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Abstract

COVID-19 cases are exponentially increasing worldwide; however, its clinical phenotype remains unclear. Natural language
processing (NLP) and machine learning approaches may yield key methods to rapidly identify individuals at a high risk of
COVID-19 and to understand key symptoms upon clinical manifestation and presentation. Data on such symptoms may not be
accurately synthesized into patient records owing to the pressing need to treat patients in overburdened health care settings. In
this scenario, clinicians may focus on documenting widely reported symptomsthat indicate a confirmed diagnosis of COVID-19,
albeit at the expense of infrequently reported symptoms. While NL P solutions can play akey rolein generating clinical phenotypes
of COVID-19, they arelimited by the resulting limitationsin datafrom electronic health records (EHRS). A comprehensiverecord
of clinic visitsis required—audio recordings may be the answer. A recording of clinic visits represents a more comprehensive
record of patient-reported symptoms. If done at scale, a combination of data from the EHR and recordings of clinic visits can be
used to power NLP and machine learning models, thus rapidly generating a clinical phenotype of COVID-19. We propose the
generation of a pipeline extending from audio or video recordings of clinic visits to establish a model that factors in clinical
symptoms and predict COVID-19 incidence. With vast amounts of available data, we believe that a prediction model can be
rapidly developed to promote the accurate screening of individualsat ahigh risk of COVID-19 and to identify patient characteristics
that predict agreater risk of amore severeinfection. If clinical encounters are recorded and our NLP model is adequately refined,
benchtop virologic findings would be better informed. While clinic visit recordings are not the panacea for this pandemic, they
are alow-cost option with many potentia benefits, which have recently begun to be explored.
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: e _ clinical phenotypeisan observable characteristic (ie, symptom)
Cha‘_”enges In Identlfymg COVID-19 of a disease in a particular individual. A meta-analysis of
Clinical Phenotypes COVID-19-related symptom presentations reported that the

most frequent clinical symptoms are fever, cough, fatigue, and

CovID-19 cases are exponentially increasing worldwide; dyspnea[1]. However, the meta-analysis reported considerable
however, clinica COVID-19 phenotypes remain unclear. A
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heterogeneity (1°=84.9%-96.4%) among studies, potentially
suggestive of the extreme heterogeneity among these symptoms
at the individual patient level. Other less frequent COVID-19
symptoms include anosmia, dysgeusia, headache, sore throat,
rhinorrhea, diarrhea, nausea, and myalgias [2]. However, their
clinical implication, prevalence, and importance remain unclear.

A traditional reductionist approach to identifying COVID-19
treatments is not as simple as extrapolating the current
knowledge toward our limited SARS-CoV-2 model. Clinical
treatments are often based on a set of established biochemical
markers, and reports of less frequent symptoms of a disease
may reveal a biochemical pathway that can be subjected to
pharmacotherapeutic intervention with previously unreported
agents. Only laboratory tests can confirm a diagnosis of
COVID-19, but such tests are in short supply. This presents an
unprecedented need to develop better assessment methods to
identify and generate heterogeneity in the clinical profile of
COVID-19 and other viral diseases acrossthe entire health care
system. The urgency of this need cannot be understated, as it
holds a key to understand how to identify and treat COVID-19
more accurately.

Using “Big Data” to Understand the
Clinical Manifestations of COVID-19

Natural language processing (NLP) and machine learning may
yield amethod to rapidly identify individuals at a high risk for
COVID-19 and to understand key symptoms upon clinical
manifestation and presentation [3]. The existing applications
of NLP and machine learning in medical diagnostics are based
on acombination of structured (eg, symptom codes, medications,
laboratory findings, etc) and unstructured (eg, visit notes,
radiology reports, etc) data recorded by clinicians in patients
electronic health records (EHRs). Using NLP and machine
learning approaches, data on documented signs and symptoms
inthe EHR are already being used to identify clinical conditions
(computational phenotyping) [4]. Such NLP-based efforts are
currently being applied to unstructured text data captured in the
EHR from telehealth consultations to devel op better screening
tools for COVID-19 [5]. Ancillary data can improve the
accuracy of computational phenotyping, such as information
from disease registries. However, the performance of any model
is determined by the quality of data used to generate it, and
concerns exist about the fullness of data captured in the EHR.

Limitations of EHR Data

This considerable degree of symptom heterogeneity reported
among patients with COVID-19 can deter the accurate
documentation of less frequently reported symptoms in the
EHR. Documentation inaccuraciesin electronic medical records
are not anew phenomenon; an analysis of datafrom 105 clinics
indicated that 90% of clinician notes had at least one error,
including 636 documentation errors that accounted for 181
charted findings that did not take place and 455 findings that
were not charted [6]. Data on such symptoms may not be
accurately synthesized into patient records owing to the pressing
need to treat patients in overburdened health care settings. In
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this scenario, clinicians may focus on documenting widely
reported symptomsthat suggest adiagnosis of COVID-19 abeit
at the expense of infrequently reported symptoms because
overburdened clinicians are more likely to be affected by
cognitive biases such as anchoring and confirmation biases[7].
Additionally, codes of the International Classification of
Diseases (10th revision), the mainstay of documentation in
electronic medical records, do not adequately capture
COVID-19—~elated symptoms [8]. While NLP solutions can
play akey rolein generating clinical phenotypes of COVID-19,
they are limited by the resulting limitations in EHR data. A
comprehensive record of the clinic visitsis required—an audio
recording may be the solution [9].

Clinical Phenotypes Based on Audio
Recordings of Clinic Visits

A small but growing number of health systemsroutinely obtain
audio recordings, and, in some cases, video recordings of clinic
visits [9,10]. For example, human scribes are commonly
employed to review recordings of clinic visitsand make detailed
notes, thus reducing the documentation burden on clinicians
and improving the accuracy of data entered in the EHR. A
recording of the clinic visit represents a more comprehensive
and accurate record of patient-reported symptoms. If performed
at scale, acombination of datafrom the EHR and recordings of
clinic visits can be used to power NLP and machine learning
models, thus rapidly generating a clinica phenotype of
COVID-19 and infectionswith subsequent SARS-CoV-2 strains.
In addition to a more comprehensive record of symptoms
discussed, recordings also asynchronously collect additional
ancillary information such as the type and frequency of cough,
which can help improve the precision of phenotyping.

The generation of NLP and machine learning models requires
the transcription of vast quantities of conversations of patients
being investigated for COVID-19 upon clinic visits (with
subsequent confirmatory laboratory tests for the disease) and
the annotation of these transcripts by annotators trained to
identify symptom mentions. The performance of automated
speech recognition algorithms has significantly improved [10],
allowing for the rea-time use of audio data rather than
transcripts of audio data, which are more time-consuming to
obtain. Real-time risk assessment is critical when responding
to an infectious disease such as COVID-19, sinceit allows for
individuals to identify their risk level and more rapidly
self-isolate, thusreducing therisk of diseasetransmission. Data
annotation to generate models that can accurately identify
symptoms is not without its challenges, many of which have
been summarized by Quiroz et a [11]. It can be difficult for
annotators to identify vaguely indicated symptoms from the
unstructured natural language used in clinic visit conversations,
with anegativeimpact on model performance. Rigoroustraining
of annotators can help mitigate this challenge; however, such
training and annotation is time-consuming and would require
alarge team of annotators to rapidly meet the immediate need
for such an analysis. In addition, model training requires human
input and time. Furthermore, the generation of optimal data
would require continuous data refinement, wherein records of
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suspected cases are replaced by the findings of confirmatory
tests so as not to correspond to clinician views or biases.

Implications of the Adoption of Clinic Visit
Recordings in Managing COVID-19

We propose the generation of a pipeline from the audio
recordings of clinic visitsto models based on clinical symptoms
and the prediction of COVID-19 incidence (Figure 1). With
vast amounts of available data, we believe a prediction model
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can be rapidly developed to promote accurate screening of
individuals at risk of COVID-19. Beyond the challenge of
generating a clinical phenotype, an unfiltered account of a
patient’s clinical experience of the disease allows usto answer
other pressing questions, such asthose related to understanding
the constellation of patient characteristics that may predict a
greater risk of amore severeinfection. If clinical consultations
arerecorded and our NLP model isadequately refined, benchtop
virologic findings are better informed. Recordings of clinic
visits also provide a historic reference, such that we may be
better prepared for subsequent pandemics.

Figure 1. Natural language processing pipeline from audio recordings to the establishment of aclinical phenotype of COVID-19.

Patient visits are

o Audio is transcribed
recorded

‘ - ‘”Iha\rehadahgh

fever lately.”

Prlmar\i.r Care Visit

With the mass transition to telehealth consultations and the
availability of guidance for conducting remote assessments of
COVID-19 via telehedth at primary care centers [12], an
opportunity to capture audio recordings of consultations at scale
isnow available. An accurate model predicting a higher risk of
COVID-19 could be applied to telehealth consultations with
the added benefit of reducing the exposure risk among clinicians,
patients, and the general public. The use of NLP for remote
COVID-19 screening is already emerging; for example, audio
recordings of cough sounds are being used to identify individuals
with COVID-19[13,14].

Data From Beyond the Clinic

While recordings of clinic visits are not the panacea for this
pandemic, they are alow-cost aternative with many potential
benefits that have recently begun to be explored. Beyond audio
recordings, video recordings of telehealth consultations can
provide additional diagnostic information such as skin
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appearance [12]. At-home voice-based technologies such as
Amazon Alexa, Apple's Siri, and Google Home can aso be
used, allowing further information from outside of clinic visits
to supplement predictive models [15]. For example, the Mayo
Clinic has recently added a skill to Amazon Alexa called
“Answers on COVID-19,” which provides resources on
COVID-19 and avirtual questionnaire to determine a person's
symptoms and whether the person should get tested for
COVID-19[16].

Considering current accelerated efforts to manage COVID-19,
care must be taken to rigorously protect sensitive data, with
existing challengesin accessing the corpus of patient recordings
needed to generate these models[11]. A data collection method
should only be used entirely with an opt-in voluntary framework
to preserve privacy and confidentiality; however, this method
can help obtain data on COVID-19 symptom exacerbation at a
scale unattainable with all traditional methods. This, asis often
the case, points toward an evolving learning health system
capable of managing computable knowledge.

We would like to acknowledge Prof Lisa Marsch for reviewing our manuscript and Dr Jesse Schoonmaker for editing it.

http://www.jmir.org/2021/2/e20545/

RenderX

JMed Internet Res 2021 | vol. 23 | iss. 2| €20545 | p. 3
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Barr et d

Conflictsof Interest
None declared.

References

1.

10.

11.

12.

13.

14.

15.

16.

Yang J, Zheng Y, Gou X, PuK, Chen Z, Guo Q, et a. Prevalence of comorbidities and its effects in patients infected with
SARS-CoV-2: asystematic review and meta-analysis. Int J Infect Dis 2020 May;94:91-95 [FREE Full text] [doi:
10.1016/j.ijid.2020.03.017] [Medline: 32173574]

Mclntosh K, Hirsch M, Bloom A. Coronavirus disease 2019 (COVID-19). UpToDate. URL: https://www.uptodate.com/
contents/coronavirus-disease-2019-covid-19-clinical-features [accessed 2021-02-12]

Liao KPR, Cai T, Savova GK, Murphy SN, Karlson EW, Ananthakrishnan AN, et al. Development of phenotype algorithms
using electronic medical records and incorporating natural language processing. BMJ 2015 Apr 24;350:h1885 [FREE Full
text] [doi: 10.1136/bmj.h1885] [Medline: 25911572]

Richesson RL, Hammond WE, Nahm M, Wixted D, Simon GE, Robinson JG, et al. Electronic health records based
phenotyping in next-generation clinical trials: a perspective from the NIH Health Care Systems Collaboratory. JAm Med
Inform Assoc 2013 Dec;20(e2):€226-e231 [FREE Full text] [doi: 10.1136/amiajnl-2013-001926] [Medline: 23956018]
Obeid J, Davis M, Turner M, Meystre S, Heider P, O'Bryan EC, et al. An artificial intelligence approach to COVID-19
infection risk assessment in virtual visits: A case report. JAm Med Inform Assoc 2020 Aug 01;27(8):1321-1325 [FREE
Full text] [doi: 10.1093/jamia/ocaal05] [Medline: 32449766]

Weiner S, Wang S, Kelly B, Sharma G, Schwartz A. How accurate is the medical record? A comparison of the physician's
note with a conceal ed audio recording in unannounced standardized patient encounters. JAm Med Inform Assoc 2020 May
01;27(5):770-775. [doi: 10.1093/jamia/ocaal27] [Medline: 32330258]

Yuen T, Derenge D, Kalman N. Cognitive bias: Itsinfluence on clinical diagnosis. J Fam Pract 2018 Jun;67(6):366-372.
[Medline: 29879236]

Crabb B, Lyons A, Bale M, Martin V, Berger B, Mann S, et al. Comparison of International Classification of Diseases and
Related Health Problems, Tenth Revision Codes With Electronic Medical Records Among Patients With Symptoms of
Coronavirus Disease 2019. AMA Netw Open 2020 Aug 03;3(8):e2017703 [FREE Full text] [doi:
10.1001/jamanetworkopen.2020.17703] [Medline: 32797176]

Elwyn G, Barr PJ, Piper S. Digital clinical encounters. BMJ 2018 May 14;361:k2061. [doi: 10.1136/bmj.k2061] [Medline:
29760149]

Barr PJ, Bonasia K, Verma K, Dannenberg MD, Yi C, Andrews E, et a. Audio-/Videorecording Clinic Visits for Patient's
Personal Usein the United States: Cross-Sectional Survey. JMed Internet Res 2018 Sep 12;20(9):€11308 [FREE Full text]
[doi: 10.2196/11308] [Medline: 30209029]

Quiroz JC, Laranjo L, Kocaballi AB, Berkovsky S, Rezazadegan D, Coiera E. Challenges of developing adigital scribe to
reduce clinical documentation burden. NPJ Digit Med 2019;2:114 [FREE Full text] [doi: 10.1038/s41746-019-0190-1]
[Medline: 31799422]

Greenhalgh T, Koh GCH, Car J. Covid-19: aremote assessment in primary care. BMJ 2020 Mar 25;368:m1182. [doi:
10.1136/bmj.m1182] [Medline: 32213507]

Tobias M. Al And Medical Diagnostics: Can A Smartphone App Detect Covid-19 From Speech Or A Cough? Forbes.
URL: https://www.forbes.com/sites/marcwebertobias/2020/05/05/

ai-and-medi cal -diagnosti cs-can-a-smartphone-app-detect-covid-19-from-speech-or-a-cough/ ?sh=46cda2815436 [ accessed
2021-12-02]

Imran A, Posokhova I, Qureshi HN, Masood U, Riaz MS, Ali K, et a. AI4COVID-19: Al enabled preliminary diagnosis
for COVID-19 from cough samples via an app. Inform Med Unlocked 2020;20:100378 [FREE Full text] [doi:
10.1016/j.imu.2020.100378] [Medline: 32839734]

Dojchinovski D, llievski A, Gusev M. Interactive home healthcare system with integrated voice assistant. 2019 Presented
at: 42nd International Convention on Information and Communication Technology, Electronics and Microel ectronics
(MIPRO); 20-24 May 2019; Opatija, Croatia. [doi: 10.23919/M1PR0O.2019.8756983]

Furst J. Mayo Clinic introduces skill for Amazon’s Alexa about COVID-19. Mayo Clinic. URL: https.//newsnetwork.
mayoclinic.org/discussion/mayo-clinic-introduces-skill-for-amazons-al exa-about-covid-19/ [accessed 2021-02-12]

Abbreviations

EHR: electronic health record
NLP: natural language processing

http://www.jmir.org/2021/2/e20545/ JMed Internet Res 2021 | vol. 23 | iss. 2 | €20545 | p. 4

RenderX

(page number not for citation purposes)


https://linkinghub.elsevier.com/retrieve/pii/S1201-9712(20)30136-3
http://dx.doi.org/10.1016/j.ijid.2020.03.017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32173574&dopt=Abstract
https://www.uptodate.com/contents/coronavirus-disease-2019-covid-19-clinical-features
https://www.uptodate.com/contents/coronavirus-disease-2019-covid-19-clinical-features
http://europepmc.org/abstract/MED/25911572
http://europepmc.org/abstract/MED/25911572
http://dx.doi.org/10.1136/bmj.h1885
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25911572&dopt=Abstract
http://europepmc.org/abstract/MED/23956018
http://dx.doi.org/10.1136/amiajnl-2013-001926
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23956018&dopt=Abstract
http://europepmc.org/abstract/MED/32449766
http://europepmc.org/abstract/MED/32449766
http://dx.doi.org/10.1093/jamia/ocaa105
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32449766&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocaa027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32330258&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29879236&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.17703
http://dx.doi.org/10.1001/jamanetworkopen.2020.17703
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32797176&dopt=Abstract
http://dx.doi.org/10.1136/bmj.k2061
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29760149&dopt=Abstract
https://www.jmir.org/2018/9/e11308/
http://dx.doi.org/10.2196/11308
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30209029&dopt=Abstract
https://doi.org/10.1038/s41746-019-0190-1
http://dx.doi.org/10.1038/s41746-019-0190-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31799422&dopt=Abstract
http://dx.doi.org/10.1136/bmj.m1182
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32213507&dopt=Abstract
https://www.forbes.com/sites/marcwebertobias/2020/05/05/ai-and-medical-diagnostics-can-a-smartphone-app-detect-covid-19-from-speech-or-a-cough/?sh=46cda2815436
https://www.forbes.com/sites/marcwebertobias/2020/05/05/ai-and-medical-diagnostics-can-a-smartphone-app-detect-covid-19-from-speech-or-a-cough/?sh=46cda2815436
https://linkinghub.elsevier.com/retrieve/pii/S2352-9148(20)30302-6
http://dx.doi.org/10.1016/j.imu.2020.100378
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32839734&dopt=Abstract
http://dx.doi.org/10.23919/MIPRO.2019.8756983
https://newsnetwork.mayoclinic.org/discussion/mayo-clinic-introduces-skill-for-amazons-alexa-about-covid-19/
https://newsnetwork.mayoclinic.org/discussion/mayo-clinic-introduces-skill-for-amazons-alexa-about-covid-19/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Barr et d

Edited by G Eysenbach, R Kukafka; submitted 03.06.20; peer-reviewed by M Reblin, Z Yin; comments to author 22.08.20; revised
version received 22.09.20; accepted 18.01.21; published 19.02.21

Please cite as:

Barr PJ, Ryan J, Jacobson NC

Precision Assessment of COVID-19 Phenotypes Using Large-Scale Clinic Visit Audio Recordings: Harnessing the Power of Patient
\oice

J Med Internet Res 2021;23(2): 20545

URL: http://www.jmir.org/2021/2/e20545/

doi: 10.2196/20545

PMID: 33556031

©Paul J Barr, James Ryan, Nicholas C Jacobson. Originaly published in the Journal of Medical Internet Research
(http://www.jmir.org), 19.02.2021. Thisisan open-access article distributed under theterms of the Creative Commons Attribution
License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographicinformation, alink to the original publication on http://www.jmir.org/, aswell asthis copyright and licenseinformation
must be included.

http://www.jmir.org/2021/2/e20545/ JMed Internet Res 2021 | vol. 23 | iss. 2| €20545 | p. 5
(page number not for citation purposes)

RenderX


http://www.jmir.org/2021/2/e20545/
http://dx.doi.org/10.2196/20545
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33556031&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

