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Abstract

The novel coronavirus (SARS-CoV-2) and its related disease, COVID-19, are exponentially increasing across the world, yet
there is still uncertainty about the clinical phenotype. Natural Language Processing (NLP) and machine learning may hold one
key to quickly identify individuals at high risk for COVID-19 and understand key symptoms in its clinical manifestation and
presentation. In healthcare, such data often come the medical record, yet when overburdened, clinicians may focus on
documenting widely reported symptoms that appear to confirm the diagnosis of COVID-19, at the expense of infrequently
reported symptoms. A comprehensive record of the clinic visit is required—an audio recording may be the answer. 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, quickly creating a clinical phenotype of COVID-19. We propose the creation of a pipeline from the audio/video
recording of clinic visits to the clinical symptomatology model and prediction of COVID-19 infection. With vast amounts of data
available, we believe a prediction model can be quickly developed that could promote the accurate screening of individuals at
risk of COVID-19 and identify patient characteristics predicting a greater risk of a more severe infection. If clinical encounters
are recorded and our NLP is adequately refined, then benchtop-virology will be better informed and risk of spread reduced.
While recordings of clinic visits are not the panacea to this pandemic, they are a low cost option with many potential benefits that
have only just begun to be explored.
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Challenges in identifying COVID-19 Clinical Phenotypes. 

The  novel  coronavirus  (SARS-CoV-2)  and  its  related  disease,  COVID-19,  are  exponentially
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increasing across the world,  yet there is  still  uncertainty about the clinical phenotype.  A clinical

phenotype is the observable characteristics (i.e.,  symptoms) of a disease in a given individual. A

meta-analysis  of COVID-19 related symptom presentations found that the most frequent  clinical

symptoms are fever, cough, fatigue, and dyspnea.1 However, the meta-analysis found I2 statistics of

84.9 – 96.4% which suggests that there is considerable heterogeneity between studies, and this is

likely suggestive of the extreme heterogeneity of these symptoms at the individual patient level.

Other  less  frequent  symptoms  of  COVID-19  have  been  reported  including  anosmia,  dysgeusia,

headache,  sore  throat,  rhinorrhea,  diarrhea,  nausea  and  myalgias.2 Yet,  it  is  unclear  as  to  their

significance, prevalence, and importance.  

As such, a traditional reductionist approach to finding treatments for COVID-19 is not as simple as

extrapolating the current set of knowledge toward our limited model of the novel virus.  Clinical

treatments often arise from the set of biochemical agents currently developed and discovering less

frequent  symptoms of  a  disease  may lead  to  a  biochemical  pathway that  can  be  treated  with  a

pharmacologic substance that may not have been considered. Only laboratory tests can confirm the

presence of COVID-19, but such tests are in short supply.  This presents an unprecedented need to

develop better assessment methods to identify and synthesize heterogeneity in the clinical profile of

COVID-19, and other viruses across the entire healthcare system. The urgency of this need cannot be

understated, as it holds a key to understand how to more accurately identify and treat COVID-19. 

Using ‘big data’ to understand the clinical manifestations of COVID-19

Natural Language Processing (NLP) and machine learning may hold one key to quickly identifying

individuals at high risk for COVID-19 and understanding key symptoms in its clinical manifestation

and presentation.3 Existing applications of NLP and machine learning in the field of diagnostics in

medicine are based on a combination of structured (e.g., symptom codes, medications, lab results)
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and unstructured (e.g.,  visit notes, radiology reports) data captured by clinicians in the electronic

health record (EHR). Utilizing NLP and machine learning, data on documented signs and symptoms

in the EHR are already used to identify clinical conditions (computational phenotyping).4 Such NLP

efforts are currently being applied to unstructured text data captured in the EHR from telehealth

visits to develop 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 create it and concerns exist about the

fullness of data captured in the EHR. 

The limitations of EHR reported data

This considerable degree of symptom heterogeneity reported by patients with COVID-19 can present

problems  for  the  accurate  documentation  of  less  frequently  reported  symptoms  in  the  EHR.

Inaccuracy in EMR documentation is not a new phenomenon; an analysis of 105 clinic encounters,

90% of clinician notes had at least one error, including 636 documentation errors, comprising 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 due to the pressing need to treat

patients in overburdened health care settings. In this scenario, clinicians may focus on documenting

widely reported symptoms that appear to support the diagnosis of COVID-19, at  the expense of

infrequently reported symptoms. This is not surprising as overburdened clinicians are more likely to

be  affected by  ‘cognitive  biases’ such  as  anchoring  and  confirmation  bias.7 Additionally,  it  has

recently been reported that ICD-10 codes, the mainstay of EMR documentation, do not adequately

capture COVID-19 related symptoms.8 While NLP solutions can play a key role in creating clinical

phenotypes  of  COVID-19,  they  are  limited  by  the  resulting  limitations  in  EHR  data.  A

comprehensive record of the clinic visit is required—an audio recording may be the answer.9
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Clinical phenotypes based on audio recordings of clinic visits 

A small, but growing number of  health systems are routinely audio recording, and, in some cases,

video recording clinic  visits.9,10 For  example,  human scribes  are  commonly  employed to review

recordings of clinic visits and make detailed notes, reducing documentation burden on clinicians and

improving the accuracy of data entered to the EHR. A recording of the clinic visit represents a more

comprehensive and accurate 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, quickly creating a clinical phenotype of COVID-19 and its subsequent strains. In addition to

a  more  comprehensive  record  of  symptoms  discussed,  recordings  also  asynchronously  collect

additional ancillary information such as type and frequency of cough, that may be used to improve

the precision of phenotyping.

Creating NLP and machine learning models requires 1) the transcription of vast quantities of clinic

visit conversations of patients being investigated for COVID-19 (with latter confirmatory lab testing

for the presence of the disease) and 2) annotation of these transcripts by annotators trained to identify

symptom mentions. There have been significant improvements in the performances of automated

speech recognition algorithms,10 allowing the real-time use of audio data,  rather than more time

consuming  human  transcription  of  the  audio  data.  Real-time  risk  assessment  is  critical  when

responding to an infectious disease such as COVID-19, it allows for individuals to identify their risk

level and more quickly isolate, reducing risk of spread. The annotation of the data to create models

that can accurately identify symptoms, does not come without challenges—many of which have been

nicely summarized by Quiroz et al11. It can be difficult for annotators to identify vaguely mentioned

symptoms from unstructured natural language clinic visit conversations, with a negative impact on

model  performance.  Rigorous  training  of  annotators  can  help  mitigate  this  challenge,  yet  such

training and annotation is time-consuming and would require a large team of annotators to quickly
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meet the immediate need for this analysis. In addition, model training requires human input and time.

Also, creating optimal data will require data which continues to be refined, wherein suspected cases

are replaced by the results of confirmatory tests, so as not to correspond to clinician views or biases. 

Figure 1. NLP pipeline from audio to phenotype of COVID-19 

Implications of the adoption of clinic visit recording in tackling COVID-19

We propose  the  creation  of  a  pipeline  from the  audio  recording  of  clinic  visits  to  the  clinical

symptomatology model and prediction of COVID-19 infection (See Figure 1). With vast amounts of

data  available,  we believe a  prediction model  can  be quickly  developed that  could promote the

accurate screening of individuals at risk of COVID-19. Beyond the challenge of creating a clinical

phenotype, an unfiltered and raw account of a patient’s clinical experience of the disease allows us to

answer other pressing questions, such as understanding the constellation of patient characteristics

that may predict greater risk of a more severe infection. If clinical encounters are recorded and our

NLP is  adequately refined,  then benchtop-virology will  be better  informed.  Recordings  of clinic

visits also offer a historical artifact to learn from, so that we may be better prepared for the next
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pandemic. 

With the mass transition to telehealth visits, and guidance for conducting  remote assessments of

COVID-19 via telehealth in primary care are now available,12 an opportunity now exists to capture

the audio of clinic consultations at scale. An accurate model predicting higher risk of COVID-19

could  be  applied to  telehealth  visits  with  the  added benefit  of  reducing the risk of  exposure to

clinicians, patients, and the public. The use of NLP to remotely screen for COVID-19 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 to this pandemic, they are a low cost option with

many potential benefits that have only just begun to be explored. Beyond audio-recordings, video

recordings  of  telehealth  visits  can  provide  additional  diagnostic  information  such  as  skin

appearance.12 At home voice-based technologies such as Alexa, Siri and Google Home can also be

used, allowing further information from outside of the clinic visit to supplement predictive models.15

For example,  the Mayo Clinic  has recently added a skill  to  Amazon Alexa called “Answers on

COVID19”, providing resources on COVID-19 and also offering a series of questions to determine a

person's symptoms and whether they should get tested for COVID-19.16 

In the rush to solutions in our efforts to confront COVID-19, care must be taken to rigorously protect

sensitive data, while challenges exist in accessing the corpus of patient recordings needed to create

these models.11 Using a data collection method should only be done entirely on an opt-in voluntary

framework to  preserve  privacy  and  confidentiality,  but  this  has  the  potential  to  collect  data  on

COVID-19 symptom deterioration at a scale unavailable from all traditional means. This, as is often
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the  case,  points  towards  an  evolving  learning  health  system  capable  of  managing  computable

knowledge. 
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