequential Prompting (SP), where the agent
is given one topic script at a time, proceeding
to the next only after it determines that the
current topic has been fully addressed.
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We included this experimental condition to exam-
ine how the prompting method influences the re-
sulting dialogue—including the agent’s instruction-
following behavior, participant interaction patterns,
and symptom elicitation outcomes. All interviews
were audio-recorded and transcribed, transcripts
were manually reviewed against the audio for com-
pleteness and corrected as needed before analysis.
After each interview, participants completed a ques-
tionnaire rating their experience based on the vali-
dated Acceptability E-Scale (AES) (Tariman et al.,
2011; Philip et al., 2017).

4.2 Evaluation Measures
We evaluated the system across three complemen-
tary dimensions—dialogue analysis, symptom elic-
itation, and user experience. We also examined
how these dimensions interact, for example, how
prompting strategies influenced its dialogue pat-
terns, how these differences shaped participant en-
gagement, and how both, in turn, affected the clini-
cal quality of interview transcripts.

Dialogue Analysis. We annotated resulting inter-
view transcripts to assess whether the agent covered
all required topic scripts, whether its utterances
were appropriate and safe, and how it adapted its
questions and follow-ups. We developed a detailed
annotation guideline for evaluating agent utterance
quality, informed by prior work on conversational
quality assessment (Finch et al., 2023). The guide-
line covers five dimensions: (1) Topic script cover-
age, and (2) Topic script alignment, (3) Response
politeness, (4) Correct understanding of patient/in-
formant input and (5) Provision of opportunities
for participants to respond. The full annotation
guideline is provided in A.4. Given the scale of
the dataset, we used an LLM-based annotation ap-
proach (Chiang and Lee, 2023) to label all the ut-
terances, as a pragmatic aid to support large-scale
analysis. We used Claude 4 Sonnet (Anthropic,
2025) in a secured AWS environment. To assess
the reliability of these automated annotations, two
trained human annotators independently annotated
a randomly sampled set of five interview transcripts.
Each interview contains about 50–60 agent utter-
ances (Table 2), resulting in several hundred agent
utterances used for agreement analysis.

Symptom Elicitation. One cognitive neurolo-
gist3 (AB) and one of two trained study team mem-
3A clinician with a subspecialty in neurodegenerative disease,
board certified in neurology as well as certified by the United

bers (OA and AN) independently labeled each tran-
script from both agent-led and clinician-led inter-
views then met to resolve discrepancies through
consensus. Each interview was labeled with 35
symptoms as present, absent (symptoms that are
asked about and denied by the patients), ambiguous,
past history (resolved or sufficiently treated), asked
but unanswered, or not discussed. We distinguish
absent, meaning a symptom explicitly raised and
denied, from not discussed, meaning a symptom
never raised. These 35 symptoms were identified
by two cognitive neurologists (AB and HR) as com-
prehensive domains relevant to ADRD diagnosis
and management, of which 21 were designated as
clinically important for ADRD diagnosis such that
they would ideally be asked at every new patient
visit (see Appendix A.2.1 for further details of the
symptom elicitation process). Inter-rater reliability
prior to consensus adjudication was assessed using
Cohen’s kappa. A labeling guidebook was created
and expanded as needed based on consensus dis-
cussions. The gold standard for each symptom was
established by consensus adjudication: when the
agent and clinician transcripts agreed, the agreed
label was adopted; when they disagreed on present,
absent, or ambiguous, the same annotators inde-
pendently re-reviewed both transcripts to reach a
consensus determination. We conducted this evalu-
ation using four measures:

• (1) Sensitivity — the proportion of symptoms
present in the gold standard that were also
correctly identified in the agent transcript.

• (2) Specificity — the proportion of symptoms
absent in the gold standard that were also
marked absent in the agent transcript.

• (3) Not Discussed rate — the proportion of the
21 clinically important symptoms completely
omitted from the interview.

• (4) Ambiguity rate — the proportion of the 21
clinically important symptoms discussed but
for which the presence/absence could not be
clearly determined.

User Experience. After each interview, partici-
pants completed a six-item questionnaire evaluat-
ing their experience with the agent interview. Each
item used a 5-point Likert scale (5 = very positive,
1 = very negative) and assessed: (1) Ease of use,
(2) Understandability of questions, (3) Enjoyment
of the interaction, (4) Helpfulness in describing

Council for Neurologic Subspecialties (UCNS) in behavioral
neurology and neuropsychiatry.
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symptoms, (5) Acceptability of the time required,
and (6) Overall satisfaction. The full wording of
the six questionnaire items is shown in Figure 6.
Open-text responses captured qualitative feedback.

4.3 Result
4.3.1 Dialogue Analysis
Figure 5 illustrates the utterance-level dialogue
analysis. It compares two prompting strategies:
full-script prompting (FP; n=15), where the agent
received all topic scripts at once, and sequential
prompting (SP; n=15), where it was given one topic
script at a time and instructed to output the phrase
"move on to next topic" to trigger the next script.
The analysis is based on LLM-based annotations,
with reliability evaluated against human annotator
judgments in Section 4.3.2. We note that the two
conditions differ only in prompt delivery, and this
comparison is designed to examine how inputting
the same interview content all at once versus one
topic at a time shapes the agent’s dialogue behavior;
the resulting differences are thus not a confound
but the intended object of study.

Richness and coverage trade-offs. Compared
to FP, SP produced more conversation turns (A)
and showed greater flexibility in topic script align-
ment, frequently generating appropriate out-of-
survey questions (D) 4. Consequently, SP promoted
longer, more interactive conversations, frequently
supplemented by clarifying probes that elicited fur-
ther clinical detail. For instance, when a partici-
pant’s answer to “How long has this been going
on?” did not provide enough detail, the agent could
adapt with a clarifying follow-up such as:

“Could you clarify—how long have you been
noticing these changes in your movement speed,
like walking more slowly or taking longer with
buttons?” (Agent utterance, Sequential prompting,
Interview with P19)

However, SP also introduced distinct vulnerabili-
ties. Transition errors—caused by the agent failing
to produce or overproducing the explicit "move
on to next topic" signal—led to skipped or incom-
plete items, particularly in later sections (C), re-
ducing overall topic script coverage (B). When
stuck within a topic, the agent also generated
out-of-survey questions that twice required verbal
redirection from study team members, suggesting
4We further split out-of-survey questions into (a) appropriate
and (b) inappropriate questions, based on whether the ques-
tion is clinically relevant despite falling outside the structured
survey. See Appendix A.4 for the full annotation guideline.

that more robust topic transition mechanisms are
needed before unsupervised deployment. By con-
trast, FP achieved broader topic coverage over-
all, addressing items at least partially rather than
missing them entirely, but offered limited conver-
sational flexibility beyond the scripted questions.

Politeness and rapport. Across both strategies,
all agent utterances were consistently rated as polite
(E), with no antisocial or inappropriate behavior
observed. Cases of misunderstanding user input
(F) were relatively rare in both strategies; however,
when they did occur, FP tended to proceed with the
interview as scripted without repair, whereas SP
more often flexibly repaired the misunderstanding
before moving on. For example, when a participant
had already described driving experiences and the
agent later asked whether they drove, the partici-
pant responded that this had already been discussed,
and the agent repaired the misunderstanding:

“You’re right. We already covered driving earlier
when you mentioned the recent incidents includ-
ing the tire incident on the expressway and the
post at the gas station [...]” (Agent utterance, Se-
quential prompting, Interview with P28)

Response opportunities. Another important
difference lay in how agent utterances were struc-
tured. With FP, the agent often attempted to com-
press multiple questions into a single turn—even
when they belonged to different topics. This re-
duced the natural flow of the conversation and
limited opportunities for participants to respond
(G) fully to each question. For example, in one
conversation the agent combined two distinct top-
ics within a single utterance—first asking about
changes in empathy and then shifting abruptly to a
question about scams:

“That’s great. We’re asking about new changes in
empathy or emotional reactions. Is your answer
still no? Compared to the past, are you more
open to scams or solicitations?” (Agent utterance,
Full-script prompting, Interview with P31)

In contrast, SP delivered one topic script at a time,
which the agent was required to complete before
moving on. This design promoted faithful execu-
tion of each topic, yielding reliable turn-taking and
clear response opportunities for participants, result-
ing in a more conversational flow.

Utterance patterns across interviewers. Table
2 summarizes participants’ utterance counts com-
paring clinician-led interviews and the two types
of agent-led interviews (FP, SP). In the interviewer
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Figure 5: Utterance-level analysis of conversational agent under the two prompting strategies. (A) Conversation
Turns shows the conversation length, quantified by the total number of turn exchanges. (B) Topic Script Coverage
indicates the proportion of topics covered, partially covered, or missed. (C) Position of Uncovered indicates the
normalized position of missed or partially covered in the sequence of topic scripts, where smaller values indicate
earlier failures. (D) Topic Script Alignment shows whether utterances were directly survey-based, out-of-survey
but appropriate, or out-of-survey and inappropriate. (E) Response Politeness, (F) Input Understanding, and
(G) Response Opportunity summarize utterance-level judgments of politeness, comprehension, and whether
participants were given space to respond. (H) User Satisfaction compares overall satisfaction with the agent
interaction across prompting strategies, corresponding to the sixth questionnaire item in Figure 6.

Interviewer Patient Informant

Interviewer Count Length Count Length Count Length

Clinician 118.3 (50.0 – 188.0) 31.1 (18.7 – 48.3) 81.6 (2.0 – 155.0) 13.1 (1.0 – 28.0) 51.6 (11.0 – 105.0) 19.9 (9.8 – 61.2)
Agent (Full-script) 49.3 (36.0 – 65.0) 30.9 (22.5 – 55.5) 47.4 (35.0 – 61.0) 31.8 (3.1 – 127.5) 17.0 (3.0 – 55.0) 36.6 (7.1 – 51.5)
Agent (Sequential) 66.1 (31.0 – 107.0) 32.9 (22.3 – 48.0) 57.5 (7.0 – 105.0) 39.5 (10.1 – 130.5) 19.9 (5.0 – 74.0) 45.3 (15.8 – 101.6)

Table 2: Participants’ utterance counts and average length per utterance (in words; computed using whitespace
delimitation), with means and ranges, across interviewers, separated by roles (interviewer, patient, informant).

role, clinicians spoke most frequently (about 118
turns on average), whereas the agents produced
fewer utterances (roughly 50–65 turns). Patients, in
turn, accounted for a greater share of turns and con-
tributed longer responses in the agent-led sessions,
especially under the SP setting. Informants, while
also producing longer responses in the agent-led
setting, nonetheless accounted for a smaller share
of turns compared to clinician interviews, shifting
the patient-to-informant ratio from roughly 1.5:1
to nearly 3:1. Informants contributed a smaller
share of turns compared to clinician interviews,
suggesting the agent’s direct patient-focused inter-
action style may reduce informant involvement or
increase patient involvement.

4.3.2 Comparison with Human Annotation

Table 3 reports inter-rater agreement between each
human annotator and the LLM, as well as between
the two human annotators, computed on a randomly

sampled set of five interviews. Raw agreement is
high across dimensions, while chance-corrected
agreement varies by category. Krippendorff’s alpha
(α) between the LLM and human annotators is
generally comparable to human–human agreement,
suggesting automated labels fall within the range
of human annotator variability.

H1 — LLM H2 — LLM H1 — H2
Dimension raw α raw α raw α

Survey Coverage 70.3 61.4 78.6 74.9 76.0 64.2
Out-of-Survey (a) 92.1 63.6 92.6 62.9 94.7 74.1
Out-of-Survey (b) 90.1 58.8 90.3 57.0 93.4 64.7
Antisocial Resp. 100.0 N/A 100.0 N/A 100.0 N/A
Misunderstanding 94.1 64.8 94.9 49.0 95.5 52.0
Failure to Repair 90.5 63.6 91.3 47.3 95.5 52.2
No Opportunity 96.8 85.6 97.3 71.6 96.1 71.7

Table 3: Inter-rater agreement among human (H1, H2)
and LLM annotators across annotation dimensions 4.

Lower α values for dimensions involving rare judg-
ments (e.g., Out-of-Survey (b), Misunderstanding,
Failure to Repair Misunderstanding) are expected,
as chance-corrected measures tend to be conserva-
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tive under imbalanced label distributions (Krippen-
dorff, 2011; Artstein and Poesio, 2008). Survey
Coverage shows moderate agreement, likely re-
flecting the difficulty of its three-way categorical
scheme; notably, human–LLM agreement remains
comparable to human–human agreement. For Anti-
social / Impolite Responses, all annotators labeled
every instance as non-antisocial, yielding perfect
raw agreement and undefined α. We note that this
analysis is intended to assess plausibility rather
than serve as definitive validation.

4.3.3 Symptom Elicitation
Inter-rater Reliability Agreement before con-
sensus was substantial (Cohen’s k = 0.72–0.73),
supporting reliability of symptom labeling process.

Sensitivity and Specificity Table 4 displays the
count of symptom labels for agent and clinician in-
terviews, and Table 5 summarizes key measures of
symptom elicitation from the agent-led interview
transcripts. Across transcripts, agent-led interviews
achieved an overall sensitivity of 83.5% and speci-
ficity of 100% for symptoms labeled as clearly
present or absent in the consensus gold standard.
SP achieved higher sensitivity than FP (87.6% vs
78.7%) with identical specificity. The 100% speci-
ficity reflects zero adjudicated false positives: no
symptom the agent elicited as present was later
found to be absent.

Per-symptom estimates, by contrast, were un-
stable given the few cases available per symptom.
Among the 18 symptoms with at least five present-
or-absent cases in both transcripts (i.e. the same
symptom was labeled as either present or absent in
both transcripts), per-symptom sensitivity ranged
widely (40–100%), and most confidence intervals
exceeded 40 percentage points in width. We there-
fore draw conclusions from the pooled estimates
above and treat per-symptom values as hypothesis-
generating rather than reliable point estimates.

Label Agent Clinician

PRESENT 208 173
ABSENT 371 126
AMBIGUOUS 83 79
ASKED/UNANSWERED 10 1
PAST HISTORY 11 18
NOT DISCUSSED 192 478

Table 4: Symptom label distribution across interviews.

Ambiguity and Not-Discussed Rates Analysis
of the 21 clinically important symptoms (see Ap-
pendix A.2.2 for details) revealed that agent-led

Metric Overall SP FP

Sensitivity (95% CI) 83.5% (76.3–88.7) 87.6% (78.1–93.3) 78.7% (67.5–86.9)
Specificity (95% CI) 100% (95.8–100) 100% (89.8–100) 100% (93.3–100)

Table 5: Sensitivity and specificity of the agent interview
across all symptoms.

interviews had a lower median per-symptom not-
discussed rate than clinician-led interviews (13.0%
vs 30.4%). Ambiguity rates were comparable
between the two interviewers (13.0% vs 16.7%;
Wilcoxon signed-rank test, p = 0.19), and ambigu-
ous responses were roughly equally distributed be-
tween them (47.9% from agents; exact binomial
test, p = 0.71). Comparing the two prompting strate-
gies, SP showed a trend toward lower ambiguity
than FP (9.1% vs 16.7%; Mann-Whitney U test, p
= 0.064), while not-discussed rates did not differ
significantly (18.2% vs 8.3%; p = 0.165).

4.4 User Experience
As shown in Figure 6, participants’ responses were
consistently positive across all items. However,
item (4) Helpfulness in describing symptoms and
(5) Acceptability of the time required elicited a
small number of strongly negative responses, typ-
ically linked to technical or conversational break-
downs. Of the 30 participants, 19 completed the
questionnaire. In addition, open-text responses pro-
vided qualitative insights into participants’ expe-
riences. They described the agent as “actually
quite fun” (P14), “enjoyable” (P9, P12), and “en-
tertaining to use” (P13). Some appreciated its non-
interruptive style and the opportunity for detailed
sharing, for example:

“I appreciate she doesn’t interrupt and gave us
time to talk.” (P24)

“It was nice not having the pressure of answering
questions with a person.” (P25)

Others highlighted its potential clinical value. One
participant noted its usefulness as a supplementary
tool in contexts where long wait times make it dif-
ficult to see a doctor:

“She can be really useful to people who are wait-
ing a long time to see a doctor.” (P6)

Another emphasized the agent’s thoroughness in
conducting the clinical interview:

“I found this to be very thorough and felt it under-
stood my information more than most doctors. It
was affirming and accurate with the majority of
my patient history. It was patient and took time
to listen.” (P7)

Not all feedback was positive, however. Some
participants reported issues with question design,
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Figure 6: Patient satisfaction ratings (n=19) across six questionnaire items, each measured on a 5-point Likert scale.

such as “sometimes questions are jumbled” (P15)
and “some repetitive questions” (P16). One par-
ticipant who responded negatively to the question
(5) Was the amount of time it took to complete
this chatbot acceptable? (see Figure 6) remarked,

“some of the questions should be broken down
as opposed to 2 or 3 questions” (P23). This re-
flects the response-opportunity pattern shown in
figure 5 where the agent, particularly under full-
script prompting, sometimes combined two or three
distinct questions into a single turn, leaving partic-
ipants unsure how to answer each. Some partici-
pants also noted clarity issues, such as being asked
about concepts without sufficient explanation:

“Some questions asked about things without a
definition, such as activities of daily living.” (P19)

In addition to conversation design issues, one par-
ticipant reported cases where the system appeared
to stall, underscoring the need for further backend
process optimization:

“It locked up twice and was pretty slow a couple
of times. A faster processor might help.” (P27)

5 Conclusion

We presented a voice-interactive conversational
agent for pre-visit ADRD diagnostic history-taking
and evaluated it in a within-subjects study with 30
older adults from a cognitive neurology clinic. Our
findings demonstrate that LLM prompting strategy
meaningfully shapes conversation design outcomes:
sequential prompting promoted richer, more in-
teractive dialogues with greater topic script align-
ment, while full-script prompting offered broader
symptom coverage with less conversational flexi-
bility. User experience ratings were consistently
positive, with participants highlighting the agent’s
patience, thoroughness, and non-interruptive inter-
action style as key strengths. Users said twice as
many words per utterance with the agent and also
spent twice as much time on relaying their symp-
toms compared to the time-limited clinician. This

engagement as well as in depth questioning likely
led to the comparable clarity and higher coverage of
ADRD relevant symptoms compared to clinicians.
These results suggest that conversational AI agents
have potential to meaningfully augment clinical
history-taking, particularly in contexts where spe-
cialist access is limited or visit time is constrained.
Limitations of this work, including sample size,
single-site recruitment, and potential order effects,
are discussed in Section A.5.

6 Limitations

This pilot study has several limitations related to
sample size and generalizability, the fixed within-
subjects interview order, the co-present interview
setting, and the scope of user experience measure-
ment, which we discuss in detail in Appendix A.5.
We also clarify the scope of validation and intended
responsible use of the agent, as a pre-visit support
tool rather than an autonomous diagnostic system,
in the same appendix.
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A Appendix

A.1 Alzheimer’s disease and related
dementias (ADRD)

Alzheimer’s disease and related dementias (ADRD)
are rapidly becoming one of the most pressing
global health challenges as populations age (World
Health Organization, 2025; Alzheimer’s Associa-
tion, 2024). In the United States, the lifetime risk of
dementia reaches 48% for women and 35% for men
after age 55, with projected annual new cases dou-
bling to more than 1 million by 2060 (Fang et al.,
2025). Early diagnosis is crucial for accessing qual-
ity care, eligibility for new disease modifying ther-
apies (DMT) and for enabling research aimed to
prevent dementia; however, over 50% of dementia
diagnoses are delayed until moderate or advanced
stages in primary care (Bradford et al., 2009; Kota-
gal et al., 2015) with greater delays among racial
and ethnic minorities (Babulal et al., 2019). A se-
vere shortage of specialists, combined with time
and knowledge constraints especially in primary
care settings, creates a growing gap between pa-
tient needs and available care (Boustani et al., 2005;
Bernstein et al., 2019; Liu et al., 2024a).

The path to an accurate diagnosis starts with a
comprehensive patient narrative, which provides
essential context for interpreting biomarkers, cog-
nitive tests, and other diagnostic data (Bouwman
et al., 2022; Dubois et al., 2024). While memory
care clinics at academic medical centers often pro-
vide 1 to 2 hours for rich patient–clinician interac-
tion, primary care visits of 20 minutes or less rarely
allow such extended dialogue or exploration of con-
cerns (Linzer et al., 2015). Furthermore, with the
average wait time for memory care clinics exceed-
ing a year with projections to exceed 40 months by
2027, (Liu et al., 2024a), specialty clinics are also
pressed to reduce visits time to adequately address
the increasing demand. This challenge is particu-
larly acute for older adults in under-resourced or
rural settings, where specialist availability is lim-
ited (Liu et al., 2024b; Giebel et al., 2025), mak-
ing inclusive access to supportive, patient-centered
interaction even more critical. These pressures
also highlight the need for technology-mediated ap-
proaches that can extend such interactions beyond
the constraints of clinic visits.

To address this gap, previous research has ex-
plored AI technologies in health screening con-
texts, including cognitive assessments for older
adults (Takeshige-Amano et al., 2024; Yoshii et al.,

2023; Pahar et al., 2025; de Arriba-Pérez et al.,
2022). These screening studies have primarily ex-
amined whether cognitive status (i.e., dementia,
mild cognitive impairment (MCI), and healthy con-
trols) can be accurately classified from AI-elicited
interactions, rather than supporting clinicians in
finding the cause of a patient’s MCI or dementia.
While better detection is certainly needed, such ap-
proaches in isolation add to the burden of an already
overwhelmed healthcare system, as patients still
need to see a clinician for a diagnosis. Moreover,
many rely on black-box machine learning methods
that identify patterns beyond human perception,
making integration challenging because clinicians
cannot readily verify such insights—an issue that
contributes to algorithmic aversion (Aristidou et al.,
2022). An open question is whether such systems
can offer a more immediately practical applica-
tion by supporting the patient–clinician interaction,
making the elicitation of a comprehensive patient
narrative both more efficient and comprehensive.
This is particularly challenging in ADRD as symp-
toms are complex and often difficult for patients
and their informants to describe, requiring prob-
ing questions and eliciting meaningful examples of
their symptoms.

A.2 Symptom Elicitation Details

A.2.1 Annotation Protocol and Statistical
Methods

Participant Inclusion by Analysis. Five were
excluded from symptom elicitation analyses: four
rescheduled without notifying the team (resulting
in no clinician recording) and one had an unblinded
clinician. An additional two were excluded from
ambiguity and not-discussed rate analyses, as their
clinician interviews were conducted as brief consul-
tative visits for patients with established diagnoses,
rather than comprehensive diagnostic assessments,
which would inflate not-discussed rates and bias
ambiguity estimates. This yields n = 25 for sensi-
tivity/specificity analyses and n = 23 for ambiguity
and not-discussed rate analyses.

Consensus Adjudication. For cases where con-
versational AI agent and clinician interview tran-
scripts showed discrepant labels for the same symp-
tom, the annotators independently reviewed both
transcripts to establish a gold standard through
a second round of consensus adjudication. This
cross-transcript review sometimes revealed com-
plementary information elicited by different inter-
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Cognitive/Behavioral Functional/Motor Sleep/Psychiatric

Memory problems Basic ADL Sleep disturbances
Language difficulties Instrumental ADL Sleep apnea
Executive dysfunction Falls REM sleep behavior disorder
Visuospatial difficulties Description/cause of fall Depression
Hallucinations Gait changes Anxiety
Delusions Balance Irritability
Socially inappropriate behaviors Tremor
Family history

Table 6: Core ADRD symptoms selected for ambiguity and not-discussed rate analyses. These symptoms were
identified through clinical consensus as both frequently elicited in routine practice and important for comprehensive
dementia evaluation regardless of suspected diagnosis.

Figure 7: Box plots comparing per-symptom ambiguity rates (top row) and not-discussed rates (bottom row) between
agent and clinician interviews (n=23). Left column (A, D) shows overall distributions. Middle column (B, E) shows
rates stratified by prompting strategy (Multi-prompt: sequential prompting; Single-prompt: full-script prompting).
Right column (C, F) shows rate differences (Agent-Clinician) by prompting strategy. Positive differences indicate
higher rates for the agent relative to clinician interviews.

view approaches, for example, in-depth question-
ing in one interview might reveal hallucinations
even though the patient denied them in both in-
terviews, due to not recognizing their experiences
as qualifying for this symptom. If the presence
or absence of a symptom remained unclear even
after reviewing both transcripts, it was labeled as
ambiguous in the gold standard.

Clinically Important Symptom Subset. For not-
discussed and ambiguity rate analyses, we focused
on a subset of 21 symptoms (Table 6) identified
by two cognitive neurologists (including the cogni-
tive neurology division director) as both frequently
elicited in routine practice and clinically impor-
tant for comprehensive dementia evaluation. These
symptoms cover modifiable contributors, common

copathologies (e.g., Alzheimer’s and Lewy Body
disease), and commonly missed diagnoses.

Statistical Methods. This pilot study was ex-
ploratory and results are treated as hypothesis gen-
erating. Not-discussed rates are reported descrip-
tively given the inherent asymmetry between the
agent (which attempts all symptoms) and clinicians
(who selectively elicit relevant symptoms). Ambi-
guity rates were compared using Wilcoxon signed-
rank tests across symptoms, and overall propor-
tion differences were assessed using exact binomial
tests. Between-condition comparisons (full-script
vs. sequential) used Mann-Whitney U tests. Signifi-
cance was set at p < 0.05 (two-sided). Per-symptom
sensitivity and specificity analyses were limited to
symptoms with at least five cases; confidence inter-
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vals were calculated using Wilson score intervals.

A.2.2 Analysis of the 21 Clinically Important
Symptoms

Figure 7 presents per-symptom ambiguity and not-
discussed rates across participants and stratified by
LLM prompting strategy.

A.3 Data Security, Privacy, and Safety
Monitoring

The conversational agent underwent institutional IT
security review to ensure HIPAA compliance. The
system and all data were hosted within a secure,
HIPAA-compliant AWS account with encryption
and role-based access controls. Audio recordings
and transcripts were treated as Protected Health In-
formation (PHI), as unique patient narratives could
potentially identify individuals despite removal of
standard identifiers. For participant safety, both the
consent process and the conversational agent ex-
plicitly informed participants that transcripts would
not receive immediate clinical review. A study
team member reviewed all agent transcripts within
24 hours for safety concerns (e.g., homicidal or sui-
cidal ideation). When consensus adjudication iden-
tified clinically relevant information in agent tran-
scripts that was absent from clinician interviews,
the reviewing neurologist contacted the treating
clinician to ensure appropriate clinical follow-up.

A.4 Dialouge Annotation Guidelines
Annotation Guideline for Agent-led

Interview Conversation Quality Evaluation

General Instructions
- Annotate each chatbot utterance individually.
- Context is crucial: consider the patient’s and

informant’s preceding responses.
- Use the provided clinical survey as the reference

document.

1. Survey Coverage (for each Topic Script)
Goal: Determine whether the chatbot is systemati-
cally covering the required clinical survey items.
Instructions:

- Check whether the chatbot addressed the clinical
survey item.

- If a survey item is conditional, verify whether the
chatbot appropriately included or skipped it based on
prior patient/informant responses.
Mark as:

- ✓ Covered: The chatbot asked or addressed all
items in the topic appropriately and accurately.

- X Not Covered: The chatbot did not ask any
questions from the topic.

- ! Partially Covered: The chatbot addressed the
questions in the topic only partially.

2. Out-of-Survey Responses (for each Bot
utterance)
Goal: Identify and assess chatbot responses that do
not correspond to the clinical survey.

2a. Identification
Mark each chatbot response as:

- ❍ Survey-Based: The response aligns with a
clinical survey item.

- ✗ Out-of-Survey: The response is not traceable to
any item in the survey.

2b. Appropriateness
For each ✗ Out-of-Survey response, assess clinical
relevance:

- ✓ Appropriate: Adds rapport, clarifies
information, addresses confusion, or supports the
interview in a clinically acceptable way.

- X Inappropriate: Irrelevant, distracting,
confusing, or could bias the patient or harm rapport.
Examples:

- Chatbot says: “Okay, so you’ve been experiencing
these problems for the last 3 years, where you have
needed reminding of important events and also had to
rely more on notes.”

- ✗ Out-of-Survey
- ✓ Appropriate (summarizing to check

understanding, without interrupting the interview)

3. Antisocial / Impolite Responses (for each Bot
utterance)
Goal: Identify instances where the chatbot’s re-
sponses are unempathetic, disrespectful, or offensive.
Mark each chatbot response as:

- ✓ Polite/Neutral: Respectful and appropriate for
elderly patients.

- ! Impolite/Antisocial: Includes any of the
following:

- Lack of empathy or warmth
- Dismissiveness
- Insulting or judgmental tone
- Inappropriate humor or sarcasm
- Ageist or biased assumptions
- Responses that clearly lack tact or have

insulting implications should also be marked
“Impolite/Antisocial”
Examples:

- “I see you’re having trouble speaking right now.
Please speak clearly so that we can continue the
interview.” → ! Impolite

- “It looks like there might be a microphone
problem or another issue preventing me from
understanding your answer. Would you please repeat
your answer?” → ✓ Polite

4. Misunderstanding of Patient/Informant input
(for each Bot utterance)
Goal: Identify if the chatbot misunderstood the
patient or misattributed speech between patient and
informant.
Mark each chatbot response as:

- ✓ Understanding: Correct Understanding
- X Misunderstanding: includes:

- Incorrect paraphrasing of patient/informant
input

- Response to the wrong speaker (e.g., addresses
the informant’s comment as if it were from the
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patient)
- Misinterpreting patient’s intent or meaning

Examples:
- Patient: “I don’t drive anymore.” Chatbot:

“How often do you drive these days?” → X
Misunderstanding

- Informant: “She forgets where she leaves things.”
Chatbot: “You said you forget things often. Can
you give an example?” → X Misunderstanding
(misattributed speech)

5. Failure to Repair Misunderstanding
Goal: Evaluate whether the chatbot effectively
corrects or redirects when a misunderstanding has
occurred.
Instructions:

- For each previous misunderstanding by the
chatbot OR misunderstanding by the patient, examine
the chatbot’s next turn.
Mark as:

- ✓ Repaired: The chatbot recognized and
corrected the misunderstanding or appropriately
redirected the conversation.

- X Not Repaired: The chatbot did not address or
correct the issue, and the misunderstanding persists
or worsens.
Examples:

- Patient: “Well my granddaughter was just telling
me about what she was learning, she just started
college, and I don’t remember any of that stuff even
though I used to.” Chatbot: “I see. What about
forgetting things that happened more recently? Have
you had trouble keeping track of your schedule or
remembering things that happened in the past few
years?” → ✓ Repaired

- Patient: “Well my granddaughter was just telling
me about what she was learning, she just started
college, and I don’t remember any of that stuff even
though I used to.” Chatbot: “Do you find that you
have to rely more on notes than you used to in your
daily life?” → X Not Repaired (failed to clarify)

6. No Opportunity to Answer
Goal: Identify instances where the chatbot poses a
question appropriately but does not provide space for
the patient to respond before continuing.
Instructions:

- Asks a relevant and clearly phrased question, but
immediately follows it with another question, state-
ment, or topic shift.

- Does not give the patient a natural conversational
opportunity to respond.
Mark as:

- ✓ Opportunity Provided: The chatbot gives a
clear opportunity (either by pausing or awaiting input)
after asking a question.

- X No Opportunity to Answer: - The chatbot con-
tinues speaking too quickly or shifts topics without
allowing for a pause or patient input.
Examples:

- Chatbot: “Can you tell me more about that?” [waits
or includes pause] → ✓ Opportunity Provided

- Chatbot: “How has your memory been lately?
Have you been sleeping well?” → X No Opportunity
to Answer

Figure 8: Annotation guideline used for chatbot conver-
sation quality evaluation.

A.5 Limitation

Sample size and generalizability. This pilot
study was conducted with 30 participants from a
single academic cognitive neurology clinic, lim-
iting statistical power and generalizability. Per-
symptom sensitivity and specificity analyses were
further constrained by the subset of symptoms with
sufficient case counts, yielding wide confidence
intervals. Findings should be interpreted as prelim-
inary and hypothesis-generating. Additionally, all
interviews were conducted in English, excluding
non-English-speaking patients who may face even
greater barriers to specialist access.

Fixed interview order and timing. The within-
subjects design required the agent interview to al-
ways precede the clinician visit, mirroring real-
world workflows but potentially introducing order
effects: patients and informants may have reflected
more deeply on their symptoms—or sought addi-
tional information from family members—between
the two interviews, inadvertently benefiting the
clinician interview. Furthermore, the interval be-
tween agent and clinician interviews varied across
participants, with some up to three months apart.
While clinically meaningful symptom changes are
unlikely over this period for slowly progressive dis-
orders, some symptom evolution remains possible.

Co-present interview setting. Patients and in-
formants were interviewed together, mirroring typ-
ical clinical practice but likely suppressing infor-
mant disclosures. Informants sometimes withheld
or softened information in front of the patient, con-
tributing to the lower patient-to-informant turn ratio
observed in agent interviews (nearly 3:1) compared
to clinician interviews (1.5:1). This co-presence
likely reduced agent sensitivity, as some symp-
toms were disclosed to the clinician but not the
agent. This highlights a broader interaction design
challenge of creating safe disclosure spaces when
multiple stakeholders have competing social and
informational needs.

User experience measurement. Post-interview
questionnaires were completed by only 19 of 30
participants, primarily due to time constraints, and
participants were recruited from a research con-
text in which they understood the agent interview
would not be used clinically. Usability findings and
engagement levels may therefore not fully reflect
those of patients in real-world clinical deployment.
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Scope of validation and responsible use. This
work evaluates a conversational interview system
and establishes feasibility. It does not validate a
clinician facing summary of the interview, clinical
utility, or deployment readiness, and findings do
not support causal claims about agent versus clini-
cian performance. The agent is intended as part of a
pre-visit support tool, not an autonomous diagnos-
tic agent. It elicits and records a patient’s narrative
to inform, rather than direct the clinician’s evalu-
ation, and never produces a diagnosis, risk score,
or recommendation, so a model error surfaces as a
missed or inappropriate question rather than a fab-
ricated clinical conclusion. The agent’s high speci-
ficity should be interpreted with care. Because the
agent queries all symptoms systematically while
clinicians probe selectively, it accumulates a large
pool of explicit denials, and this combined with no
false positives drives the observed specificity. We
view this as evidence that the agent did not influ-
ence participants to over-endorse symptoms that
were later found to be absent. We acknowledge
that processing sensitive patient data via an LLM
carries risks (misuse, data security); our safeguards
(secure use of the Bedrock API, HIPAA-compliant
hosting, real-time human supervision during ses-
sions) mitigated this at pilot scale, but we do not
view this as evidence of readiness for unsupervised
clinical deployment. Realistic use would further re-
quire a clinician-facing summary step beyond this
paper’s scope and attention to consent and data gov-
ernance outside the research setting for protected
health information. These considerations must be
weighed against a status quo in which specialist
shortages already delay diagnosis and dispropor-
tionately burden under-resourced populations.
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