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Motivation

What is the research question?

Why is it promising?




Covid-19 Diagnosis

O Accessibility: this test still requires an office visit
and thus breach of social distancing and self-
Isolation[1].

) | A3

\ \ \ CT Scan
(
\ O Accessibility of X-ray or CT Scan: it needs a

radiologist to perform the diagnosis, and still requires
RT-PCR a visit to a well-equipped clinical facility [2].




Covid-19 Sounds

A non-invasive and ubiquitous testing protocol, which would

allow individual prescreening ‘anywhere’, ‘anytime’, in real-
time, and available to ‘anyone’.

IS IT POSSIBLE TO DETECT COVID FROM
HUMAN SOUNDS?

v" Lung is the main organ involved and infected by
virus, which leads to some changes in respiratory
sounds|[3].

v" Audio-based methods are promising in detecting
cough-related disease like pertussis[4], croup[5],
and tuberculosis[6].

3] Hui Huang, et al. The respiratory sound features of COVID-19 patients fill gaps between clinical data and screening methods[J]. medRxiv, 2020.

[
[4] R. X. A. Pramono, et al, “A cough-based algorithm for automatic diagnosis of pertussis,” PloS one, vol. 11, no. 9, 2016

[5] R. V. Sharan, et al “Automatic croup diagnosis using cough sound recognition,” IEEE Transactions on Biomedical Engineering, vol. 66, no. 2, pp. 485-495, 2018.
[

6] G. Botha, et al, “Detection of tuberculosis by automatic cough sound analysis,” Physiological measurement, vol. 39,no. 4, p. 045005, 2018 5



What we do

IS IT EASY TO DIFFERENTIATE COVID
FROM THE HEALTHY BY SOUNDS?

v' Complex latent sounds features!

Harness the power of big data and machine learning
to enable smartphone-based screening and diagnosis.




Data Collection

We develop an application




Date collection App

COVID-19 Sounds

COVID19 Sounds

Press 'record' below and
breathe in and out from your
mouth as deeply as you can
five times. Please do so in

a quiet environment. Then
press 'stop’.

RECORD DELETE

This app aims to collect data (primarily
coughs, breathing and voice) as part of a
project (covid-19-sounds.org) which could

inform the diagnosis of COVID-19. ||

0

The app will collect basic demographicﬁ,'g

medical history, some voice samples

(while you read text on the screen) and a

few seconds of breathing and coughing.
We also collect one sample of your

location.

L
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; Sign-up survey Z

Demographics, Medical history,
Smoking history, etc.

S Daily survey Z

v’ Symptoms: fever, loss of taste, etc.

v' Testing state: positive, negative,
never tested, etc.

v' Sounds: breathe, cough and some
voice.

COVID-19 Sounds App - University of
Cambridge (covid-19-sounds.orq)



https://www.covid-19-sounds.org/en/

Users

Dataset

L] . - F Mexi
United States C;%';%ea Ro{renxé(r:*l?a
30,000 audio recordings (and counting! Germany
’ India Bangladesh Portugal
November 1, 2020 — As of today, the COVID-19 Sounds study app has more Iran Spain Greece
than 16,000 people contributing over 30,000 audio recordings and United Kingdom Brazil

symptoms to the fight against COVID! This makes our study one of the
biggest crowdsourced health sound projects in the world. Thanks to all of ltaly

you who are contributing to cutting edge Al-driven COVID research!
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Results

What method do we use

How about the performance




How computer understand sounds?

Outer Ear

v
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www.nidcd.nih.gov/health/how-do-we-hear
www.analog.com/en/design-center/landing-pages/001/beginners-quide-to-dsp.html
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http://www.nidcd.nih.gov/health/how-do-we-hear
http://www.analog.com/en/design-center/landing-pages/001/beginners-guide-to-dsp.html

What features we use?
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We can see difference when comparing COVID and Non-COVID Cough&Breathe in our data!
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Model Framework

MFCC etc.

VGGish

Extract audio features and
9 combine them with the

output of a pre-trained

audio neural network.

Record cough and
o breathing sounds with a
phone or a website.

e
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Split participants
in disjoint 80/20
train and test sets.

o ¥
oo ##

Train models to detect
COVID-19 sounds and
evaluate their accuracy
on the test set.
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Preliminary Results

0 800+ positive and 1900+ negative users
O More than 4000 samples in total

O Well-controlled group in demographics

O Change the ratio of C/N closed to real-life
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v Gain insights about how
COVID effect human sounds

v As a promising tool for
ubiquitous pre-screening
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Discussion

Any other question




We are working on

How robust is our model in real-life?
-- How to handle data quality issue

w to demonstrate that we detect COVID
instead of other respiratory diseases?
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Thank You for Listening!
Donate your sounds and
help save lives

Tong Xia

www.cl.cam.ac.uk/~tx229/

www.covid-19-sounds.org/en/


http://www.cl.cam.ac.uk/~tx229/

