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Abstract
Cough events during live spoken conversations
carry clinically valuable respiratory signals,
yet existing dialogue systems treat them as
acoustic noise to be discarded. We present
HealthCUES (Clinical Understanding from
Embodied Sounds), a streaming pipeline for
paralinguistic respiratory monitoring in real-
time conversational agents, a capability that,
to the best of our knowledge, is absent from
all prior systems. HealthCUES processes au-
dio through a rolling buffer aligned with di-
alogue turn boundaries, enabling sub-second
event detection without interrupting conversa-
tional flow. Beyond binary cough detection, the
system provides fine-grained analytics: (i) dif-
ferentiation between coughing and throat clear-
ing, (ii) cough subtype classification (dry, wet,
barking, whooping) with confidence scores,
and (iii) temporal duration estimation with
start–end boundaries. To prevent alert fatigue,
HealthCUES introduces dialogue-aware gating
mechanisms that modulate triggering based on
conversational context. The system leverages
Qwen3-Omni, a multimodal large language
model (MLLM), with constrained structured
outputs, decomposing cough analysis into par-
allel prediction tasks for independent prompt
optimization. Evaluation on 847 in-house con-
versational audio segments demonstrates 93%
F1 for cough detection, 0.75 weighted-F1 for
wet/dry subtype classification, and average end-
to-end latency of 340ms; external validation
on the AMI meeting corpus confirms robust
cough, throat-clearing, and speech separation
in the presence of speech (0.91 macro-F1). A
user study with licensed healthcare profession-
als confirms the clinical relevance of subtype in-
formation and the system’s utility in telehealth
workflows.

1 Introduction

Respiratory sounds, particularly coughs, serve as
important biomarkers in healthcare conversations.
During telehealth consultations and remote health

monitoring, cough characteristics provide action-
able clinical insights, distinguishing productive
from non-productive cough or identifying patterns
such as barking or whooping cough (Porter et al.,
2019; Imran et al., 2020). Yet current conversa-
tional AI systems discard these paralinguistic
health signals entirely, routing them to noise sup-
pression rather than clinical analysis. This gap has
concrete consequences: audio-based cough assess-
ment is among the most valuable remote diagnostic
tools available, yet no existing conversational agent
can leverage it (Porter et al., 2019).

Building a real-time cough analysis system for
live conversations presents distinct challenges: la-
tency constraints require detection within the natu-
ral pause between utterances (<500ms); telephony
codecs and background noise substantially degrade
signal quality; clinical utility demands subtype dif-
ferentiation beyond binary detection; and repeated
cough mentions become intrusive without dialogue-
aware modulation.

We present HealthCUES (Clinical Understand-
ing from Embodied Sounds), a streaming cough
analysis pipeline that addresses these challenges.
Our contributions are:

1. A streaming cough detection framework
with turn-aligned audio processing for real-
time conversational integration (Section 3).

2. Fine-grained cough analytics providing four-
way subtype classification, confidence scores,
and temporal duration boundaries; to the best
of our knowledge, these capabilities are ab-
sent from all prior cough detection systems
(Section 3).

3. Dialogue-aware gating with cooldown, topic
suppression, and cough-to-speech ratio moni-
toring to prevent alert fatigue (Section 3.3).

4. Systematic evaluation with baseline compar-
isons and licensed healthcare professional val-
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idation across three dialogue quality dimen-
sions (Section 4).

2 Related Work

Audio Event Detection and Cough Analysis.
General-purpose audio event detection (Kong et al.,
2020; Gong et al., 2021) targets broad taxonomies
on pre-segmented clips without health-relevant dis-
tinctions. Cough analysis spans signal processing
(Drugman et al., 2013) and deep learning on dedi-
cated corpora (Orlandic et al., 2021; Sharma et al.,
2020), with COVID-19 spurring interest in cough-
based screening (Imran et al., 2020; Laguarta et al.,
2020). Existing systems share three critical limita-
tions: they analyze isolated recordings rather than
streaming audio, perform binary detection with-
out subtype differentiation, and lack any notion of
dialogue context for appropriate triggering.

Paralinguistic Signals in Dialogue. Physiolog-
ical signals have been used to adapt dialogue be-
havior (Litman and Forbes-Riley, 2014; Katada
et al., 2020), and video-based respiratory estima-
tion has been integrated into human-robot dialogue
to prevent speech collisions and synchronize robot
breathing (Obi and Funakoshi, 2024). Spoken dia-
logue systems adapting to detected user affect (Lit-
man and Forbes-Riley, 2014) demonstrate that such
signal-to-policy integration improves task success
and user satisfaction, an evaluation dimension we
adopt. LLM-based affect recognition (Feng et al.,
2024) further demonstrates community appetite for
non-lexical signal integration. In contrast to these
antecedents, HealthCUES addresses respiratory
health events specifically, providing fine-grained
subtype output and dialogue-aware gating designed
for clinical triage contexts.

Multimodal Foundation Models. Recent
MLLMs demonstrate strong zero-shot audio
understanding capabilities (Gong et al., 2023;
Chu et al., 2023; Xu et al., 2025). HealthCUES
leverages these capabilities, specifically those
of Qwen3-Omni (Xu et al., 2025), while adding
structured output constraints and dialogue-aware
post-processing essential for reliable real-time op-
eration, additions not addressed by the foundation
models themselves.

3 System Overview

Figure 1 illustrates the HealthCUES architecture,
operating as a module within a conversational agent
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Event
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Figure 1: Architecture of HealthCUES. Audio is
buffered and extracted at turn boundaries, then pro-
cessed by parallel inference tasks. Results are combined
with dialogue-aware post-processing before output.

pipeline.

3.1 Inputs and Streaming Context

The pipeline receives continuous audio from tele-
phony or microphone input. A rolling audio buffer
maintains recent audio history, enabling retrospec-
tive analysis when a user turn completes. Extrac-
tion is turn-aligned: when ASR indicates end-of-
utterance, the system analyzes a window extending
slightly before turn onset (default: 2s look-back)
to capture cough events that precede speech. Op-
erating at the turn level matches the granularity
at which the dialogue agent plans and acts; be-
cause the look-back window spans the preceding
utterance, coughs that occur mid-turn or just before
speech onset are still captured, so the turn-level trig-
ger does not discard out-of-turn respiratory events.

3.2 Multi-Stage Inference

Rather than a monolithic classifier, HealthCUES
decomposes cough analysis into parallel structured
prediction tasks via Qwen3-Omni (Xu et al., 2025),
a multimodal LLM (MLLM) backend. This de-
composition enables independent per-component
prompt optimization and graceful degradation if
any single task fails.

State Detection performs three-way classifica-
tion: coughing, throat clearing, or none. Throat
clearing is explicitly distinguished, as it carries dif-
ferent clinical significance and warrants different
conversational responses.

Subtype Classification categorizes detected



561

cough events into four commonly used clinical de-
scriptors of cough character (Morice et al., 2007;
Chung et al., 2009; Porter et al., 2019): dry (non-
productive, no mucus expelled), wet (productive,
with a rattling or gurgling quality from airway se-
cretions), barking (seal-like and low-pitched, classi-
cally associated with croup), and whooping (parox-
ysmal fits followed by an inspiratory “whoop”, as-
sociated with pertussis), each with an associated
confidence score. These are qualitative descrip-
tors rather than standardized diagnostic categories
(Chung et al., 2009), which we revisit when report-
ing subtype agreement (Section 4).

Duration Estimation outputs start and end
timestamps for each event, enabling severity buck-
eting (short: <2s; medium: 2–6s; long: >6s)
as a clinical proxy for severity. All outputs fol-
low a constrained schema: subtype returns code-
confidence pairs, e.g. [wet][0.88]; duration re-
turns time ranges, e.g. [1.2–4.3].

3.3 Dialogue-Aware Gating
A central contribution of HealthCUES is its gating
layer. Without conversational awareness, even ac-
curate detection would be counterproductive: alert-
ing on every cough would disrupt conversation flow,
and repeating the same follow-up after each detec-
tion would feel robotic. Three mechanisms work
together to decide whether a detected event should
trigger an agent action.

The pipeline maintains a 60-second sliding win-
dow of activity and computes the fraction of re-
cent speaking time occupied by coughing. This
cough-to-speech ratio (CSR =

∑
cough_dur∑
speech_dur ) lets

the system treat a brief isolated cough differently
from a sustained pattern that warrants more ac-
tive follow-up. Once an action has been triggered,
a configurable quiet period prevents re-triggering
while the patient is still coughing through the same
episode. Separately, if the agent’s recent turns al-
ready contain cough-related language, new detec-
tions are suppressed, since the system infers the
topic is already being addressed.

These mechanisms interact with the detection
outputs: clinically urgent subtypes (wet, barking,
whooping) and prolonged episodes clear lower
thresholds for action than brief dry coughs.

3.4 Output and Dialogue Integration
When a detection clears the gating thresholds, the
pipeline produces a natural-language action sug-
gestion passed to the agent’s planning module via a

Signal Gating Action

Dry cough ×2,
conf. 0.79, 1.8s

Count threshold
met (≥2 events)

“Has that cough
been bothering
you?”

Barking cough,
conf. 0.91, 4.2s

Long duration
→ immediate
trigger

“That cough sounds
quite harsh. How
long have you had
it?”

Wet cough, conf.
0.84; agent
recently men-
tioned “cough”

Topic suppres-
sion active

(suppressed; topic
already in dia-
logue)

Table 1: Representative HealthCUES outputs illustrat-
ing subtype-sensitive responses and dialogue-aware gat-
ing. Barking and wet coughs trigger at lower thresholds
due to higher clinical significance; topic suppression
prevents redundant follow-up.

lightweight callback API. For example, a 3 second
wet cough after two events produces:

System action: “Patient has coughed twice.
Sounds like a wet cough. Ask about it if not ad-
dressed.”

Agent: “I noticed you’ve been coughing. Does it
feel like you’re bringing anything up?”

Table 1 illustrates how subtype and gating inter-
act across three representative scenarios.

4 Evaluation

Setup. We evaluate primarily on 847 held-out
conversational audio segments (12.3 hours) span-
ning telephony-quality recordings (8kHz µ-law)
and direct microphone capture (16kHz PCM), with
SNR ranging from 5–30dB. These segments were
collected in-house to match the conditions of our
target telehealth deployment, including its codecs,
ambient noise, and overlap between coughs and
conversational speech, which public isolated-cough
corpora do not reflect. Three U.S.-licensed clini-
cians labeled event presence, subtype, and times-
tamps; inter-annotator agreement was substantial
for event presence (κ=0.82) and moderate for
subtype (κ=0.67), reflecting inherent subjectivity.
HealthCUES runs online as a real-time service: it
does not require frame-level streaming but instead
operates over a rolling audio buffer that is analyzed
at turn boundaries during a live call. Our evaluation
uses this same rolling-buffer mechanism, without
oracle segment boundaries. To probe generaliza-
tion beyond our own data, we additionally vali-
date on the AMI Meeting Corpus (Carletta et al.,
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2006) using publicly released cough annotations,1

which contain spontaneous coughs, throat clears,
and speech recorded in multi-party meetings, a de-
manding in-the-presence-of-speech setting.

Results. Table 2 shows HealthCUES achieves
93% F1 for cough detection, 0.75 weighted-F1 on
the clinically central wet-versus-dry subtype dis-
tinction, and 340ms average end-to-end latency,
well within the 500ms conversational pause budget.
We include generic audio encoders (BEATs (Chen
et al., 2023): 59.1% F1) and cough-specialized
models (PANNs (Kong et al., 2020): 76.4%;
CoughVID fine-tuned (Orlandic et al., 2021):
79.8%) as reference points. These baselines are
not compute- or backbone-matched: they differ
from HealthCUES in model scale, pretraining
data, and task formulation, so the comparison
is capability-illustrative rather than a controlled
head-to-head, and should not be read as a like-for-
like accuracy ranking. Its purpose is to situate
HealthCUES against the off-the-shelf detectors a
practitioner might otherwise adopt, none of which
provide the streaming, throat-clearing separation,
subtype, duration, and dialogue-aware capabilities
that HealthCUES unlocks from a single general-
purpose MLLM. The CoughVID fine-tuned model
attains the lowest latency (95ms) but is restricted
to binary detection; HealthCUES’s higher latency
(340ms) reflects its richer, multi-task inference. Ta-
ble 3 confirms HealthCUES is the only evaluated
system providing all five capabilities essential for
clinical dialogue use.

External Validation (AMI). To test whether de-
tection holds beyond our in-house recordings, we
evaluate on the AMI Meeting Corpus (Carletta
et al., 2006), where coughs and throat clears co-
occur with multi-party conversational speech. With
no adaptation to that domain, HealthCUES sus-
tains strong three-way performance: macro-F1 0.91
and accuracy 0.92 (n=719), with per-class F1 of
0.86 (coughing), 0.94 (throat clearing), and 0.92
(none); see Table 4.

Subtype Breakdown. The clinically central dis-
tinction is wet versus dry (productive vs. non-
productive), which reaches 0.75 weighted-F1 (Ta-
ble 2): dry coughs, the most common presentation,
are detected reliably (F1 0.89) and wet coughs at
moderate accuracy (F1 0.55). The rarer barking and

1https://github.com/paulleamy/
AMI-Cough-Annotations

System Cough F1 Latency

BEATs† 59.1% 180ms
PANNs‡ 76.4% 210ms
CoughVID FT§ 79.8% 95ms
HealthCUES 93.0% 340ms

Additional HealthCUES metrics
3-way Macro-F1 0.91
Wet/Dry Weighted-F1 0.75
Duration Bucket Acc. 0.91
Latency p95 520ms

Table 2: Detection comparison and full HealthCUES
results on 847 in-house conversational audio segments.
Detection and 3-way metrics are macro-averaged; the
wet/dry subtype metric is weighted-F1 conditional on
cough presence. Baselines are off-the-shelf and not
compute- or backbone-matched; the comparison is
capability-illustrative rather than a like-for-like rank-
ing (see text). †Chen et al. (2023); ‡Kong et al. (2020);
§Orlandic et al. (2021) fine-tuned.
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BEATs† ✓ ✗ ✗ ✗ ✗

PANNs‡ ✗ ✗ ✗ ✗ ✗

CoughVID FT§ ✓ ✗ ✗ ✗ ✗
Coswara CNN ✗ ✗ ✗ ✗ ✗
HealthCUES ✓ ✓ ✓ ✓ ✓

Table 3: Capability comparison across the five func-
tions required for conversational integration, each de-
fined operationally in Section 3: streaming (turn-aligned
rolling-buffer processing), throat sep. (three-way state
detection), subtype (four-way subtype classification),
duration (start–end estimation), and dialogue (dialogue-
aware gating, Section 3.3). HealthCUES is the only
evaluated system providing all five. See Table 2 for
citation keys.

whooping subtypes are harder (Table 5): both are
acoustically subtler and far less frequent in deploy-
ment, so the limited data available for them makes
both reliable recognition and reliable evaluation dif-
ficult. We therefore treat wet/dry as the dependable
operating point today and target the rarer subtypes
through ongoing in-domain data collection.

User Study. As a formative feasibility study,
three licensed, practicing U.S. registered nurses
each interacted with HealthCUES across 6 struc-
tured telehealth scenarios, assessing three dialogue
quality dimensions: response appropriateness (did
the agent correctly branch or escalate?), conversa-
tional naturalness (was the phrasing contextually

https://github.com/paulleamy/AMI-Cough-Annotations
https://github.com/paulleamy/AMI-Cough-Annotations
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Class P R F1

Coughing 0.99 0.76 0.86
Throat clearing 0.97 0.91 0.94
None 0.86 0.99 0.92

Accuracy 0.92
Macro-F1 0.91

Table 4: External validation on the AMI Meeting Cor-
pus (Carletta et al., 2006) (n=719 segments with speech
present), using Qwen3-Omni with no domain adapta-
tion: three-way state detection (coughing / throat clear-
ing / none).

Subtype F1

Dry 0.89
Wet 0.55
Barking 0.23
Whooping 0.24

Table 5: Per-class F1 for four-way cough subtype clas-
sification (conditional on cough presence). The clini-
cally central wet/dry distinction reaches 0.75 weighted-
F1 (Table 2), with reliable dry detection; barking and
whooping are harder and limited by data availability.

appropriate?), and dialogue efficiency (did cough
signals reduce the need for explicit patient question-
ing?). Evaluators confirmed appropriate branching
behavior in scenarios designed to elicit escalation:
the agent correctly altered its dialogue strategy
based on detected respiratory state. Check-in phras-
ing was rated natural and contextually appropri-
ate when triggered correctly. Unprompted subtype
identification reduced conversational burden by sur-
facing respiratory status without requiring direct pa-
tient self-report, improving information-gathering
efficiency within the dialogue flow. Areas for im-
provement included detection consistency when
coughs co-occur with agent speech and gating be-
havior during prolonged episodes, directly inform-
ing ongoing refinements to the mechanisms in Sec-
tion 3.3.

5 Conclusion

We presented HealthCUES, a streaming cough
analysis pipeline providing fine-grained respira-
tory analytics for real-time conversational agents.
By combining MLLM-based audio understanding
with dialogue-aware gating, HealthCUES enables
conversational systems to reason over paralinguis-
tic health signals, a capability that, to the best
of our knowledge, is absent from all prior work.
Evaluation demonstrates strong detection accuracy,

clinically relevant subtype classification, and sub-
500ms latency compatible with natural dialogue
flow. Future work includes multilingual validation,
expanded paralinguistic signal coverage (wheezing,
labored breathing), and larger-scale user studies
measuring dialogue success across diverse clinical
populations.

Ethical Considerations

Privacy. Audio processed by HealthCUES may
contain sensitive health information. In deploy-
ment, audio is processed transiently without persis-
tent storage, and no content is retained beyond the
active session.

Clinical Limitations. HealthCUES provides in-
formational cough analytics, not medical diagno-
sis. The system triggers follow-up questions rather
than clinical recommendations, and users must be
clearly informed of these limitations. The system
is designed to augment, not replace, clinical judg-
ment.

Bias and Fairness. Cough acoustic characteris-
tics vary across demographics, health conditions,
and recording equipment. We acknowledge po-
tential performance disparities and recommend on-
going monitoring across user populations. The
MLLM backend’s training data composition may
introduce biases affecting subtype classification for
underrepresented groups.

Limitations

Subtype labels involve inherent clinical judgment;
ground truth is imperfect, as reflected in moder-
ate inter-annotator agreement (κ=0.67). Perfor-
mance may degrade in high-noise environments
(SNR <5dB) or with heavily compressed codecs
not represented in the evaluation set. Very soft
coughs or those co-occurring with loud speech may
be missed. The current evaluation is English-only;
generalization to other languages and accents re-
quires dedicated validation. HealthCUES targets
server-based deployment, so end-to-end latency is
bound by server compute rather than on-device re-
sources; the MLLM backend introduces cost and
availability constraints, and we do not target edge
or fully on-device operation. Our user study (n=3)
provides initial validation across response appro-
priateness, naturalness, and efficiency dimensions;
larger-scale studies with diverse populations would
further strengthen the evidence base.
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