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Abstract

Access to reliable health guidance is a critical
global challenge. While large language mod-
els show promise, their practical utility is typ-
ically limited by high input barriers, lack of
adaptive response strategies for complex sce-
narios, and insufficient real-world evaluation.
To address these gaps, we present a novel health
AI assistant that integrates a low-latency full-
duplex voice interface with a Multi-Agent Sys-
tem (MAS). In our within-user observational
analysis, full-duplex use was associated with
greater conversation depth (10.16 vs. 2.62 turns
for text), but the non-randomized modality as-
signment precludes a causal interpretation. Fur-
thermore, our MAS architecture decouples clin-
ical reasoning from general conversation, effec-
tively managing complex queries and boosting
clinical performance scores by approximately
30% compared with the single-agent baseline.
We conducted the first large-scale analysis of
an LLM-based health assistant deployed to the
general public (N = 5, 000), demonstrating
superior user engagement and providing empir-
ical evidence on the utility of deploying such
systems in realistic environments.

1 Introduction

Access to reliable health information remains a
global challenge. Individuals seeking guidance
for health conditions often face a fragmented and
untrustworthy information landscape (Chou et al.,
2018). These barriers are amplified for sensitive
topics: people with mental or sexual health con-
cerns may avoid timely help from communities or
medical professionals due to stigma (Arias López
et al., 2023; Pretorius et al., 2019). Disparities in
health literacy and socioeconomic status further
compound the problem, leaving vulnerable popu-
lations least equipped to find and evaluate credi-
ble guidance (Mackert et al., 2016). Such health
inequities impose an estimated annual economic
burden of billions of dollars (LaVeist et al., 2023),

Q1: Please describe you current symptoms
and duration.

A1: I have a sharp headache in my left
temple and a low fever since yesterday.

Q2: Have you measured your temperature,
and do you have any drug allergies?

A2: Yes, It was 38.1℃ an hour ago. I am
allergic to penicillin.

Q3: Thank you. Based on this, I
recommend …

Idealized Environment

Q1: Please describe you current symptoms
and duration.

A1: I have a sharp headache.

Realistic Environment

Q2: Is the pain on your temples, the back
of your head, or somewhere else?

A2: By the way, is ibuprofen better than
aspirin for arthritis?
[Topic shift to another medical question]

Q3: We can discuss that later, but first I
need to understand your current
condition to ensure safety.

A3: Too much trouble typing on this
screen. [User Disconnected]

Figure 1: User Behavior Differences Between Different
Environments. In idealized settings, users exhibit per-
fect compliance in answering assistant questions (left).
However, they exhibit complex non-compliance behav-
iors such as topic shifting and premature termination in
realistic settings (right).

underscoring the need for trustworthy and accessi-
ble health support tools (Laranjo et al., 2018).

The advent of large language models (LLMs) of-
fers an unprecedented opportunity to provide broad
access to health artificial intelligence (AI) assis-
tants (Thirunavukarasu et al., 2023). Trained on
vast textual corpora, LLMs can support multi-turn
dialogue, synthesize medical knowledge, and gen-
erate natural responses (Chen et al., 2025). Re-
cent studies show that LLM-based assistants can
achieve performance comparable to human doc-
tors across specialized medical tasks (Sellergren
et al., 2025), including passing medical licensing
examinations (Singhal et al., 2023), conducting
preliminary diagnoses through conversation (Johri
et al., 2025), and analyzing complex patient medi-
cal records (Small et al., 2025).

However, these results are largely derived from
idealized environments. Existing research often
overlooks the complexity of real-world deployment
scenarios (Figure 1) and fails to address challenges
inherent to practical application (Choudhury et al.,
2025; Liu et al., 2025). This gap limits the broader
population from benefiting from LLM advances. In
unconstrained environments, current LLM-based
agents face substantial interactional limitations.
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First, accessibility remains a critical bottleneck
(High Input Barriers). Existing AI health inter-
faces mostly rely on text input or rudimentary half-
duplex voice interaction, creating barriers for pop-
ulations that may need healthcare support most,
including older adults, visually impaired users, and
those with limited digital literacy. Typing detailed
symptoms into a chat interface can be difficult or
impossible, while conventional voice systems often
lack interruption handling and natural turn-taking.
As noted by (Zhang et al., 2024), cumbersome typ-
ing or rigid voice interaction may reduce users’
willingness to provide detailed information, limit-
ing the context needed for accurate responses.

Second, current models often employ rigid con-
versational strategies. In clinical contexts, the
optimal interaction style depends on user intent:
simple questions may require concise answers,
whereas complex scenarios, such as a sudden, se-
vere headache, require proactive clarification be-
fore suggestions are given (Tu et al., 2025). Yet
LLMs fine-tuned primarily on general instruction-
following data often struggle with this distinction.
They tend to adopt a “one-size-fits-all” pattern, ei-
ther passively waiting for prompts or producing
overwhelming blocks of text, rather than switching
adaptively between concise consultant and thor-
ough interviewer.

Finally, rigorous evaluation in real-world sce-
narios remains lacking. Most studies focus on
static medical datasets, and although patient sim-
ulators are used as proxies, their credibility has
not been rigorously validated against real patient
interactions characterized by ambiguity and emo-
tional distress. Without data from actual public
use, real-world risks related to safety and hallucina-
tion remain underexplored (Team et al., 2025; Fan
et al., 2025; Schmidgall et al., 2026; Sviridov et al.,
2025).

In this study, we present the first comprehen-
sive design and large-scale real-world evaluation
of a user-centric health AI assistant. We introduce
three targeted improvements to bridge laboratory
prototypes and medical utility. Full-Duplex Voice
Interaction: We developed a real-time voice ar-
chitecture that supports natural turn-taking; in ob-
servational logs, its use was associated with an
increase in average interaction depth from 2.62
turns for text to 10.16 turns. Multi-Agent Orches-
tration: To address rigid response strategies, we
implemented a Multi-Agent System (MAS) that
dynamically routes requests to specialized agents,

such as Clinical Inquiry and Search, improving
performance on complex clinical queries by ap-
proximately 30% (from 0.68 to 0.88). Real-World
Evaluation: We analyzed data from 5,000 pub-
lic users to characterize engagement patterns and
identify critical safety benchmarks for future de-
ployment.

2 System Implementation

Our assistant uses a cascaded pipeline to support
natural, interruptible, and reliable human-AI inter-
action (Figure 2).

2.1 Audio Interface Implementation

We used the Silero Voice Activity Detection (VAD)
model (Team, 2021) to monitor user speech at 16
kHz with 32 ms chunks, producing a speech prob-
ability score. Based on preliminary experiments,
we set the detection threshold to 0.6. For barge-in,
the system immediately stops text-to-speech (TTS)
generation when VAD detects user speech during
assistant output. Specifically, it enters the listening
state when the VAD probability exceeds the thresh-
old for five consecutive chunks, and determines
speech has ended only after 800 ms without valid
speech, preventing premature cutoffs.

For Automatic Speech Recognition (ASR) and
TTS, we used FireRedASR (Xu et al., 2025) and
Index-TTS-2 (Zhou et al., 2025), respectively. Both
models were optimized for streaming inference.
TTS begins synthesis after receiving the first five
tokens from the agents, keeping audio processing
overhead negligible.

The ASR transcript, together with the dialogue
history, is submitted to the MAS to generate a re-
sponse. Since most existing MAS are not designed
for real-time interaction and often require tens of
seconds, we set a 0.5-second engineering target
for MAS inference latency rather than a latency
guarantee. To meet this constraint, we designed the
following framework.

We adopted a two-layer MAS. The first layer
is a planner that analyzes the dialogue and routes
the current request to an appropriate agent with-
out directly responding. The second layer contains
independent agents that handle user requests in de-
tail. In each turn, only one agent is activated. We
avoided common designs such as multi-agent de-
bate because of the latency constraint. We used
MoE LLMs for both the planner and agents, as
activating only a small subset of parameters per
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Turn 1: I‘ve been getting  
headaches, and they’re 
starting to affect my work.

Turn 2: It’s mostly on one 
side of my head, usually 
the right side.

Turn N: They do seem to 
be worse after a stressful 
day at work.

Turn N+1: I thought that 
was much more serious. 
That's a relief to hear it 
can be managed. What do 
you suggest?

Turn N+2: What is the 
recommended daily 
dietary allowance of 
magnesium?

Turn 1: Where exactly do you feel 
the pain? ……

…
… Turn N: Thank you, Based on your 

description, the one-sided, 
throbbing pain, the severity, the 
sensitivity to light, and the potential 
trigger from stress.

Turn N+1: I‘m going to 
recommend a medication for you 
called Sumatriptan. But you need
to consult professional doctors to
get reliable prescription ……

Turn N+2: According to my search
result: for an adult male aged 31-
50, the Recommended Dietary 
Allowance for magnesium is 420 
milligrams per day ……

Turn 2: how would you rate 
headaches?……

Search
Agent

Medical
Suggestion

Agent

Medical
Inquiry
Agent

General
Agent

General
Health
Query

Clinical
Health
Query

Multi-Agent System

User Utterance Assistant Response

VAD

ASR

MAS

TTS

Assistant
Workflow

Text

Text

Planner

New
Query

Passive
Response

Physical
Symptom

Fact-Critical

All other

In Active
Consultation
Incomplete

Not in Active
Consultation

In Active
Consultation
Complete

…
…

Figure 2: System Implementation. In the assistant workflow, the voice activity detection (VAD) model continuously
detects the audio, segmenting meaningful human speech (the sections in the orange boxes) from the continuous
audio stream. The segmented audio chunks are then sent to the ASR model, which transcribes the audio into text. In
the MAS, the planner processes the textual input and dialogue history to select the most appropriate agent, which
subsequently generates the specific output. Finally, the text-to-speech (TTS) model synthesizes the agent’s textual
output into audio during each interaction.

token enables faster inference. Given the strict
latency requirement, we did not use LLMs with
Chain-of-Thought reasoning. The planner uses
Qwen3-30B-A3B-Instruct-2507, which activates
only 3 billion parameters per token and can select
the downstream agent in about 0.2s via in-context
learning (Yang et al., 2025). Each agent is based
on Qwen3-235B-A22B-Instruct-2507 (Yang et al.,
2025) and generates tokens in a streaming manner.

We carefully designed the agent roles. Although
health-related conversations can be topically com-
plex, user queries can generally be divided into
two types (Heydari et al., 2025). The first type,
clinical health queries, involves assistant-led di-
alogue in which the user responds passively (Li
et al., 2025; Fansi Tchango et al., 2022; Johri et al.,
2025). Typical examples include diagnostic inter-
views and intervention recommendations, where
the user presents an initial concern and the doctor-
like assistant then collects information across multi-
ple turns before giving a final suggestion (Sun et al.,
2024). The second type, general health queries,
is user-led, with the assistant responding passively,
as in general QA scenarios (Brown et al., 2020).
Following prior work, we designed two specialized
agents, the medical inquiry agent and the medical
suggestion agent, for clinical health queries (Rose
et al., 2025). For general health queries, we in-

troduced the general agent and the search agent.
Because the boundary between general and clin-
ical health queries can be ambiguous, we define
a query as clinical if the user explicitly mentions
physical symptoms affecting themselves or some-
one they care about. The prompts of all agents and
the planner are provided in Appendix A.

2.2 Multi-Agent System

Planner. The planner uses semantic-driven routing.
It first determines whether the input is a new query
or a passive response. For new queries, questions
about physical symptoms are routed to the clinical
inquiry agent, fact-critical inquiries such as drug
dosage or insurance questions are routed to the
search agent, and other requests are routed to the
general agent. For passive responses, the planner
uses dialogue history to assess context. If the user is
in an active medical consultation, it checks informa-
tion completeness according to the OPQRST prin-
ciple (Luo et al., 2025). OPQRST denotes Onset,
Provocation/Palliation, Quality, Region/Radiation,
Severity, and Timing, a standard framework for
collecting symptom information. The planner ac-
tivates the medical suggestion agent if sufficient
information has been collected, or the medical in-
quiry agent otherwise. If the user explicitly asks
for a suggestion, the planner directly selects the
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medical suggestion agent regardless of informa-
tion completeness. Other cases are handled by the
general agent.

Medical Inquiry Agent: This agent conducts
clinical-style interviews. It analyzes the full dia-
logue history and asks the most useful next ques-
tion for diagnosis or recommendation, following
standard clinical history-taking protocols.

Medical Suggestion Agent: This agent is se-
lected after sufficient information has been col-
lected. It analyzes the dialogue context to provide
disease screening results or suggestions.

Search Agent: To reduce hallucinations and en-
sure reliable critical information, we implemented
a retrieval-augmented generation (RAG) search
agent (Pham and Vo, 2024). It is invoked for fact-
sensitive topics such as drug usage, lab result inter-
pretation, or health insurance policies. The agent
generates responses based on retrieved web docu-
ments.

General Agent: This agent handles all remain-
ing general health queries. We separated it from the
search agent because external search usually adds
several seconds of delay, harming user experience.
Therefore, the search agent is activated only for
requests where hallucination risk is high.

2.3 System Latency

The production MAS inference latency was 350
ms at p50, 480 ms at p90, and 519 ms at p99; thus,
p99 slightly exceeded the engineering target. The
production failure rate during the same period was
below 0.01%, including failures of the ASR, TTS,
and RAG components. For non-RAG queries, the
typical end-to-end latency from the end of user
speech to the first audio output was approximately
2 seconds at p50, while retrieval could add extra
latency depending on the external source.

2.4 Application Development

We developed a mobile application and made it
available on both the Apple and Android App Store.
The experiments involving our assistant, including
the collection of online user data, were conducted
through the App. Our App provides three interac-
tion interfaces: text, half-duplex voice, and full-
duplex voice (detailed in Appendix C).

3 Experiments

3.1 Experimental Setup

We recruited users to engage in free-form dialogues
with our assistant and baselines. Medical profes-
sionals evaluated the dialogue logs, verifying the
validity of the MAS architecture and our assistant’s
advanced capabilities. We then publicly released
our application and analyzed real-world user data
to explore the role of the full-duplex voice system.

Controlled Study User Analysis: We compared
our MAS against our carefully optimized SAS and
four external baselines: two general-purpose voice
assistants (Doubao, Qwen) and two health-focused
agents (Xiaohe Doctor and ByteDance Healthcare
Agent). Each external baseline was evaluated us-
ing the latest version of its corresponding agent
application available at the time of the experi-
ment. Because these applications are proprietary,
we could not observe their underlying implemen-
tation details. For the controlled MAS–SAS com-
parison, SAS used the same Qwen3-235B-A22B-
Instruct-2507 backbone, decoding settings, com-
plete dialogue history, and Web Search access as
the MAS response agents, but replaced the planner
and specialized routing with one unified instruc-
tion prompt; the full SAS prompt is provided in
Appendix B. We conducted a user study involving
200 users without medical backgrounds, recruited
from a crowdsourcing platform. Each user con-
ducted two 15-turn conversations with our assistant
and each baseline. Users were instructed to initiate
these dialogues using a general health query and a
clinical health query, respectively. The specific top-
ics were determined entirely by the users’ interests.
Users were required to use the exact same opening
topics across our assistant and baselines. Beyond
the initial turn, users were given full autonomy to
interact with each system because the systems gen-
erated different responses. The resulting dialogue
logs were then submitted to a panel of 10 human
physicians experienced with LLMs for blind review.
For dialogues that start with clinical health queries,
responses were evaluated across five dimensions
with different weights: correctness (20%), omis-
sion (20%), redundancy (30%), fluency (20%), and
safety (10%). Correctness assesses if the assistant
misunderstands conversational history or provides
information contrary to medical facts. Omission
assesses instances in which the assistant provides
a summary conclusion without gathering critical
information. Redundancy assesses the repetition
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Figure 3: System Performance Compared to the Single Agent System (SAS). (a) General Health Query. (b) Clinical
Health Query. Error bars for component scores indicate 95% Wilson score intervals based on D = 200 dialogues.
Overall denotes the pre-specified weighted overall score; the corresponding unweighted overall scores are reported
in the text. Corr. means correctness, Redun. means redundancy, Omis. means omission, Safe. means safety, Fluen.
means fluency, Compre. means comprehensiveness, and Pract. means practicability.

of previously asked questions. Fluency measures
whether a question is overly complex for a general
user to answer in a single turn. Safety identifies
clear regulation violations. For dialogues that start
with general health queries, responses were eval-
uated on four dimensions: practicability (30%),
safety (30%), comprehensiveness (20%), and cor-
rectness (20%). Practicability evaluates if the given
advice is easy for the user to adopt. Comprehensive-
ness assesses if the assistant’s suggestions are suffi-
cient. Safety and Correctness were evaluated using
the same criteria as in the clinical health queries.
All dimensions were scored on a binary 0-1 scale.
A dimension received a score of 0 if an issue was
detected in any turn of the dialogue. This binary
criterion was selected in consultation with the par-
ticipating physicians after more granular scales pro-
duced substantial disagreement over intermediate
scores, and was intended as a strict dialogue-level
pass/fail measure. However, it does not capture the
frequency or severity of errors within a dialogue.
The overall score is the weighted average of each
dimension across all dialogues. Each dialogue log
was assessed by at least three physicians, with any
disagreements resolved by a majority vote (Johri
et al., 2025).

For a fixed system and query type, let xdkr ∈
{0, 1} denote physician r’s rating of dialogue
d on dimension k, where 1 indicates that no
corresponding issue was identified in any turn.
With Rd physician ratings for dialogue d, the
dialogue-level score after majority vote is x̂dk =

1
{∑Rd

r=1 xdkr > Rd/2
}

. Let D denote the num-
ber of dialogues for the query type and K the
number of evaluation dimensions (K = 4 for
general health queries and K = 5 for clini-

cal health queries). The per-dimension pass rate
is Sk = D−1 ∑D

d=1 x̂dk. Given pre-specified
weights wk satisfying

∑K
k=1wk = 1, the weighted

overall score is Sweighted =
∑K

k=1wkSk, while
the unweighted overall score is Sunweighted =
K−1 ∑K

k=1 Sk. Here, 1{·} denotes the indicator
function. For each binary per-dimension pass rate,
we report a two-sided 95% Wilson score interval
based on D = 200 dialogues.

Online User Data Analysis: We compared user
input length and interaction rounds across three dis-
tinct input modalities: traditional text-based input,
half-duplex voice, and full-duplex voice via our ap-
plication (Appendix C). We used a paired sample
of 5,000 randomly selected users, each with logs
in all three modalities. In Appendix D, we show
an example of a real-world user dialogue. Then,
we randomly sampled 500 full-duplex voice inter-
action transcripts with more than 15 turns. These
transcripts were evaluated by our physicians. Due
to the noisy nature of real-world data, which in-
cludes significant topic drift and user refusals, this
analysis focused exclusively on safety and correct-
ness, excluding other metrics.

3.2 Performance Comparison

Limitations of Single-Agent Baseline: The SAS
baseline performed adequately on general health
queries, achieving a weighted overall score of 0.89.
However, it exhibited substantial fragility in clini-
cal health queries (overall score: 0.68) (Figure 3).
Qualitative analysis revealed that the SAS often
struggled to manage medical inquiries. It tended to
ask repetitive questions (high redundancy) or failed
to pursue critical diagnostic paths (high omission)
when the conversation history became long.
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Figure 4: System Performance Compared to Baselines. (a) General Health Query. (b) Clinical Health Query. Error
bars for component scores indicate 95% Wilson score intervals based on D = 200 dialogues. Overall denotes the
pre-specified weighted overall score; the corresponding unweighted overall scores are reported in the text.

Superiority of MAS: By decoupling clinical
reasoning from general conversation, the MAS
achieved substantial gains across all key metrics.
Overall Performance: The score increased from
0.68 (SAS) to 0.88 (MAS), a relative improvement
of approximately 30%. Safety: The MAS achieved
a perfect Safety score of 1.00 (vs. 0.94 for SAS), in-
dicating that specialized agents are more effective
at adhering to safety guardrails. Fluency: The most
dramatic improvement was observed in Fluency
(0.54 → 0.92) and Omission (0.64 → 0.78). This
confirms that specialized Medical Inquiry Agents
are far superior at maintaining a logical line of
questioning compared to a general-purpose model
trying to do everything at once.

Using equal weight for each dimension, the un-
weighted overall scores corresponding to Figure 3
were 0.88 (SAS) and 0.94 (MAS) for general health
queries, and 0.70 (SAS) and 0.89 (MAS) for clini-
cal health queries.

Comparison with Baselines: We compared our
assistant with four baselines (Figure 4). In gen-
eral health queries, our assistant outperformed the
others, achieving the highest safety score of 0.98
and ranking first in comprehensiveness with 0.94.
In the more challenging clinical health queries,
our assistant demonstrated a prominent advantage.
General assistants like Qwen and Doubao scored
poorly due to their inability to initiate active ques-
tioning, while the specialized Healthcare Agent
suffered from low fluency. Although Xiaohe was
the strongest baseline, our assistant surpassed it,
achieving a perfect safety score of 1.00 and supe-
rior scores in overall performance (0.88 vs. 0.82),
correctness (0.87 vs. 0.76), redundancy (0.88 vs.
0.80), omission (0.78 vs. 0.74), and safety (1.00 vs.

2.62
3.56

10.16

Textual Half
Duplex

Full
Duplex

8.97

15.76
15.88

Textual Half
Duplex

Full
Duplex

(a) (b)

Figure 5: Interaction Pattern Analysis of Online Users
Across Different Modalities. (a) average interaction
turns of a dialogue, (b) average turn input length. The
error bar indicates standard error.

0.96). These results confirm our assistant’s compet-
itiveness in general queries and its superiority in
clinical tasks. For Figure 4, the unweighted over-
all scores for Doubao, Qwen, Healthcare Agent,
Xiaohe Doctor, and our system were 0.89, 0.87,
0.89, 0.74, and 0.94, respectively, for general health
queries; the corresponding clinical-query scores
were 0.04, 0.17, 0.69, 0.84, and 0.89.

3.3 Online User Engagement Analysis

We analyzed online user behavior across three
modalities using our assistant’s logs (Figure 5). In
this observational within-user sample, half-duplex
(15.76 words) and full-duplex (15.88 words) inputs
were longer than text inputs (8.97 words), while
full-duplex sessions had greater interaction depth
(10.16 turns) than text (2.62) or half-duplex ses-
sions (3.56); these associations do not establish
that modality caused the differences. The within-
user difference in interaction depth was 7.54 turns
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Table 1: Qualitative Analysis of Interruption Handling.

Role Utterance & System Action

User "I have a sharp pain in my chest..."

Assistant "Chest pain can be serious. Is it radiating to
your left arm or..."

User (Interrupts) "No, wait, it’s not sharp, it’s more
like a dull ache."

System [Action: Barge-in Triggered]: TTS stops im-
mediately. ASR captures "No, wait...". Plan-
ner re-evaluates.

Assistant "I see, a dull ache. Let’s re-assess. How long
have you felt this ache?"

Table 2: Online Dialogue Risk Analysis (N = 500)

Category Ratio Error Type

Correctness 6.0%
Info Fabrication (3.4%)
Distortion of User Complaint
(2.0%)
Ignoring User Info (1.8%)

Safety 3.2% Missing Contraindications (2.0%)
Dosage Errors (1.6%)

between full-duplex and text sessions and 6.60
turns between full-duplex and half-duplex sessions.
Compared with text input, the mean input-length
difference was 6.79 words for half-duplex voice
and 6.91 words for full-duplex voice; the two voice
modes differed by 0.12 words on average. How-
ever, the modality comparisons below are derived
from observational deployment logs rather than
controlled-study performance; the controlled study
fixed each conversation at 15 turns, and modality
order in the deployment logs was not randomized,
so residual ordering and topic confounding may
remain.

To better understand the dynamics of full-duplex
interaction, we analyzed specific instances where
users triggered the “Barge-in” mechanism. Table 1
illustrates a representative case. In standard half-
duplex systems, the user would be forced to listen
to the entire question about “radiating pain” be-
fore correcting the assistant. This often leads to
“correction fatigue,” where users simply give up on
correcting minor details. In our system, the user
immediately interrupted to refine the symptom de-
scription (“not sharp... dull ache”). This real-time
error correction capability may help explain the cor-
rectness observed in our evaluation, as it allows the
system to pivot its diagnostic reasoning instantly.

3.4 Safety Analysis in Real-World Application
To transparently assess risks, physicians manually
reviewed 500 online dialogues (Table 2). The sum
of subcategory ratios can exceed the overall error
ratio because some responses may contain multi-
ple error types. We identified a 6.0% correctness
error rate and a 3.2% safety error rate. The ma-
jority of errors stemmed from complex long-tail
cases where the RAG component failed to retrieve
specific contraindications, consistent with recent
studies highlighting LLM bias and input exagger-
ation (Nudo et al., 2025). Medication-related fail-
ures occurred in 16/500 dialogues, most commonly
10 missed contraindications and 8 unsafe dosage
suggestions; case review linked these failures to
incomplete medication histories, retrieval misses,
and long-tail drug interactions. Accordingly, the
controlled MAS safety score of 1.00 should not be
interpreted as zero deployment risk: the deployed
setting showed a 3.2% safety error rate, plausibly
reflecting topic drift, ASR noise, longer dialogues,
and less constrained user inputs; human oversight
remains necessary for high-stakes use.

4 Conclusion

Our assistant significantly increased users’ will-
ingness to engage in conversations. The MAS ad-
dresses fragmentation in health AI by integrating
specialized agents into a unified experience that
adapts to users’ comprehensive needs. We col-
lected dialogue data from real-world users and had
real physicians assess model performance through
voting. The controlled study shows our system ob-
tained stronger physician-rated performance than
baselines, while real-world analysis reveals engage-
ment and residual risks. We argue that this study
serves as a stepping stone towards truly fluid con-
sultations, informing the design of a future health
AI agent.

5 Ethics Considerations

The study protocol was reviewed and approved
by the IRB of Zhejiang University under the ap-
proval number 2025-074. Informed consent was
obtained from all users through the application’s
Terms of Service, which must be accepted prior
to use. The 200 crowdsourced participants in the
controlled study were compensated for their partic-
ipation, whereas the 5,000 organic users included
in the online observational analysis received no
research-specific compensation. A key clause in
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the agreement explicitly informs users about the
use of their data for model training and research,
stating:

You acknowledge and agree that we may use the
information you provide while using the applica-
tion and the corresponding replies generated by
the model for the purposes of model training, to ad-
just and optimize the model’s performance contin-
uously, and to provide you with a higher quality of
service. Prior to any such use, all data undergoes a
rigorous technical process of de-identification and
anonymization, including processing with secure
encryption technologies, to ensure that it cannot
be used to re-identify any specific individual. By
accepting this agreement, you consent to the use of
your anonymized data in this manner.

All data underwent a thorough de-identification
process before being accessed by the research team.
This process included removing direct personal
identifiers (such as user IDs, which were replaced
with pseudonymous codes) and scrubbing potential
quasi-identifiers from dialogue content to minimize
the risk of re-identification. The dataset provided to
researchers contained only de-identified dialogues
and minimal demographic information (gender and
age range), making it technically infeasible to trace
back to any individual user. All collected data
is stored on encrypted servers. Access to the de-
identified dataset is granted only to our research
and development team for a limited time period and
only after formal approval from our institution’s
Data Protection Office. Furthermore, users retain
control over their participation. Upon deactivation,
users’ data will be deleted.

6 Limitations

Our study has three primary limitations. First,
the system currently employs a uniform answer-
ing style that prioritizes conciseness. A subset
of users preferred more comprehensive explana-
tions, indicating a need for dynamic style adap-
tation based on user personas. Second, reliance
on audio interaction introduces susceptibility to
environmental noise. Although our VAD thresh-
old is calibrated, loud noises occasionally trigger
false “barge-ins,” disrupting the conversation. Fu-
ture work will incorporate noise cancellation al-
gorithms to enhance robustness of our system in
chaotic environments. Third, further analyses of
word-error rates, medical-term errors, and speaker
subgroups are needed to quantify how ASR errors

affect system performance.
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A System Prompt of Multi-Agent System

A.1 Planner Prompt
You are an expert in agent allocation for the health
domain. You must follow the requirements in
the [Agent Selection Guidelines], comprehensively
analyze the context, and determine which agent
should respond to the user’s latest request. You
cannot reply directly to the user. No matter what
the user says, you can only return the most suitable
agent. Absolutely refrain from directly addressing
the user’s request.
Your response must strictly adhere to JSON format.
The JSON object must contain a key named ’agent’,
and its value must be one of the following:
‘medical_inquiry’ (for the medical inquiry agent),
‘medical_suggestion’ (for the medical suggestion
agent),
‘general’ (for the general-purpose agent),
‘search’ (for the search agent).
Do not include any explanations, comments, or
additional text.
To select the general-purpose agent, return:
{"agent": "general"}
To select the medical inquiry agent, return:
{"agent": "medical_inquiry"}
To select the medical suggestion agent, return:
{"agent": "medical_suggestion"}
To select the search agent, return: {"agent":
"search"}
[Agent Selection Guidelines]
Search Agent:
Choose the search agent when the user asks about
health policies (including reimbursement), doc-
tor/hospital recommendations, medication usage,
interpretation of test results, or other questions re-
quiring high reliability.
Choose the search agent when the user asks time-
sensitive questions, such as weather forecasts, re-
cently released movies, or the latest news.
Medical Inquiry Agent:
Choose the medical inquiry agent when the user
explicitly mentions experiencing a symptom (e.g.,
diarrhea, abdominal pain, headache, dizziness, etc.)
to conduct further questioning.
Medical Suggestion Agent:
Choose the medical suggestion agent when the user
has described specific symptoms in the conversa-
tion history.
If the user explicitly states they do not want further
questions and instead requests analysis or interven-
tion advice, immediately select the medical sugges-

tion agent, regardless of the progress in collecting
medical history. General-Purpose Agent:
Choose the general-purpose agent when the user’s
request involves disease education, general health
knowledge, medical procedure explanations, vac-
cine information, etc.
Choose the general-purpose agent when the user’s
request relates to services, resources, or adminis-
trative tasks—whether health-related or not.
Such topics typically require external tools beyond
a search engine to fulfill. health-related service
requests include but are not limited to purchasing
medication, finding orders, making appointments,
triage assistance, or accessing medical records.
Non-healthcare service requests include but are
not limited to ordering coffee, tracking packages,
or buying financial products.
Choose the general-purpose agent if the user’s re-
quest does not fit into any of the above four cate-
gories.
[Important Notes]:
If the user raises a question in their latest message,
treat that as their primary request. If no explicit
request is made, dynamically determine the user’s
main intent based on the context.
If the user’s latest request matches multiple agents,
you must select only one.

A.2 Medical Inquiry Agent Prompt

You are a health assistant helping users with medi-
cal and health-related issues.
Requirements:
Your response must include two parts: first, address
the user based on the conversation history, then ask
a follow-up question.
Response requirements: Analyze the user’s health
status and potential medical concerns based on the
conversation history. Your reply must include sub-
stantive medical reasoning.
Strictly adhere to the user’s descriptions—do not
overinterpret, fabricate, misinterpret, or exaggerate
symptoms. For example, if the user says "occa-
sionally nervous," do not generalize it as "frequent
anxiety."
Question requirements: Ask follow-up questions
to gather more information.
Refer to the [Inquiry Process Reference] below for
the most diagnostically valuable questions, follow-
ing its general order.
Skip steps in the reference if they are clearly un-
necessary.
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Dynamically assess the context to determine the
current stage of information gathering. If the con-
versation has progressed to later stages (e.g., family
history), do not revert to earlier topics (e.g., present
illness or past medical history).
Phrase questions clearly and simply, assuming the
user has no medical background. Avoid jargon.
For sensitive topics (e.g., prostate, alcohol use,
pregnancy history), confirm relevant prerequisites
(e.g., user is male, drinks alcohol, is of childbearing
age) before probing further.
Each question should logically follow prior infor-
mation—avoid abrupt or disjointed queries.
Inquiry Process Reference:
Chief Complaint:
Ask about the primary symptom(s) or concern and
its duration.
History of Present Illness:
Onset: Time, location, sudden/gradual start, pro-
dromal symptoms, possible triggers.
Symptom progression: Sequence, location, nature,
duration, severity, aggravating/relieving factors.
Associated symptoms: Other symptoms and their
relation to the main issue.
Prior interventions: Tests, treatments, and out-
comes since onset.
General condition post-onset: Mental state, sleep,
appetite, bowel/bladder habits, weight changes.
Other active but unrelated conditions.
Past Medical History:
General health, prior illnesses, infections, vaccina-
tions, surgeries, injuries, transfusions, allergies.
Additional Histories:
Personal history: Birthplace/residence, habits
(smoking/alcohol/drugs), occupation/exposures.
Obstetric/gynecologic (if applicable): Menstrual
cycle (onset, duration, frequency, LMP), pregnan-
cies.
Family history: Health of parents/siblings, similar
or hereditary conditions.
Question Examples:
Keep questions concise—ask only one per re-
sponse. Never pose multiple questions or use mul-
tiple question marks!
Bad example (overloading): "You seem unwell. Is
this physical or emotional? If physical, point to
where it hurt, head, stomach, etc.? If emotional,
what’s bothering you?"
Good example: "You seem unwell. Is this physical
or emotional discomfort?"
Important Notes:

Input may contain ASR errors (e.g., homophones).
Use context to infer meaning (e.g., "chest pain" vs.
"foot pain" could be "colic").
Adopt a natural, empathetic, and approachable tone.
Use "you" (not honorifics or terms like "honey").
Never request images/scans—collect all data via
dialogue.
Avoid repetition of prior answers or suggestions.
Format strictly: No parentheses, markdown, emo-
jis, or bullet points. Use plain paragraphs (less than
150 words).
No internal monologue—only user-facing content.
No external actions (e.g., opening links, handling
procedures).
If the user asks a direct question, answer it briefly
before your follow-up.
Do not correct users if they call you "doctor."

A.3 Medical Suggestion Agent Prompt

You need to provide analysis and suggestions based
on the conversation context, specifically addressing
the user’s chief complaint. Do not omit responses
to the chief complaint. In this response, you must
not ask any new questions.
[Work Requirements]:
In this turn, provide personalized analysis of pos-
sible causes and intervention suggestions for the
condition. However, avoid repeating similar analy-
ses or suggestions from previous conversations.
When offering analysis and advice, you must rec-
ommend seeking medical attention at the end of
your response, but the reply should contain substan-
tive and thorough medical analysis and suggestions.
For example, if recommending a doctor visit, spec-
ify the relevant department.
You must strictly analyze based on the user’s de-
scription without overinterpreting, misunderstand-
ing, or exaggerating their response. For example,
if the user says "occasionally nervous," you cannot
exaggerate it as "frequent anxiety." Do not fabricate
information not mentioned by the user.
[Important Notes]:
Your input comes from speech recognition, which
may contain ASR errors (especially with homo-
phones or similar-sounding words). You can infer
the correct meaning from context. For example, if
discussing chest pain, a new input like "foot pain"
might be interpreted as "colicky pain."
Avoid complex formatting. Do not use brackets,
Markdown, emojis, or emoticons. Absolutely no
numbered lists, bullet points (•, -, etc.), or any form
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of itemized lists. Respond in natural, paragraph-
style language.
Your tone should be personable, friendly, empa-
thetic, and easy to understand.
Do not engage in politically sensitive topics. Po-
litely decline with "I’m better at health-related top-
ics."
Do not include any inner monologue-like content.
Only reply with what can be directly shared with
the user, keeping it under 300 words.
If the user asks a question in their latest reply,
briefly answer it before providing personalized
analysis and suggestions.
Your response should only contain dialogue content.
No inner thoughts, tones, background descriptions,
or environmental details are allowed.
If the user calls you "doctor," no correction is
needed.

A.4 General and Search Agent Prompt

The general agent and search agent share the same
prompt, while our system will append the retrieved
document as the end of the prompt when the search
agent is selected.
Role and Core Objective
You are a health assistant helping users with medi-
cal and health-related questions. Your core goal is
not just to answer questions but to build trust and
long-term relationships through professional, warm
communication. You are not just a Q&A bot but
a compassionate, attentive partner who provides
ongoing value.
Core Dialogue Framework: Three-Step Method
In every conversation, you must structure your re-
sponses using the following three-step framework:
Step 1: Direct Response and Fulfillment
Primary Task:
Always address the user’s current question clearly,
accurately, and positively first. Do not evade or
delay answering.
Analyze the user’s input strictly as stated—do not
overinterpret, fabricate, misinterpret, or exaggerate
symptoms. For example, if the user says "occa-
sionally nervous," you must not exaggerate it to
"frequent anxiety."
Step 2: Intent Signal Light Assessment
After answering, quickly analyze the user’s input
and dialogue state to determine whether further
questions are appropriate, like a "traffic light" sys-
tem:
Green Light - Proactive Follow-Up

When the user shows these signals, initiate mean-
ingful follow-up questions:
Emotional Cues: Words like "so annoying," "really
worried," or "what should I do?"
Vague Questions: Broad queries like "my stomach
hurts" or "how to get healthier."
Open-Ended Topics: Discussions inviting depth,
e.g., long-term care for a chronic condition.
Willingness to Engage: Responses like "I see..." or
"Hmm..." instead of clear closers.
Red Light - Avoid or Limit Follow-Up
When these signals appear, avoid follow-ups or
offer only a gentle, optional closer:
Factual Queries: Specific questions like "What’s in
this medication?"
Clear Exit Intent: Phrases like "Thanks," "Got it,"
or "That’s all."
Ignored Follow-Ups: User skips your question and
starts a new topic.
High Privacy Concerns: Sensitive topics (e.g., men-
tal/sexual health) where the user hasn’t shared per-
sonal details.
Step 3: Value-Driven Follow-Up Toolkit
If the "green light" is on, use these strategies to craft
helpful follow-ups. Ask only one brief question
per response—never multiple questions or question
marks!
Bad Example (Overasking):
"You seem unwell. To help, I need to confirm: Is it
physical discomfort or emotional distress? If phys-
ical, can you point to where it hurts? If emotional,
what’s bothering you lately?"
Good Example:
"You seem unwell. To help, is this physical dis-
comfort or emotional distress?"
Follow-Up Restrictions:
Never ask about symptoms or interventions.
Knowledge to Action: Offer practical advice
("Would you like specific diet/exercise tips?").
Personalized Care: Gently explore concerns
("Many ask this for themselves or family. Could
you share your focus so I can tailor advice?").
Safety First: Highlight risks ("Before trying this,
should I explain key safety notes?").
Root Cause: Probe deeper ("Is this headache new
or recurring? Understanding why helps.").
Small Talk to Health: Transition naturally ("Cool
weather can bother joints—any issues there?").
Key Principles and Tone
User-Centric: Every follow-up must benefit the
user.
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Avoid Robotic Flow: Don’t force follow-ups. Use
the "signal light" to end naturally.
Show Empathy: Phrases like "I hear your concern"
or "That sounds tough."
Protect Privacy: Stay neutral on sensitive topics; of-
fer anonymous resources if needed. Base questions
only on disclosed health issues—never speculate.
Pronouns: Don’t call yourself a doctor, but if the
user does, don’t correct them.
No Repetition: Never repeat asked info or past
advice.
Output Format and Style
Input may contain ASR errors (e.g., homophones).
Infer meaning from context (e.g., "foot pain" dur-
ing a chest pain discussion might mean "cramp-
ing").
Avoid: Complex formatting, brackets, Markdown,
emojis, or bullet points. Use plain paragraphs.
Tone: Warm, empathetic, and conversational.
No Photos: Gather info only via dialogue.
No Internal Monologue: Respond only to the user.
Keep replies under 200 words.
No External Actions: Never claim abilities like
"I’ll book your appointment."
Time-Sensitive Queries: Answer broadly.
Medication/Treatment: Always advise consulting
a doctor. Never prescribe.
Content Limit: Only dialogue—no narration, tone
notes, or descriptions.

B System Prompt of Single Agent System

This is a voice call, not a text-based conversation.
The following rules have the highest priority and
must never be violated under any circumstances.
Tool Usage Guidelines
You currently have access to Web Search, which
should be used for questions requiring external
research.
Tool-Routing Priority
For every turn, first determine whether a tool
should be used. Only after that should you consider
response style, immediate value, direct conclu-
sions, follow-up questions, and scenario-specific
handling. Only proceed to scenario handling and
response generation after determining that no tool
is needed. Clean Dialogue Only: Never output
internal monologue, reasoning processes, action
descriptions, facial expressions, or parenthetical
content. Only output what should be spoken to the
user. No Formatting: No lists, Markdown, or bullet
points. Do not stack transitional phrases such as

“first,” “second,” “in addition,” and “finally.” The re-
sponse must be a single paragraph of plain text. No
Filler Openings: Do not begin with phrases such
as “I understand,” “As a health assistant,” “You
mentioned. . . ,” or “To better understand, I’d like to
ask. . . ” No Repetition: Never ask again for infor-
mation already provided earlier in the conversation,
and never repeat advice already given. Avoid Ab-
solute Statements: In non-emergency situations,
prefer wording such as “I suggest” or “You could
try.”
Boundaries for Follow-Up Questions
Follow-up questions are a means, not an end. The
following rules apply to all follow-up questions.
Give an Assessment Before Asking: Even when
information is incomplete, first provide a prelim-
inary direction based on what is known, then ask
one supplementary question. Never ask a ques-
tion without first offering something useful. Every
Question Must Matter: Ask only when the missing
information would materially change the advice.
Ask yourself: Would my recommendation change
if I did not know this? If not, do not ask. Strict
Limit on Follow-Ups: No more than two rounds of
follow-up questions are allowed within the same
consultation. After three rounds, a complete recom-
mendation must be provided. Only One Question
Per Turn: Never ask multiple questions in a single
response.
Scenario Handling
Identify the user’s intent and respond according
to the matching scenario below. Emergency Sit-
uations Trigger: The user has an acute medical
emergency or faces a life-threatening risk. Skip
empathetic preambles and give one clear action
instruction immediately. Set a time limit if neces-
sary. Keep the response within 80 Chinese char-
acters. Symptom Consultation Trigger: The user
describes physical discomfort and seeks symptom
analysis or treatment advice. By default, provide
an assessment directly. Consider the user’s medical
history, allergy history, and other personal context,
and give the most likely explanation. The action
plan must be complete and include all three ele-
ments: home-care advice, warning signs to watch
for, and an observation window. If critical infor-
mation is missing and would materially change
the advice, give a preliminary assessment first and
then ask one question. Prescription medications
must include a reminder to follow medical advice.
If seeking medical care has already been recom-
mended earlier in the conversation, do not proac-
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tively repeat that recommendation within the next
three turns. Emotional Support Trigger: The user
expresses anxiety, stress, negative emotions, or a
desire to vent. First, help the user feel seen and
understood, then ask one question that encourages
them to continue. Health Management and Ed-
ucation Trigger: The user asks about diet, exer-
cise, chronic-condition management, medical con-
cepts, pharmacology, pathology, or related topics.
Provide a clear explanation or recommendation di-
rectly. Tailor it to the user’s personal background
instead of giving generic advice. Casual Conversa-
tion and Other Topics Trigger: Greetings, casual
conversation, non-medical subjects, or functional
requests. Respond naturally, like a longtime friend.
When relevant memories from previous conversa-
tions are available, mention them first to create a
personalized experience.

B.1 Tool Call Definition

{ "type": "function", "function": { "name":
"web_search", "description": "Call the search tool
when the user asks questions requiring highly re-
liable information, such as health insurance poli-
cies and reimbursement, doctor or hospital recom-
mendations, medication use, or interpretation of
medical examination and laboratory results. Also
use the web_search tool for time-sensitive ques-
tions, such as weather, recently released movies,
or recent news.", "parameters": {"type": "object",
"properties": { "query": { "type": "string", "de-
scription": "Dynamically rewrite the query based
on the user’s latest request and conversation his-
tory.}̈ }, "required": [ "query" ] } }}

Figure 6: User Interaction Interfaces

C User Interaction Interfaces

Figure 6 shows the user interaction interfaces. The
left subfigure depicts the full-duplex interaction
interface, showing a user consulting about diar-
rhea. The right subfigure depicts the textual and
half-duplex interaction interface, where users can
type or click the microphone button for voice input.
Users cannot interrupt the assistant’s turn in a half-
duplex conversation. The right subfigure shows a
user consulting about a headache.

D Real-World Dialogue Example

We present a real-world dialogue about hyperten-
sion. We can observe that users in real-world con-
versations may exhibit non-compliance behaviors,
such as proactively requesting a summary before
the medical inquiry is complete, or abruptly insert-
ing content not entirely relevant to the dialogue’s
main topic. These behaviors are very difficult to
simulate using specifically recruited users or an
LLM-based user simulator. Our design allows
users to interact freely with the system using voice
and provides comprehensive health consultation
advice within a unified interface.
Turn 1 User: An 80-year-old man. Um, blood pressure is...
systolic is 160, diastolic is 110. And he takes Bevantolol
Hydrochloride tablets.
Turn 1 Assistant: Based on the information you provided,
this 80-year-old gentleman’s blood pressure is indeed on the
high side. He is currently taking Bevantolol Hydrochloride
tablets, which are a beta-blocker antihypertensive medication.
I would like to know, how long has he been taking this
medication?
Turn 2 User: He hasn’t taken it yet. I’m just asking for him,
does it fit his symptoms?
Turn 2 Assistant: Understood, so the 80-year-old gentleman
currently has high blood pressure but has not yet started
medication. Bevantolol Hydrochloride tablets can indeed be
used for hypertension treatment, but a doctor needs to judge
whether it is suitable based on the specific situation. I would
like to confirm first, does he have any other underlying
conditions, such as diabetes or heart disease?
Turn 3 User: No, just palpitations, and then he can’t sleep.
Turn 3 Assistant: From your description, in addition to high
blood pressure, he is experiencing palpitations and insomnia.
These symptoms may be related to hypertension, or they may
be due to other causes. Bevantolol Hydrochloride might be
helpful for palpitations, but it requires a doctor’s assessment.
I would like to know, roughly, how long the palpitations and
insomnia symptoms have lasted.
Turn 4 User: For a long time.
Turn 4 Assistant: Knowing that the palpitations and
insomnia have persisted for a long time, combined with the
high blood pressure of 160/110 mmHg, it is recommended to
seek medical attention for a comprehensive examination as
soon as possible. Persistent hypertension and these symptoms
require a professional doctor to assess whether there are
cardiac or other systemic issues. Has he measured his heart
rate recently?
Turn 5 User: He just feels like his heart rate is a bit fast.
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Turn 5 Assistant: If he feels his heart rate is fast, this may
interact with the high blood pressure, palpitations, and
insomnia. In elderly patients, the appearance of these
symptoms requires close attention to cardiac function and
autonomic nervous system regulation. Although Bevantolol
Hydrochloride can lower heart rate and blood pressure, as a
beta-blocker, it may aggravate insomnia in some people or
risk causing bradycardia (excessively slow heart rate).
Therefore, it must be decided by a doctor after assessment. It
is recommended to take him to the Cardiovascular
Department as soon as possible for ECG, ambulatory blood
pressure monitoring, and heart rate monitoring to clarify the
cause before formulating an individualized treatment plan.
Turn 6 User: Just tell me whether this medicine is suitable
for him to take and whether it can lower his blood pressure.
Turn 6 Assistant: Bevantolol Hydrochloride tablets can
indeed lower blood pressure and help control heart rate, but as
a prescription drug, it must be assessed by a doctor to
determine suitability. For an 80-year-old, special care must be
taken to start with a low dose and closely monitor blood
pressure and heart rate changes. Considering his long-term
palpitations and insomnia, it is recommended to see a doctor
to clarify the cause rather than self-medicating. The doctor
will choose the most suitable antihypertensive plan based on a
comprehensive assessment.
Turn 7 User: Um, if this medicine doesn’t bring the blood
pressure down? Um, if we add Hydrochlorothiazide tablets,
would that lower it better?
Turn 7 Assistant: Combination therapy can indeed enhance
the antihypertensive effect, but Hydrochlorothiazide tablets
are diuretics, and for the elderly, special attention must be
paid to the risks of electrolyte imbalance and orthostatic
hypotension. The combination of these two drugs must be
determined by a doctor based on test results, such as kidney
function and electrolyte levels. Considering the gentleman is
80 years old, it is recommended to seek medical attention to
complete examinations and let the doctor formulate an
individualized plan; do not adjust the medication combination
on your own.
Turn 8 User: Then what about Benidipine Hydrochloride
tablets? How is that medicine?
Turn 8 Assistant: Benidipine Hydrochloride is a
dihydropyridine calcium channel blocker. It is indeed an
option for elderly hypertensive patients; its antihypertensive
effect is relatively stable and has little impact on heart rate.
However, whether it is specifically suitable for this gentleman
requires a doctor to assess his blood pressure fluctuations,
heart rate patterns, and whether there are other underlying
diseases. Considering he already has palpitations, the
medication choice needs to be more cautious. It is
recommended to take him to the Cardiology Department,
where a doctor will select the most suitable antihypertensive
regimen based on results from 24-hour blood pressure
monitoring.
Turn 9 User: Just tell me, between Bevantolol Hydrochloride
and Benidipine Hydrochloride, which one is more suitable for
him?
Turn 9 Assistant: These two drugs have their own
characteristics: Bevantolol Hydrochloride is suitable for
hypertension accompanied by increased heart rate, but may
affect sleep; Benidipine Hydrochloride has less impact on
heart rate and lowers blood pressure more steadily. However,
the specific choice must be made by a doctor based on
detailed examination results, including 24-hour blood
pressure monitoring, ECG, and liver/kidney function tests.
Considering his age of 80 and long-term symptoms of
palpitations, it is recommended not to choose the medication
yourself, but to seek medical attention as soon as possible for
a professional assessment.
Turn 10 User: What are the functions of

Hydrochlorothiazide tablets? Tell me about it.
Turn 10 Assistant: Hydrochlorothiazide is a diuretic
antihypertensive drug that lowers blood pressure mainly by
promoting the excretion of sodium and water. It is suitable for
mild to moderate hypertension and is often used in
combination with other antihypertensive drugs. However,
when used by the elderly, special attention should be paid to
side effects such as hypokalemia, hyperglycemia, and
hyperuricemia. Given his age of 80, if this type of medication
is to be used, medical advice must be strictly followed, and
electrolytes and kidney function must be monitored regularly.
It is recommended to complete necessary examinations first
and let a doctor assess suitability.
Turn 11 User: Um? We have one at home, an electronic
blood pressure monitor. How do we use it? How can it be
accurate? Should the data be measured in the morning, at
noon, or at night? And how long does he need to rest before
measuring?
Turn 11 Assistant: When using an electronic blood pressure
monitor, it is recommended to measure within 1 hour after
waking up in the morning or before going to bed at night;
measurements taken at these times provide consistent
reference points for monitoring. Before measuring, sit quietly
and rest for 5 minutes, keep your back straight against the
chair back, and place both feet flat on the ground. During
measurement, the arm should be at the same level as the heart,
and the cuff should be moderately tight. It is best to measure
2-3 times at a fixed time each day, with an interval of 1-2
minutes between measurements, and record the average value.
Note that smoking, drinking coffee, or strenuous exercise
should be avoided 30 minutes before measurement. It is
recommended to record the measurement results and bring
them to the doctor for reference during the visit.
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