COVID-19 Sounds: A Large-Scale Audio Dataset for Digital
Respiratory Screening
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Models

Highlights

Audio signal based COVID-19
screening IS non-invasive,
affordable, and promising.

We benchmarked both shallow and deep learning models. For the
former, we follow an establish acoustic feature set which iIs then fed
iInto SVM models. For the deep learning, we build upon a pre-trained
neural network to extract generic audio features. We test two
scenarios, a frozen encoder and a fine-tuned model tailored to the task
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To facllitate the advancement and openness of audio-based
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Early in the pandemic, we released apps for data collection, asking W o

(a) Shallow model structure (b) Deep model structure

participants to report their COVID-19 test results along with other
meta-data as well as record their breathing, cough, and voice.

Tasks and Results

Tell us your symptoms Volunteer your Cough your Breathing and your Voice

« Task 1 - Respiratory symptom prediction: distinguish
between healthy controls and generic respiratory abnormalities.

« Task 2 - COVID-19 prediction: distinguish between tested-
negative controls and tested-positive patients.

Modality&Method Task 1 — 9,456 samples Task 2 —-1,486 samples

ROC-AUC ROC-AUC
0.60(0.58-0.63) 0.56(0.50-0.61)

Press the red button below and
read the following sentence |
three times. ‘

Press the red button below and

breathe in and out as deeply as

you can five times. Please do so
in a quiet environment.

Press the red button below and

cough three times. Sensitivity

0.38(0.30-0.45)

Specificity
0.70(0.64-0.77)

Specificity
0.67(0.64-0.70)

Sensitivity
0.47(0.44-0.50)

'I hope my data can help managé
the virus pandemic’

OpenSMILE+SVM

Pre-trained VGGish
Fine-tuned VGGish

Breathing

0.52(0.50-0.55)
0.65(0.63-0.67)

0.07(0.05-0.08)
0.55(0.52-0.58)

0.95(0.93-0.96)
0.66(0.63-0.69)

0.59(0.52-0.65)
0.62(0.56-0.69)

0.63(0.56-0.70)
0.64(0.56-0.71)

0.49(0.41-0.56)
0.56(0.48-0.64)

OpenSMILE+SVM
Pre-trained VGGish
Fine-tuned VGGish

Cough

0.70(0.67-0.72)
0.66(0.63-0.68)
0.74(0.72-0.76)

0.60(0.57-0.63)
0.67(0.64-0.70)
0.70(0.67-0.73)

0.65(0.62-0.68)
0.53(0.50-0.56)
0.68(0.65-0.71)

0.62(0.56-0.68)
0.62(0.56-0.68)
0.66(0.59-0.71)

0.56(0.48-0.63)
0.69(0.61-0.76)
0.59(0.51-0.65)

0.61(0.54-0.69)
0.45(0.38-0.53)
0.66(0.59-0.73)

OpenSMILE+SVM
Pre-trained VGGish
Fine-tuned VGGish

Voice

0.63(0.60-0.65)
0.59(0.57-0.62)
0.69(0.66-0.71)

0.56(0.53-0.59)
0.56(0.53-0.59)
0.59(0.56-0.62)

0.62(0.59-0.65)
0.57(0.54-0.60)
0.67(0.64-0.70)

0.52(0.45-0.58)
0.61(0.54-0.67)
0.61(0.55-0.67)

0.43(0.35-0.50)
0.53(0.45-0.61)
0.57(0.49-0.65)

0.62(0.54-0.69)
0.66(0.59-0.74)
0.60(0.53-0.68)

OpenSMILE+SVM

Fusion Pre-trained VGGish

0.74(0.72-0.76)

0.65(0.62-0.68)

0.69(0.66-0.72)

0.64(0.58-0.70)

0.54(0.47-0.62)

0.67(0.60-0.75)

0.67(0.64-0.69)
0.75(0.73-0.77)

0.61(0.58-0.64)
0.70(0.67-0.72)

0.61(0.58-0.65)
0.70(0.67-0.72)

0.64(0.58-0.70)
0.71(0.65-0.76)

0.50(0.41-0.58)
0.65(0.57-0.72)

0.63(0.56-0.70)

Fine-tuned VGGish 0.69(0.62-0.77)

After a year of data collection, we release a comprehensive dataset In
terms of global reach, number of languages, broad demographic range,

span of health conditions, and number of audio modalities.
A B

Our results across both tasks show that using all modalities achieves the best
performance through transfer learning, followed by the cough modality. These
findings showcase the promise of audio-based models for respiratory
prediction and the potential of detecting COVID-19 biomarkers (AUC>0.7).

Sex distribution
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COVID-19 testing status

COVID-19 positive (past)— 62%

'

Female

Other/

Prefer not to say -
Y None

Discussion

COVID-19 negative (recently positive) -

COVID-19 positive -
Not tested (symptoms past)-

COVID-19 negative (past positive) -
C Smoking status
21+ cigs

Based on the collected data, we have investigated a series of
COVID-19 negative (always)- e-cig

crucial research questions. Specifically, we have explored:
None v' The power of acoustic features from respiratory sounds as well as
<1 ci
BOIOO 100|00 120|00// 32/(5/00 34(I)00 Ll cigg Symptoms to deteCt COVID-lg [112]1

1-10 cigs

Not tested (symptoms now) -
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womples xcsmoker v’ Transfer learning based end-to-end deep neural network to detect
L i T COVID-19 from limited labelled sounds [3];
_pg E——— I s — v’ Leveraging ensemble learning to improve predictive confidence
Nl Spin | FoncePlond Sz §§Z§ toward more robust COVID-19 detection [4];
20000- / " - R <505 v The impact of confounding factors on experimental results when
g Koo oo utilizing sounds for COVID-19 screening [5];
ey M A S O o s 0 5000 10000 v The potential of audio signals to capture COVID-19 progression [6].
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https://www.covid-19-sounds.org/en/

We share the data for research purpose. Contact: covid-19-sounds@cl.cam.ac.uk



