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Background: While tools exist for objective cough counting in clinical studies, there is no available tool 
for objective cough measurement in clinical practice. An artificial intelligence (AI)-based cough count 
system was recently developed that quantifies cough sounds collected through a smartphone application. In 
this prospective study, this AI-based cough algorithm was applied among real-world patients with an acute 
exacerbation of asthma.
Methods: Patients with an acute asthma exacerbation recorded their cough sounds for 7 days (2 consecutive 
hours during awake time and 5 consecutive hours during sleep) using CoughyTM smartphone application. 
During the study period, subjects received systemic corticosteroids and bronchodilator to control asthma. 
Coughs collected by application were counted by both the AI algorithm and two human experts. Subjects 
also provided self-measured peak expiratory flow rate (PEFR) and completed other outcome assessments 
[e.g., cough symptom visual analogue scale (CS-VAS), awake frequency, salbutamol use] to investigate the 
correlation between cough and other parameters. 
Results: A total of 1,417.6 h of cough recordings were obtained from 24 asthmatics (median age =39 years).  
Cough counts by AI were strongly correlated with manual cough counts during sleep time (rho =0.908, 
P<0.001) and awake time (rho =0.847, P<0.001). Sleep time cough counts were moderately to strongly 
correlated with CS-VAS (rho =0.339, P<0.001), the frequency of waking up (rho =0.462, P<0.001), and 
salbutamol use at night (rho =0.243, P<0.001). Weak-to-moderate correlations were found between awake 
time cough counts and CS-VAS (rho =0.313, P<0.001), the degree of activity limitation (rho =0.169, 
P=0.005), and salbutamol use at awake time (rho =0.276, P<0.001). Neither awake time nor sleep time cough 
counts were significantly correlated with PEFR.
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Introduction

Cough is a normal defense mechanism of the human 
body and many diseases like respiratory infections, airway 
inflammatory diseases, and pulmonary malignancy present 
with cough as a primary symptom (1). In particular, cough 
is the most distressing symptom in patients with asthma 
during an acute exacerbation, and it is also the only 
symptom in cough variant asthma (2). Cough may precede 
dyspnea or wheezing in an acute asthma exacerbation, and 
evidence has been found that monitoring nocturnal coughs 
may detect asthma exacerbations earlier (3,4). While it is 
known that cough improves as patients recover from an 
acute exacerbation of asthma, the detailed natural course 
of cough in the convalescent phase of acute exacerbation 
has not been well studied. This is partly because validated 
objective measures of cough are not yet available for use in 
clinical practice (5). Thus, physicians have to rely on patient 

self-report of the pattern, intensity, and frequency of their 
coughs despite the significance of coughs from asthmatics (5).

Since the 1950s, quantifying cough frequency over 
prolonged periods has been explored, and only two systems, 
VitaloJAKTM and the Leicester Cough Monitor (LCM), are 
currently used in cough research (5,6). These monitoring 
systems have been found to be effective and accurate in 
objectively quantifying cough frequency. Specifically, the 
VitaloJAKTM has been used in the phase 3 clinical trial for the 
Gefapixant, a novel antitussive agent that antagonize P2X3 
receptor, while the LCM was used in the phase 2 clinical trial 
for PA101, which was a novel formation of inhaled sodium 
cromoglicate to treat idiopathic pulmonary fibrosis and 
chronic cough (7). The VitaloJAKTM has also been widely 
used in clinical trials of various cough medications such as 
TRPV1 antagonists, sodium channel blockers, neurokinin-1 
receptor antagonists, and selective P2X3 receptor antagonists 
including BLU-5937, sivopixant, and eliapixant (8-13). The 
VitloJAKTM has a two-step process involving an algorithm 
to initially filter out non-cough sounds, which results in a 
shorter file for analysis. Recently, the performance of this 
VitaloJAKTM filtering algorithm was assessed on 143 patients 
with refractory chronic cough, showing high sensitivity and 
reliability (14). Although the VitaloJAK™ is only approved 
system for monitoring cough for clinical trials of newly 
developed medications, this cough monitoring system is 
dependent on manual counts by trained human cough 
counters, which is labor intensive to quantify the data. It 
needs manual labor time of 87 (15) and 5 min (16) per 24-h 
recording for the VitaloJAKTM and LCM, respectively (17). 
In addition, it requires a special device for recording that is 
generally bulky and may be uncomfortable for patients to 
wear for extended periods of time. 

Recently, artificial intelligence (AI) and a machine 
learning-based approach to cough monitoring emerged 
to address these deficiencies (18-21). Applications that 
analyze cough sounds and objectively quantify cough from 
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a smartphone recording in near real time through an AI 
algorithm have substantial advantages over the above-
mentioned monitoring systems (22,23). These solutions 
do not require additional equipment for use like separate 
microphones or machinery, which could improve patient 
compliance and convenience. Further, since there is no 
need for trained human cough counters, which is labor-
intensive and time-consuming, costs are lower, and 
analysis is more efficient. Thus, this AI-based approach 
for objectively counting cough can improve monitoring 
for research purposes, as well as clinical use, as treatment 
response of patients can be monitored in real time. In a 
previous study, the usefulness of AI-based cough counts 
was evaluated in patients with acute asthma exacerbation, 
however cross-sectional measurement of only five voluntary 
or spontaneous coughs was conducted (22).

In this prospective study, the objective was to evaluate 
whether cough counts measured by the CoughyTM AI 
algorithm are in concordance with those measured by 
humans and assess the correlation of these cough counts 
with clinical indicators among acute-exacerbated asthmatic 
patients during their treatment with systemic steroids and 
bronchodilator. We present this article in accordance with 
the STROBE reporting checklist (available at https://jtd.
amegroups.com/article/view/10.21037/jtd-22-1492/rc).

Methods

Study population

Adults (19 to 80 years) experiencing an acute exacerbation 
of asthma were recruited from eight university hospitals in 
Korea from May to October 2021. Subjects were eligible 
to participate if they predominantly presented with cough 
and needed short-term systemic steroids and a short-acting 
bronchodilator for symptom control. The presence of 
asthma was defined as follows: (I) having one or more typical 
asthmatic symptoms, such as cough, dyspnea, or wheezing, 
and (II) established airway hyperresponsiveness (AHR) or 
reversible airway obstruction. AHR was considered positive 
when PC20 [provocative concentration eliciting a 20% 
decline in forced expiratory volume in 1 second (FEV1)] was 
less than 16 mg/mL, or the dose of dry mannitol causing a 
15% fall in the FEV1 (PD15) was less than 625 mg/mL, in a 
bronchial provocation test using methacholine chloride or 
mannitol, respectively. Airway reversibility was confirmed 
by an increase in FEV1 of at least 200 mL and 12% above 
baseline following the inhalation of 400 μg of salbutamol or 

several days or weeks of anti-inflammatory treatment with 
systemic or inhaled steroids. 

Subjects were excluded from the study if they met any 
of the following criteria: having a disease or condition 
other than asthma that may cause cough or dyspnea, such 
as pneumonia, tuberculosis, interstitial lung disease, heart 
failure, renal failure, pulmonary arterial hypertension, 
suspected gastroesophageal reflux (GERD) symptoms 
(e.g. heart burn, regurgitation), proven GERD by gastric 
endoscopy in the past year, and upper airway disease other 
than allergic rhinitis and sinusitis which are common 
comorbid diseases in asthma patients. 

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The study 
was approved by the Institutional Review Boards of 
Ewha Womans University Seoul Hospital (No. 2021-05-
006-010), Gachon University Gil Medical Center (No. 
GAIRB2021-258), Korea University Anam Hospital (No. 
2021AN0245), SMG-SNU Boramae Medical Center (No. 
20-2020-311), Seoul National University Bundang Hospital 
(No. B-2106-693-403), Seoul National University Hospital 
(No. J-2008-078-1148), Kangwon National University 
Hospital (No. KNUH-A-2021-06-021), and Kyungpook 
National University Chilgok Hospital (No. KNUCH 2021-
05-010-001). Written informed consent for participation 
was obtained from all patients. 

Study design

On Day 1, the study subjects were prescribed 7-day of 
systemic corticosteroids and a short-acting bronchodilator 
after they underwent baseline pulmonary function test 
(PFT) including forced vital capacity (FVC) and FEV1. 
At the discretion of the attending physician, an antitussive 
and other inhaled or oral medication were permitted to 
be administered in combination for asthma exacerbation. 
During the 7-day treatment period, the subjects used 
CoughyTM to record coughing sounds for 2 h during the 
day and 5 h during sleep (at a time selected by subjects) for 
a total of 49 h, using the provided smartphone (iPhone XR, 
Apple, Cupertino, CA, USA). When recording, the subjects 
were instructed to place their smartphone 50 to 70 cm away 
from their face, with the microphones on their smartphones 
pointing towards their mouths by attaching the smartphone 
to an armband during awake time and positioning it near 
the bed during sleep. The smartphone was charged during 
sleep time to record for consecutive days. Subjects were also 
instructed to record in an environment without loud living 
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noises or other person’s noises including voices, coughs, and 
breathing sounds. During the recording, subjects slept alone 
and did not wear a mask or cover their mouths. On Day 7,  
each subject visited a clinic and was asked to undergo a 
follow-up PFT.

Recorded sound files from the smartphone application 
were collected and uploaded hourly to a secure server. 
The sound files were sequentially analyzed by both the 
AI algorithm and trained human cough counters and 
compared. To protect participant privacy, the cough analysts 
could only listen to the 0.5-s cough-like audio segments and 
additional 1 s around the segments if clarification is needed. 
When analyzed by the human experts, two trained experts 
independently labelled coughs and non-coughs following 
the protocol. A supervisor then reviewed any samples where 
the two trained experts disagreed and adjudicated to make 
the final decision.  

Additional study measures

Each subject was provided a portable peak flow meter 
(Mini-wright standard PFM 3103085, Clement Clarke 
International Ltd.) and was instructed to measure their 
peak expiratory flow rate (PEFR) right after waking up 
and before sleep. Subjects were also asked to complete a 
number of patient-reported outcome (PRO) measures daily 
on the CoughyTM app, including: (I) cough symptom visual 
analogue scale (CS-VAS), which is a measure of overall 
daily cough symptom severity ranging from 0 cm (not at 
all) to 10 cm (extremely), (II) frequencies of wake-up during 
sleep time, (III) salbutamol use (during awake time and 
sleep time), (IV) degree of activity limitation (0, not at all; 
1, a little; 2, moderate; 3, quite a bit; 4, extremely) at awake 
time, and (V) degree of asthma-related symptoms including 
cough, wheezing, dyspnea, and chest tightness at sleep time 
and awake time (0, not at all; 1, mild; 2, moderate; 3, severe; 
4, very severe) (24).

Statistical analyses

Sociodemographic and clinical characteristics were shown 
in median [interquartile range (IQR)] or frequency (%). 
Missing data were omitted, and the remaining data were 
analyzed. Changes in parameters during the study period 
was assessed using paired Wilcoxon signed rank test. To 
assess the validity of the CoughyTM AI-based algorithm, 
Spearman’s rank correlations (rho) were calculated between 
sleep and awake cough counts derived from the AI algorithm 

and the trained human counters. Further assessments of 
the validity of cough count measured by CoughyTM was 
assessed via correlations with the CS-VAS, the frequencies 
of wake up, salbutamol use, the degree of activity limitation, 
and PEFR. The strength of the correlations was defined as 
weak (≥0.1 to <0.30), moderate (≥0.30 to <0.50), and high 
(≥0.50) according to Cohen guidelines (25). All statistical 
analyses were performed with SPSS version 19.0 (IBM, 
Armonk, NY) and GraphPad Prism 8.0 software (GraphPad 
Software, San Diego, CA, USA).

Results

Characteristics of the study sample

A total of 24 subjects with an acute asthma exacerbation 
were enrolled, and their sociodemographic and clinical 
characteristics are presented in Table 1. The median age 
of study subjects was 39 years (IQR, 26.0–49.5), 62.5% 
were female, and 75.0% were never smokers. The 
median duration after asthma diagnosis was 46 months 
(IQR, 9.5–108.0), and 62.5% of subjects had an asthma 
exacerbation in the past year. Among those enrolled, 54.2% 
and 29.2% of subjects showed reversible airway obstruction 
after salbutamol inhalation and anti-inflammatory 
asthma treatment, respectively, and 20.8% and 4.2% 
presented AHR in methacholine and mannitol challenge 
test, respectively. Before treatment for acute asthma 
exacerbation, the median lung functions at enrollment were 
80.0 (IQR, 64.0–93.0) for FVC (% predicted) and 69.0 
(IQR, 59.0–82.0) for FEV1 (% predicted). After seven-
day treatment for acute asthma exacerbation, the median 
lung functions were 81.0 (IQR, 72.0–105.0) for FVC 
(% predicted) and 79.0 (IQR, 75.0–81.0) for FEV1 (% 
predicted).

All subjects had received low dose inhaled corticosteroid 
and long-acting beta 2 agonist for their asthma. Among 
them, 5 (20.8%), 1 (4.2%), 3 (12.5%) had also received 
leukotriene receptor antagonist, anticholinergics, and oral 
corticosteroid for their asthma, respectively. Three (12.5%) 
additionally had taken antihistamine for their comorbid 
rhinosinusitis.

Changes in study parameters from Day 1 to 7

Compared to Day 1, sleep time cough counts measured 
by the AI algorithm and human cough counters decreased 
significantly from Day 5 to 7, while awake time cough 
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counts measured by the AI algorithm and human cough 
counters deceased earlier on Day 2 (Figure 1A, Table S1).  
Sleep time cough counts per hour measured by the 
AI algorithm and human cough counters decreased 
significantly on Day 5 and 7, whereas awake time cough 
counts measured by the AI algorithm and human cough 
counters deceased earlier on Day 3 (Figure 1B, Table S2). 
The overall CS-VAS also decreased significantly from 
Day 3 to 7 (Figure 2A, Table S3). The frequencies of 
wake-up decreased significantly on Day 5 and 7, whereas 
salbutamol use at sleep time and awake time did not change 
significantly (Figure 2B). The degree of activity limitation 
decreased significantly from Day 3 to 7 (Figure 2C), and 
morning and evening PEFR improved significantly since 
Day 3 and 2, respectively (Figure 2D). The degrees of cough 
and other symptoms at sleep time decreased significantly 
since Day 4 and 5, respectively (Table S4). The degrees 
of cough or wheezing and other symptoms at awake time 
decreased significantly even earlier since Day 2 and 3, 
respectively.

Performance characteristics of AI-based cough counting 
algorithm 

A total of 1,417.6 h audio data were collected including 
353.7 and 1,063.9 h for awake and sleep, respectively. 
The median start time of recording was A.M. 08:59 
(IQR, 07:21–09:55) for awake time and A.M. 00:01 (IQR, 

Table 1 Characteristics of study participants.

Characteristics Subjects (n=24)

Age, years 39 (26.0–49.5)

Female 15 (62.5)

Smoking status

Never smoker 18 (75.0)

Former smoker 2 (8.3)

Current smoker 4 (16.7)

Asthma duration

First symptom, months 60 (8.5–120.0)

Diagnosis, months 46 (9.5–108.0)

Treatment, months 36 (0.0–108.0)

Asthma exacerbation in the last year 15 (62.5)

Asthma control status

Uncontrolled 20 (83.3)

Partly controlled 4 (16.7)

Controlled 0 (0.0)

Comorbid allergic disease

Allergic rhinitis 19 (79.2)

Sinusitis 8 (33.3)

Atopic dermatitis 5 (20.8)

Urticaria 4 (16.7)

Food allergy 3 (12.5)

Drug allergy 5 (20.8)

Family history of allergic disease 11 (45.8)

Reversible airway obstruction

After salbutamol inhalation 13 (54.2)

After asthma treatment 7 (29.2)

Airway hyperresponsiveness

Methacholine challenge test 5 (20.8)

Mannitol challenge test 1 (4.2)

Lung function (before treatment)

FVC (% predicted) 80.0 (64.0–93.0)

FEV1 (% predicted) 69.0 (59.0–82.0)

Lung function (after treatment)

FVC (% predicted) 81.0 (72.0–105.0)

FEV1 (% predicted) 79.0 (75.0–81.0)

Table 1 (continued)

Table 1 (continued)

Characteristics Subjects (n=24)

Serum total IgE, IU/L 265.0 (72.1–569.0)

Peripheral blood eosinophil, /μL 177.0 (81.7–415.9)

Medication

Low dose ICS/LABA 24 (100.0)

LTRA 5 (20.8)

Anticholinergics 1 (4.2)

OCS 3 (12.5)

Antihistamine 3 (12.5)

Data are shown in median (interquartile range) or frequency (%). 
FVC, forced vital capacity; FEV1, forced expiratory volume in 
1 second; IgE, immunoglobulin E; ICS, inhaled corticosteroid; 
LABA, long-acting beta2 agonist; LTRA, leukotriene receptor 
antagonist; OCS, oral corticosteroid.

https://cdn.amegroups.cn/static/public/JTD-22-1492-Supplementary.pdf
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https://cdn.amegroups.cn/static/public/JTD-22-1492-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-22-1492-Supplementary.pdf


Shim et al. Cough counts using AI algorithm in acute asthma exacerbation4058

© Journal of Thoracic Disease. All rights reserved. J Thorac Dis 2023;15(7):4053-4065 | https://dx.doi.org/10.21037/jtd-22-1492

Cough count per hour by AI (sleep time)
Cough count per hour by human (sleep time)
Cough count per hour by AI (awake time)
Cough count per hour by human (awake time)

Cough count by AI (sleep time)
Cough count by human (sleep time)
Cough count by AI (awake time)
Cough count by human (awake time)

Study daysStudy days

C
ou

gh
 c

ou
nt

 p
er

 h
ou

r

C
ou

gh
 c

ou
nt

500

400

300

200

100

0

1000

800

600

400

200

0
******

**

*

**
**

****
****

**

**
*

**

****

D1 D2 D3 D4 D5 D6 D7D1 D2 D3 D4 D5 D6 D7

**

**

****

****

**
**

**

******

**

*

** **

A B

Figure 1 Changes in sleep/awake cough counts measured by human and AI. (A) Total cough counts; (B) cough count per hour. Box plots 
show median (line), 25 and 75 percentiles (box), and range (whiskers). *P<0.05, **P<0.01, ***P<0.001 compared to Day 1 using paired 
Wilcoxon singed rank test. AI, artificial intelligence.

Wake-up
Salbutamol use (sleep time)
Salbutamol use (awake time)

AM PEFR
PM PEFRActivity limitation

Study daysStudy days

Study days Study days

Fr
eq

ue
nc

y

C
S

-V
A

S
 (0

-1
0 

cm
)

B
es

t‡ , %

D
eg

re
e†

8

6

4

2

0

10.0

7.5

5.0

2.5

0.0

100

75

50

25

0

4

3

2

1

0

*

*

*

*

**

****** ** **

**

**

****** *** **

*

*

**

**

*

D1 D2 D3 D4 D5 D6 D7D1 D2 D3 D4 D5 D6 D7

D1 D2 D3 D4 D5 D6 D7 D1 D2 D3 D4 D5 D6 D7

A B

C D

Figure 2 Changes in the clinical parameters through the study period. (A) Changes in overall symptom score using CS-VAS; (B) changes in 
frequencies of wake-up, and salbutamol use at sleep time and awake time; (C) changes in degree of activity limitation. Changes in A.M. and 
P.M. PEFR (D). Box plots show median (line), 25 and 75 percentiles (box), and range (whiskers). *P<0.05, **P<0.01, ***P<0.001 compared to 
Day 1 using paired Wilcoxon singed rank test. †, the degree of activity limitation consists of 0 (not at all), 1 (a little), 2 (moderately), 3 (quite 
a bit), and 4 (extremely). ‡, the percent of the best values measured during study period in each subject. CS-VAS, cough symptom visual 
analogue scale; PEFR, peak expiratory flow rate.



Journal of Thoracic Disease, Vol 15, No 7 July 2023 4059

© Journal of Thoracic Disease. All rights reserved. J Thorac Dis 2023;15(7):4053-4065 | https://dx.doi.org/10.21037/jtd-22-1492

22:40–00:57) for sleep time. The median recording hours 
per subject were 58.0 h (IQR, 56.2–63.0), 14.3 h (IQR, 
14.1–15.0) and 43.8 h (IQR, 41.4–47.6) for total, awake 
and sleep time. From the audio data, total 655,986 cough-
like sounds were extracted and classified by human and AI 
algorithm. The cough count results using human count and 
from the AI algorithm were compared and it showed 82.3% 
of sensitivity, 99.1% of specificity and 98.5% of accuracy.

Sleep time and awake time cough counts measured 
collectively during 7-day study period by trained human 
cough counters and the AI algorithm were strongly 
correlated to each other (rho =0.908, P<0.001 and rho 
=0.847, P<0.001, respectively; Figure 3A,3B). Interestingly, 
sleep time and awake time cough counts per hour for each 
subject were strongly correlated to each other, irrespective of 
being counted by humans (rho =0.686, P<0.001; Figure 3C)  
or AI (rho =0.648, P<0.001; Figure 3D).

In addition, weak or moderate to strong correlations were 
found between sleep time cough counts measured by AI and 
CS-VAS (rho =0.339, P<0.001; Figure 4A), the frequencies 
of wake-up (rho =0.462, P<0.001; Figure 4B), and salbutamol 

use at night (rho =0.243, P<0.001; Figure 4C), but not with 
A.M. PEFR (rho =−0.007, P=0.901; Figure 4D). Weak to 
moderate correlations were observed between sleep time 
cough counts measured by AI and degrees of asthma-related 
symptoms including cough (rho =0.444, P<0.001; Figure 4E), 
wheezing (rho =0.299, P<0.001; Figure 4F), dyspnea (rho 
=0.318, P<0.001; Figure 4G), chest tightness (rho = 0.314, 
P<0.001; Figure 4H) at sleep time, and FEV1 (rho =0.481, 
P=0.032; Figure 4I), but not with FVC (rho =0.171, P=0.447; 
Figure 4J). Weak to moderate correlations were evidenced 
between awake time cough counts measured by AI and with 
CS-VAS (rho =0.313, P<0.001; Figure 5A), the degree of 
activity limitation (rho =0.169, P=0.005; Figure 5B), and 
the frequency of salbutamol use at awake time (rho =0.276, 
P<0.001; Figure 5C), but not with P.M. PEFR (rho =−0.085, 
P=0.115; Figure 5D). Moderate to high correlations were 
seen between awake time cough counts measured by AI and 
degrees of asthma-related symptoms including cough (rho 
=0.423, P<0.001; Figure 5E), wheezing (rho =0.544, P=0.005; 
Figure 5F), dyspnea (rho =0.320, P<0.001; Figure 5G), but 
not chest tightness (rho =0.318, P=0.115; Figure 5H) at 
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awake time, FEV1 (rho =0.376, P=0.205; Figure 5I), or FVC 
(rho =0.431, P=0.142; Figure 5J).

Discussion

The purpose of this study was to evaluate the recently 
developed CoughyTM AI algorithm to objectively quantify 
cough counts among patients in clinical practice. In this 
study, awake time and sleep time cough sound recordings 
were obtained using a smartphone application from 
adults experiencing an acute exacerbation of asthma while 
receiving systemic corticosteroids for 7 days. Cough 
sounds were counted by trained human cough counters 
and compared to results using the CoughyTM AI algorithm. 
To support the validity of the AI-based algorithm in a 
real-world setting in patients with asthma, cough counts 
were significantly correlated with those by trained cough 
counters both for awake time and sleep time. Further, cough 

counts using AI algorithm were also moderately to strongly 
correlated with cough severity as measured by the CS-VAS 
and the frequencies of wake-up, and rescue medication 
use, as well as the degree of activity limitation and asthma-
related symptom other than cough.

Recently, AI cough monitors have emerged with high 
sensitivity and specificity, some achieving sensitivity 
of 86.78% and specificity of 99.42% (26,27). Based on 
advances in cough sound processing and AI technology, 
AI-based diagnosis of various respiratory diseases has been 
investigated (28). In particular, a smartphone-based cough 
monitoring system is emerging, which includes continuous 
sound collection with a smartphone application, subsequent 
signal processing, and noise removal, and finally cough 
sound identification through machine learning (29,30). 
There have been studies conducted for detection cough 
among 7 children hospitalized for respiratory disease, 
coronavirus disease 2019 screening, and early recognition of 
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exacerbation of chronic obstructive lung disease and chronic 
heart failure (31-34).

Although not many, there are also several previous 
studies on asthma, from a basic study to distinguish 
voluntary coughs from 12 asthmatics and 12 healthy 
controls (35), to a recent study which recorded voluntary 
cough sounds from 89 asthmatics and 89 healthy controls 
on a smartphone, and analyzed by their audio-based 
classification model, showing sensitivity and specificity of 
83% and 85% in classifying cough between two groups (19). 
Moreover, the latest prospective diagnostic accuracy study 
enrolled 119 asthmatics and recorded five voluntary or 
spontaneous coughs from each subject using a smartphone, 
to differentiate acute exacerbation of asthma and controlled 
asthma in these asthmatic patients by AI-based cough sound 
analysis (22). This study showed that a positive percent 

agreement between the clinical diagnosis and AI-based 
detection of asthma exacerbation was 89%. However, it 
differs from our study in that cross-sectional measurement 
of only five voluntary or spontaneous coughs rather than 
cough sound monitoring.

In the current study, the recently developed CoughyTM 
AI algorithm was used to objectively measure cough counts. 
The core of AI algorithm consists of two phases: detecting 
cough-like sounds and classifying events into cough or 
other sounds. At the cough-like sound detection, the time 
stamps of cough-like events are saved, and an 0.5 s length 
audio is extracted from each time stamp. Next, the audios 
are classified into cough sounds or non-cough sounds by 
deep learning model based on 2D-convolutional neural 
network (CNN). To establish this AI cough recognition 
system, cough data from 130 patients with cough lasting 
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3 weeks or more were obtained at allergy or pulmonology 
clinics in Korea. The cough data was divided into training 
set and test set consisting of 122 subjects (30,786 coughs) 
and 8 subjects (2,214 coughs), respectively, and the AI 
algorithm achieved sensitivity of 92% and specificity of 96% 
in ambulatory setting. Establishment of AI algorithm was 
previously described (23). The current study analyzed cough 
sounds from actual asthma patients during an acute asthma 
exacerbation, and showed a high accordance in cough 
counts between AI measurements and manual measurement 
by two trained human experts, which is regarded as the 
gold standard. Overall, we found that the CoughyTM AI 
algorithm also worked well in real-world asthma patients.

Awake time and sleep time cough counts showed a 
significant correlation with CS-VAS. It is interesting to note 
that the patient’s overall cough symptom score continued to 
improve despite of temporary worsening of the sleep time 
parameters on Day 2. These findings may suggest that there 
may be factors other than the cough frequencies or waking 
up from cough in explaining the discomfort of coughing 
reported by subjects. It can be another explanation that one 
or more days would be required for systemic corticosteroids 
and bronchodilators to relieve nocturnal aggravation of 
symptoms in patients with acute asthma exacerbation. 

There was no significant correlation between either 
awake time and sleep time cough frequencies and PEFR. 
This finding is consistent with a previous report, though it 
was a study of a different setting (36). A post hoc analysis 
of double-blind, randomized trial regarding the efficacy 
of beclomethasone/formoterol as a reliever reported 
no association between self-report questionnaire-based 
cough or wheezing and lung function including FEV1 and 
PEFR. This seems to support the involvement of different 
pathways in cough and bronchoconstriction in the human 
airway, which needs to be further studied (37,38).

Another noteworthy finding of this study was that 
the awake time and sleep time cough frequencies were 
significantly correlated in asthma exacerbation patients. 
Instead of monitoring the patient for the entire 24 h, we 
instructed patients to record their coughing sounds for 
2 h during the day and select a time for their recording. 
Although it may be ideal to record cough sounds for 24 h, 
it may cause considerable inconvenience to patients because 
there is a risk of interrupting the patient’s privacy by 
recording additional background noises and conversations 
outside of patients’ cough. In this regard, as revealed in our 
study, it would be very useful at least in asthmatic patients 
if we could estimate the patient’s overall cough symptoms 

including awake time only by analyzing sleep time cough 
sounds, which are relatively easy to record. Further 
research is needed to determine whether this correlation is 
reproduced not only in asthma but also other respiratory 
diseases. 

Unlike previous studies, the current study did not 
record voluntary or forced coughs cross-sectionally, but 
serially monitored involuntary or natural coughs from 
asthma patients for at least 7 h a day throughout the 7-day 
treatment period for acute exacerbation of asthma. Thus, 
the results of this study demonstrate that the CoughyTM AI-
based cough analysis recorded by a smartphone could be 
used for monitoring acute exacerbated asthma treatment 
response. The AI-based cough count monitoring with 
a smartphone has benefits in convenience of recording, 
near real-time analysis, and cost reduction compared to 
conventional methods like the VitaloJAKTM or LCM. This 
study has illuminated the possibility of clinical application 
of the cough recording and AI analyzing algorithm using a 
smartphone app to monitor and follow-up of the patients 
with acute exacerbation of asthma. We now plan to evaluate 
whether light-weight devices like smartwatches can serve 
as a substitute for smartphone-based cough recordings to 
improve patient acceptability and usability.

There are several limitations with this study. First, we 
did not conduct 24-h cough monitoring. We designed this 
study to record cough sounds for 2 h during the day based 
on each patient’s own selection, and this 2-h of recording 
may not be sufficient to represent the entire period of awake 
time. Furthermore, the recording time was not controlled 
by study protocol but selected by each patient, which may 
weaken the power of our study. It would be helpful to 
investigate the most proper and efficient time of the day 
that represents the patient’s overall coughs by examining the 
correlation between the 24-h recording and the awake time/
sleep time recordings by performing the 24-h recording 
simultaneously. In addition, only 24 patients with asthma 
were included in the study and further work is needed to 
generalize the findings to asthma.  

Conclusions

Cough monitoring was performed in adult asthma patients 
with an exacerbation of asthma using the CoughyTM 
smartphone-enabled AI-based cough monitor technology. 
Strong correlations have been observed between AI cough 
counts and trained cough counters, as well as with other 
patient-reported endpoints, which supports the usefulness 
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of this technology as an objective measurement of cough 
frequency in patients with asthma.
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Table S1 Changes in sleep/awake cough counts measured by artificial intelligence (AI) and human through the study period

Cough counts (total)
Study period

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

AI (/sleep time) 58 (20, 104.5) 52 (7.5, 105) 49 (14.8, 76.5) 23.5 (0, 80) 12 (1.3, 37.8)** 17 (0, 100)* 11 (3.8, 46.8)***

Human (/sleep time) 68 (27, 130.5) 47.5 (6.3, 105) 45 (26.5, 76.8) 22.5 (0.3, 80.3) 18.5 (2.3, 42.3)** 21 (0, 107) 12 (3.75, 46.5)***

AI (/awake time) 51.5 (24.8, 122) 40 (17.8, 132)** 26.5 (14.5, 55.8)** 18 (7.3, 38.5)** 21.5 (5, 52)** 14 (8, 62)** 8 (2.5, 28)**

Human (/awake time) 61 (18.8, 109.8) 35 (15.8, 130.3)* 24 (13.3, 57.8)** 19 (6.5, 49.8)** 18.5 (7, 63.3)** 12 (4, 59)** 12 (3.8, 46.5)**

Data are presented as median (interquartile ranges). *P<0.05, **P<0.01, ***P<0.001 compared to Day 1 using paired Wilcoxon singed rank 
test.

Supplementary

Table S2 Changes in sleep/awake cough counts per hour measured by artificial intelligence (AI) and human through the study period

Cough counts  
(per hour)

Study period

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

AI (/sleep time) 12.3 (5.1, 24.1) 14.1 (8.6, 30.4) 9.8 (4.6, 15.6) 8.6 (1.0, 25.5) 3.8 (1.2, 7.9)** 4 (0.4, 27.6) 2.2 (0.8, 9.4)***

Human (/sleep time) 14.5 (6.0, 28.9) 14.3 (7.4, 36.4) 9.4 (5.6, 15.6) 7.7 (1.1, 25.4) 4.7 (1.2, 8.9)** 4.2 (0.4, 27.6) 2.4 (0.8, 9.3)***

AI (/awake time) 25.8 (12.4, 61.0) 20.0 (10.0, 74.0) 13.3 (7.3, 27.9)** 9.0 (3.7, 19.3)** 11.5 (2.5, 26.0)** 7.0 (4.0, 31)** 3.8 (0.8, 13.5)**

Human (/awake time) 30.5 (9.4, 54,9) 18.5 (9.0, 73.5) 12.0 (6.6, 28.9)** 9.5 (3.3, 24.9)** 10.0 (3.5, 32.0)** 6 (2.0, 29.5)** 3.3 (2.0, 10.1)*

Data are presented as median (interquartile ranges). *P<0.05, **P<0.01, ***P<0.001 compared to Day 1 using paired Wilcoxon singed rank 
test.

Table S3 Changes in CS-VAS, the frequency of wake up and salbutamol use, the degree of activity limitation, and morning and evening PEFR 
through the study period

Variables
Study period

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

CS-VAS 5 (3, 7) 5 (3, 6) 5 (2.25, 6.75)* 5 (2.25, 6)* 5 (2.25, 6)* 5 (2.25, 5.75)* 3 (1.5, 5)**

Wake up 1 (0, 2.75) 1 (0, 2) 0 (0, 1.75) 0 (0, 1) 0 (0, 0.75)* 0 (0, 1)* 0 (0, 1)*

Salbutamol use  
(/sleep time)

0.5 (0, 2) 0.5 (0, 2) 1 (0, 1.75) 1 (0, 2) 1 (0, 1.75) 0 (0, 2) 0 (0, 1)

Salbutamol use  
(/awake time)

2 (1, 4) 2 (1, 3.75) 2 (2, 4) 2 (1.25, 4) 2 (0.25, 4) 2 (0, 3.5) 2 (0, 2.75)

Activity limitation†  
(/awake time)

1 (1, 2) 1 (0, 2) 1 (1, 1)* 0 (0, 1.75)** 1 (0, 1.75)* 1 (0, 1)** 1 (0, 1)**

AM PEFR, %best‡
81.0  

(69.8, 90.1)

85.0  
(66.2, 94.3)

89.4  
(77.1, 97.1)**

88.6  
(82.6, 95.5)**

85.7  
(82.2, 96.1)*

88.9  
(81.4, 95.0)**

91.0  
(87.2, 96.0)**

PM PEFR, %best‡ 77.4  
(62.6, 88.9)

82.6  
(69.8, 97.6)*

87.7  
(75.7, 96.5)**

88.8  
(78.6, 99.5)***

91.9  
(84.2, 96.2)**

90.2  
(87.2, 96.4)**

91.5  
(87.5, 99.2)**

Data are presented as median (interquartile ranges). *P<0.05, **P<0.01, ***P<0.001 compared to Day 1 using paired Wilcoxon singed rank 
test. †The degree of activity limitation consists of 0 (not at all), 1 (a little), 2 (moderately), 3 (quite a bit), and 4 (extremely). ‡The percent of 
the best values measured during study period in each subject. CS-VAS, cough symptom visual analogue scale ranging from 0 cm (not at 
all) to 10 cm (extremely); PEFR, peak expiratory flow rate.
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Table S4 Changes in the degree of asthma-related symptoms including cough, wheezing, dyspnea, and chest tightness through the study period

Variables
Study period

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

Sleep time

Cough

Grade 0 0 (0.0) 1 (4.2) 0 (0.0) 5 (20.8) 7 (29.3) 4 (16.7) 4 (16.7)

Grade 1 14 (58.3) 12 (50.0) 13 (54.2) 12 (50.0) 12 (50.0) 15 (62.5) 13 (54.2)

Grade 2 7 (29.2) 7 (29.2) 9 (37.5) 6 (25.0) 4 (16.7) 3 (12.5) 3 (12.5)

Grade 3 2 (8.3) 2 (8.3) 2 (8.3) 1 (4.2) 0 (0.0) 1 (4.2) 1 (4.2)

Grade 4 1 (4.2) 1 (4.2) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

Wheezing

Grade 0 6 (25.0) 5 (20.8) 8 (33.3) 9 (37.5) 0 (37.5) 12 (50.0) 11 (45.8)

Grade 1 12 (50.0) 14 (58.3) 12 (50.0) 11 (45.8) 12 (50.0) 8 (33.3) 7 (29.2)

Grade 2 4 (16.7) 2 (8.3) 2 (8.3) 3 (12.5) 2 (8.3) 3 (12.5) 2 (8.3)

Grade 3 2 (8.3) 1 (4.2) 2 (8.3) 1 (4.2) 0 (0.0) 0 (0.0) 0 (0.0)

Grade 4 0 (0.0) 1 (4.2) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

Dyspnea

Grade 0 7 (29.2) 8 (33.3) 12 (50.0) 13 (54.2) 13 (54.2) 14 (58.3) 12 (50.0)

Grade 1 15 (62.5) 11 (45.8) 9 (37.5) 9 (37.5) 8 (33.3) 7 29.2) 7 (29.2)

Grade 2 1 (4.2) 4 (16.7) 2 (8.3) 1 (4.2) 2 (8.3) 2 (8.3) 1 (4.2)

Grade 3 1 (4.2) 0 (0.0) 1 (4.2) 1 (4.2) 0 (0.0) 0 (0.0) 0 (0.0)

Grade 4 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

Chest tightness

Grade 0 6 (25.0) 5 (20.8) 9 (37.5) 9 (37.5) 11 (45.8) 11 (45.8) 8 (33.3)

Grade 1 13 (54.2) 13 (54.2) 12 (50.0) 12 (50.0) 12 (50.0) 9 (37.5) 11 (45.8)

Grade 2 3 (12.5) 3 (12.5) 2 (8.3) 2 (8.3) 0 (0.0) 3 (12.5) 1 (4.2)

Grade 3 2 (8.3) 2 (8.3) 1 (4.2) 1 (4.2) 0 (0.0) 0 (0.0) 0 (0.0)

Grade 4 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

Awake time

Cough

Grade 0 0 (0.0) 0 (0.0) 2 (8.3) 1 (4.2) 3 (12.5) 5 (20.8) 4 (16.7)

Grade 1 4 (16.7) 13 (54.2) 12 (50.0) 13 (54.2) 12 (50.0) 12 (50.0) 13 (54.2)

Grade 2 16 (66.7) 9 (37.5) 8 (33.3) 10 (41.7) 8 (33.3) 6 (25.0) 5 (20.8)

Grade 3 1 (4.2) 1 (4.2) 2 (8.3) 0 (0.0) 1 (4.2) 1 (4.2) 1 (4.2)

Grade 4 3 (12.5) 1 (4.2) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 1 (4.2)

Wheezing

Grade 0 5 (20.8) 5 (20.8) 7 (29.2) 9 (37.5) 10 (41.7) 8 (33.3) 12 (50.0)

Grade 1 7 (29.2) 14 (58.3) 13 (54.2) 9 (37.5) 10 (41.7) 13 (54.2) 9 (37.5)

Grade 2 9 (37.5) 1 (4.2) 3 (12.5) 4 (16.7) 2 (8.3) 1 (4.2) 2 (8.3)

Grade 3 1 (4.2) 2 (8.3) 1 (4.2) 2 (8.3) 2 (8.3) 2 (8.3) 0 (0.0)

Grade 4 2 (8.3) 2 (8.3) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 1 (4.2)

Dyspnea

Grade 0 5 (20.8) 10 (41.7) 8 (3.3) 11 (45.8) 12 (50.0) 12 (50.0) 13 (54.2)

Grade 1 12 (50.0) 10 (41.7) 12 (50.0) 8 (33.3) 7 (29.2) 9 (37.5) 8 (33.3)

Grade 2 4 (16.7) 3 (12.5) 3 (12.5) 3 (12.5) 5 (20.8) 3 (12.5) 3 (12.5)

Grade 3 1 (4.2) 1 (4.2) 1 (4.2) 2 (8.3) 0 (0.0) 0 (0.0) 0 (0.0)

Grade 4 2 (8.3) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

Chest tightness

Grade 0 5 (20.8) 7 (29.2) 7 (29.2) 7 (29.2) 9 (37.5) 10 (41.7) 12 (50.0)

Grade 1 13 (54.2) 12 (50.0) 12 (50.0) 13 (54.2) 12 (50.0) 11 (45.8) 9 (37.5)

Grade 2 3 (12.5) 3 (12.5) 4 (16.7) 2 (8.3) 2 (8.3) 3 (12.5) 2 (8.3)

Grade 3 2 (8.3) 2 (8.3) 1 (4.2) 2 (8.3) 1 (4.2) 0 (0.0) 1 (4.2)

Grade 4 1 (4.2) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

Data are presented as frequency (percent). The degree of asthma-related symptoms consists of 0 (not at all), 1 (mild), 2 (moderate), 3 
(severe), and 4 (very severe).


