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A B S T R A C T   

Objective: Identifying symptoms and characteristics highly specific to coronavirus disease 2019 (COVID-19) 
would improve the clinical and public health response to this pandemic challenge. Here, we describe a high- 
throughput approach – Concept-Wide Association Study (ConceptWAS) – that systematically scans a disease’s 
clinical manifestations from clinical notes. We used this method to identify symptoms specific to COVID-19 early 
in the course of the pandemic. 
Methods: We created a natural language processing pipeline to extract concepts from clinical notes in a local ER 
corresponding to the PCR testing date for patients who had a COVID-19 test and evaluated these concepts as 
predictors for developing COVID-19. We identified predictors from Firth’s logistic regression adjusted by age, 
gender, and race. We also performed ConceptWAS using cumulative data every two weeks to identify the 
timeline for recognition of early COVID-19-specific symptoms. 
Results: We processed 87,753 notes from 19,692 patients subjected to COVID-19 PCR testing between March 8, 
2020, and May 27, 2020 (1,483 COVID-19-positive). We found 68 concepts significantly associated with a 
positive COVID-19 test. We identified symptoms associated with increasing risk of COVID-19, including 
“anosmia” (odds ratio [OR] = 4.97, 95% confidence interval [CI] = 3.21–7.50), “fever” (OR = 1.43, 95% CI =
1.28–1.59), “cough with fever” (OR = 2.29, 95% CI = 1.75–2.96), and “ageusia” (OR = 5.18, 95% CI =
3.02–8.58). Using ConceptWAS, we were able to detect loss of smell and loss of taste three weeks prior to their 
inclusion as symptoms of the disease by the Centers for Disease Control and Prevention (CDC). 
Conclusion: ConceptWAS, a high-throughput approach for exploring specific symptoms and characteristics of a 
disease like COVID-19, offers a promise for enabling EHR-powered early disease manifestations identification.   

1. Introduction 

As of October 14, 2020, over 7.7 million people in the United States 
(U.S.) and 37 million worldwide have been infected with coronavirus 
SARS-CoV-2, the agent responsible for COVID-19 [1]. The virus’s high 
transmissibility, lack of native immunity, high mutability, and the 
dearth of effective treatments make managing COVID-19 uniquely 
challenging. Hence, timely recognition of emerging symptoms specific 
to COVID-19 plays an essential role in the clinical and public health 

response, enabling rapid symptom screening, diagnostic testing, and 
contact tracing. 

Early in the pandemic, physicians observed fever, cough, and 
shortness of breath as presenting symptoms of COVID-19; however, 
these symptoms are common to many viral and bacterial illnesses [2]. 
Subsequently, as new symptoms were reported, health departments and 
ministries updated the list of COVID-19 symptoms [3]; for example, the 
U.S. CDC and the Department of Health and Social Care in the United 
Kingdom added loss of smell and loss of taste, highly indicative 
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symptoms [4], to the list in late April and mid-May, respectively [5,6]. 
As demonstrated by the COVID-19 pandemic, identifying the specific 
disease symptoms early in the course of the pandemic is crucial to 
inform the public on when to present for testing and can potentially be 
used to reduce the size of the outbreak, lowering overall morbidity and 
mortality. 

Recent efforts to track COVID-19 symptoms have used methods such 
as scanning scientific publications or Twitter [7,8], deploying ques
tionnaires [9], or releasing apps to self-report symptoms [10]. However, 
results from publications and questionnaires are often delayed; data 
from social media or self-reported apps do not always include proper 
controls and lack physiological assessments to determine COVID-19 
status. Electronic Health Records (EHR) data has also been used to 
characterize COVID-19, due to the availability of routinely collected 
medical data. However, existing studies of EHRs have been mostly 
limited to structured data (e.g., coded diagnoses, procedures, or lab 
tests) [11,12] and have lacked a portable and high-throughput approach 
[13]. 

Here, we present a high-throughput approach (ConceptWAS) for 
early identification of clinical manifestations of COVID-19 using natural 
language processing (NLP) on EHR clinical notes. ConceptWAS was 
modeled after the methodology of genome-wide association studies 
(GWAS) [14], which scan the genomes from different people to identify 
genetic markers that can be used to predict the presence of a disease, and 
phenome-wide association studies (PheWAS) [15], which operate in 
reverse to GWAS by screening thousands of diagnosis codes in EHR for a 
given genetic variant. Numerous studies have applied GWAS and Phe
WAS to reveal the inheritance patterns of various diseases [16]. How
ever, unstructured EHR data, in particular clinical notes, are a rich but 
underutilized EHR resource, containing detailed descriptions of pa
tients’ signs or symptoms, medical histories, and progression [17].Yet, 
using clinical notes to systematically identify the symptoms and clinical 
characteristics of a pandemic disease has been largely untapped. 

In this study, we used ConceptWAS to identify the symptoms and 
clinical characteristics associated with COVID-19. In particular, we 
performed serial ConceptWAS analyses using every 2-week cumulative 
data to demonstrate the time course of emerging clinical manifestations. 
We also conducted a chart review to validate the significant 
associations. 

2. Methods 

2.1. Study setting 

The study was performed at Vanderbilt University Medical Center 
(VUMC), one of the largest primary care and referral health systems 
serving over one million patients annually from middle Tennessee and 
the Southeast United States. We used data from patients represented in 
the VUMC EHR aged ≥ 18 years. The study was approved by the VUMC 
Institutional Review Board (IRB #200512). 

2.2. Cohort definition 

We identified patients who received at least one SARS-CoV-2 poly
merase chain reaction (PCR) test between March 8 (when the first 
COVID-19 case emerged at VUMC) and May 27, 2020 (Fig. A1). The 
COVID-19 status was determined using the PCR test result. The case 
group (COVID-19-positive) was defined as patients who had >=1 PCR 
positive result, and the control group (COVID-19-negative) consisted of 
patients with only negative PCR tests. We excluded patients who had no 
clinical notes on the day when the PCR test was ordered. 

2.3. Data collection 

We extracted clinical notes from 24 h prior to PCR testing date (day0) 
for the cohort (>86% of patients had at least one note within the time 

window, see Fig. B1). If a patient first tested negative and then subse
quently tested positive or if a patient tested positive more than once, we 
used the date of the first positive PCR test as day0. We also segmented 
the study period into a 2-week interval window and performed a tem
poral analysis using every 2-week cumulative data. The primary types of 
clinical notes that we extracted included progress notes, problem lists, 
Emergency Department (ED) provider notes, ED triage notes, imaging 
reports, social histories, etc., (full list is shown in Table B.1). 

2.4. Concept extraction 

We used KnowledgeMap Concept Indexer (KMCI [18]) to extract 
concepts (Fig. C1). The KMCI is an NLP pipeline developed at VUMC for 
preprocessing medical notes and entity recognition, which has been 
used for several clinical and genomic studies [18–20]. The preprocessing 
includes sentence boundary detection, tokenization, part-of-speech 
tagging, section header identification. The concepts were represented 
as Unified Medical Language System concept unique identifiers (UMLS 
CUIs). Since we focused on capturing clinical manifestations of COVID- 
19, we restricted the concepts to SNOMED Clinical Terms and a specific 
range of semantic types, e.g., finding, sign or symptom, disease or syn
drome, individual behaviors, or mental process (see full list in 
Table C.1). 

2.5. Assertion and negation detection 

A main challenge of clinical NLP is to accurately detect the clinical 
entities’ assertion modifier such as negated, uncertain, and hypothetical 
information (e.g. describe a future hypothetical or instruction for pa
tients). We took the following steps to post-process the KMCI output to 
remove concepts that appear in sentences reflecting uncertainty and 
theoretical thoughts. We first excluded any concepts that arose from 
family history sections. Next, we removed any sentences with future 
tense or subjunctive mood (e.g. “should”, “could”, or “if”) that describe 
a hypothetical or instruction for patients. We excluded inquiry sentences 
that served as the template questions without a simple confirmed answer 
(e.g. “Yes”, “No”, or “None”) as well. For recognition of negated concepts 
(e.g. “patient denies having any fever”), we used NegEx, which was 
implemented in KMCI. NegEx is a widely-used algorithm to detect ne
gations, but it still could miss post-negation triggers such as “Cough: 
No”. To enhance negation detection, we added regular expression rules 
based on our local note templates. The extended processing modules was 
implemented using Python 3.6. After processing, the extracted concepts 
served as the input for following ConceptWAS analysis. 

2.6. ConceptWAS analysis 

Similar to how GWAS and PheWAS scan genomic and phenomic data 
for discovery of disease associations [15,21], ConceptWAS examines the 
clinical concepts retrieved from clinical notes to determine if any 
concept is associated with a disease. In this study, we applied Con
ceptWAS to identify associations between symptoms-related concepts 
and the presence of COVID-19. 

We applied Firth’s logistic regression to examine the association for 
each concept, adjusted by age, gender, and race. We chose Firth’s lo
gistic regression because it has become a standard approach for 
analyzing binary outcomes with small samples [22]. Negated and non- 
negated concepts are treated separately. Concepts were coded as bi
nary variables for each patient. Firth’s logistic regression was imple
mented using R version 3.4.3 and the logistf package. As we tested 
multiple hypotheses, we used a Bonferroni correction for the signifi
cance level. For each concept, we report the odds ratio (OR), p-values, 
and the prevalence in case and control groups. We used a volcano plot to 
show p-values and the odds ratio for all concepts. We also used a forest 
plot to show the significant concepts that were relevant to signs and 
symptoms. 
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2.7. Chart review 

We performed a manual chart review to evaluate the clinical plau
sibility of identified signals. We reviewed a concept if 1) its p-value met 
Bonferroni-corrected significance, and 2) it was clinically meaningful (e. 
g., we excluded CUIs such as “finding [CUI C0243095]” in a sentence like 
“Findings are nonspecific.”). We randomly selected notes from which the 
CUI was identified. Two authors (M.E.G. and H.N.E.) with clinical 
background ascertained whether the identified CUI was a true signal or 
false positive. 

3. Results 

We identified 19,692 patients with COVID-19 PCR test results during 
the study period (Fig. A1). Of these, a total of 1,483 (7.5%) patients 
tested positive for COVID-19. Patients’ mean age was 45 (44.6 ± 16.9) 
years. The COVID-19-positive group was younger (41.5 ± 16.2 vs. 44.9 
± 16.9), more often male (48.0% vs. 41.7%), less often white (49.6% vs. 
66.7%), and newer to VUMC (EHR length 7.3 years ± 8.1 vs. 9.2 ± 8.5) 

compared to COVID-19-negative patients (Table 1). 

3.1. Comparison of EHR-derived concepts between COVID-19 positive 
and negative patients 

We extracted 87,753 clinical notes from the 19,692 patients. After 
using the NLP pipeline to process the notes, we recognized 19,595 
unique concepts (including negated status) with semantic types of in
terests (Table B.1). Using ConceptWAS to compare EHR-derived con
cepts for COVID-19 positive and negative patients, 68 concepts were 
identified after adjusting for multiple testing (Bonferroni-corrected 
significance, P < 2.55E-06) (Fig. 1, Table E.1). The top signals included 
“depression” (OR = 0.34, 95% CI = 0.24–0.47), “edema” (OR = 0.40, 
95% CI = 0.29–0.53), “fever (negated)” (OR = 0.63, 95% CI =
0.55–0.72), and “anxiety” (OR = 0.39, 95% CI = 0.28–0.52). Specif
ically, symptoms concepts associated with COVID-19-positive patients 
included “anosmia” (loss of smell, OR = 4.97, 95% CI = 3.21–7.50), 
“fever” (OR = 1.43, 95% CI = 1.28–1.59), “cough with fever” (OR =
2.29, 95% CI = 1.75–2.96), and “ageusia” (loss of taste, OR = 5.18, 95% 
CI = 3.02–8.58) (Fig. 2). 

Concepts related to smoking status such as “current some day 
smoker”, “former smoker”, and “smoking monitoring status” were more 
frequently reported in the COVID-negative group than in the COVID- 
positive group (OR < 1, P < 2.55E-06), suggesting more smokers in 
control group. To ascertain whether this signal was true or false positives 
due to wrongly assertion detection by NLP pipeline, we performed a 
chart review of 80 patients’ notes that had smoking-related CUIs. We 
found that 79 of 80 patients confirmed an affirmative smoking status 
(see below chart review). 

3.2. Temporal analysis 

We performed ConceptWAS using the every 2-week cumulative data 
within the study period (Fig. 3, Fig. D1). By week 4 (by April 5, 2020), 
“anosmia” (OR = 10.24; 95% CI = 5.18–20.06) and “ageusia” (loss of 

Fig. 1. Volcano plot of a ConceptWAS scan for 19, 692 patients that included COVID-19-positive group (cases) and negative group (controls). The points are colored 
by the semantic type of the concepts. Selected associations related to signs, symptoms, or diseases/syndromes are labeled. The volcano plot indicates -log10 (p-value) 
for association (y-axis) plotted against their respective log2 (fold change) (x-axis). The dashed line represents significance level using a Bonferroni correction. 

Table 1 
Patient characteristics of the study cohort.  

Attribute Cases: COVID-19- 
positive (n = 1,483) 

Controls: COVID-19- 
negative (n = 18,209) 

P- value 

Age (mean years +/- 
stddev) 

41.5 (16.2) 44.9 (16.9) <0.0001 

Gender (% Male) 48.0% 41.7% <0.0001* 
Race (% White) 49.6% 66.7% <0.0001* 
Average EHR length 

(years, +/- stddev) 
7.3 (8.1) 9.2 (8.5) <0.0001 

Average CUIs (+/- 
stddev) 

46.1 (61.1) 71.9 (96.3) <0.0001 

* 2-proportion z hypothesis test was performed. For age, EHR length, and 
average CUIs, a t-test was performed for comparing the mean and standard 
deviations. 
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taste, OR = 11.79; 95% CI = 5.55–25.2) became significantly associated 
with increased risk of COVID-19 infection. These two signals remained 
significant through the subsequent weeks (Supplementary Data). Fever 
(negated) appeared (OR = 0.55; 95% CI = 0.43–0.71) at week 2 (be
tween March 8 and 22, 2020), and “cough with fever” became signifi
cant (OR = 2.09; 95% CI = 1.60–2.70) from the 8th week (between 

March 8 and May 3, 2020). The “depression” and “anxiety” appeared 
significantly starting from week 4 (by April 5, 2020). 

3.3. Chart review 

To validate the signals, we reviewed patient’s charts for significant 

Fig. 2. Forest plot comparing individual concepts between COVID-19-positive (case) and COVID-19-negative (control) patients. Selected associations include the 
significant signals related to semantic types of symptoms that met Bonferroni-corrected significance (p-value < 2.55E-06). The odds ratio has been adjusted for age, 
gender, and race. The concepts are ordered by p-value. 

Fig. 3. Temporal ConceptWAS using every 2-week cumulative data. For significant signals (related to signs, symptoms) using all data (labeled in Fig. 2), the plot 
indicates their -log 10 (p-value) for association (y-axis) against using the cumulative data started between March 8, 2020 to n weeks (x-axis). The dashed line in
dicates a significant association using a Bonferroni correction. 
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concepts. We randomly selected 10–20 notes for each concept to review 
whether the notes mentioned the symptoms in the expected attribute (e. 
g. affirmative or negated). Table 2 shows the results for significant 
concepts that with high clinical relevance (full list in supplementary 
material). The significant concepts such as “ anosmia”, “ageusia”, 
“depression”, and concepts related to smoking status (e.g. “current some 
day smoker”, “former smoker”, and “smoking monitoring status”) were 
consistent with the expected attribute based on chart review. 

Although “smoking monitoring status” was generated by an inquiry 
term used in a template of a chart, after we post-processed the KMCI 
output to remove irrelevant concepts and refine negation, the smoking 
monitoring status followed by a negated answer was recognized as a 
negated attribute. We reviewed 20 notes that mentioned the “smoking 
monitoring status (affirmative/positive attribute)” and 19 were either 
current or former smokers. 

We also found false positive concepts, mostly due to NLP entity 
recognition errors. For example, “additional information” was recog
nized as “adequate knowledge”. The concept “fever” with positive 
attribute has three false positives, mainly due to a few specific chart 
templates used for denoting the negation, which were not captured by 
NLP pipeline. 

4. Discussion 

We present a high-throughput and reproducible approach (Con
ceptWAS) that uses EHR notes to identify early emerging disease 
symptoms and investigate clinical manifestations for further hypothesis- 
driven study. Most of the previous studies used well-known tools such as 
GWAS and PheWAS for disease association discovery; however, these 
studies focused on structured EHR data, e.g., diagnosis codes and lab 
results. Few studies take advantage of the rich information within 
clinical notes to systematically detect relevant symptoms in the early 
stage of a disease that was not well characterized early in the pandemic. 
Singh et al. analyzed the nephrology notes of 4,013 patients, and iden
tified 960 concepts to predict kidney failure. Their study demonstrated 
the feasibility of using clinical notes for a systematic analysis [17]. In 
this study, we developed a high-throughput pipeline to systematically 
scan clinical notes and detect unique concepts of COVID-19 in real-time. 

We applied ConceptWAS to a cohort of patients who underwent 
COVID-19 PCR testing. We replicated several well-known symptoms of 
COVID-19, such as fever, loss of smell/taste, and cough with fever 
[23–25]. By performing temporal analysis on every 2-week cumulative 
data, we detected the signal of loss of smell and taste as early as April 5, 
2020, nearly three weeks earlier than the date that they were listed as 
COVID-19 symptoms by the CDC [4]. Our results demonstrate the 
feasibility of using ConceptWAS for early detection of symptoms of an 
unknown disease. 

We also observed several signals enriched in the COVID-19-negative 
group. For example, depression and anxiety have a higher prevalence 
among patients who tested negative. These signals first became signifi
cant starting from April 5, 2020, which may correspond to a period 
when the Governor of Tennessee issued a “safer at home” Executive 
Order and a “stay at home” order. It reflects the mental health issues that 
the shutdown and quarantine policies may bring to the people [26,27]. 
We also find a higher percentage of smoking status concepts in the 
COVID-19-negative group. Earlier epidemiological studies found that 
fewer smokers are among COVID-19 patients or hospitalized COVID-19 
patients [24,28], which are consistent with our findings of the negative 
correlation between smoking and COVID-19. One explanation could be 
the impact of nicotine on ACE-2, as nicotine has been suggested to play a 
protective role against COVID-19 [29]. It is also possible that smokers 
are taking greater social precautions because of perceived higher risk for 
respiratory complications from COVID-19, thus reducing their risk of 
contracting the virus. Although these findings suggest that smoking may 
be a protective factor, lack of evidence and known adverse events 
associated with smoking dissuade continued smoking as a protective 
measure against COVID-19. 

While our analysis was able to detect many of the known symptoms 
of COVID-19 included on the CDC’s list, including fever, loss of smell, 
and loss of taste, other symptoms present on the list were not found to be 

Table 2 
Results of chart reviews.  

Concepts Reviewed 
samples 

True 
signals 

True signals 
percentage 
% 

Examples of false 
positive 

Anosmia 20 19 95.00% “(-) altered/loss of 
smell”, were wrongly 
recognized as an 
affirmative/ positive 
attribute. 

Ageustia 20 19 95.00% “Symptoms, n/v, 
fever, cough, loss of 
taste or smell or 
around anyone + for 
Covid 19.” 

Depression 20 18 90.00% One was recognized 
from a medical 
history title without 
any answers; the 
other came from a 
recommendation for 
further Psychosocial 
assessment. 

Current some 
day smoker 

20 20 100.00%  

Smoking 
monitoring 
status 

20 19 95.00% One is uncertain. 
“Smoking Status Not 
on file” . 

Fever 20 17 85.00% Template issue. “The 
following ROS were 
reviewed and are 
negative, unless 
otherwise stated as +
positive: 
1 Constitutional: 
Fever; malaise” 

Pericardial Fluid 
(neg) 

20 20 100.00%  

Hydrocephalus 
(neg) 

20 20 100.00%  

Hydronephrosis 20 20 100.00%  
Blood group AB 

Rh(D) 
negative 

20 0 0.00% From blood typing 
tests. This signal was 
not specific to blood 
type AB+, but 
generated by other 
ABO blood types and 
Rh-positive patients. 

Allergy test 
positive 

20 5 25.00% The false positives 
were wrongly 
mapped from a 
sentence like “He 
/She has been 
exposed to covid, 
family member or 
friends have tested 
positive.” 

Laurin-Sandrow 
syndrome 

20 20 100.00%  

Cough 
nonproductive 

20 20 100.00%  

In total 260 217 83.46%   
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significant, including shortness of breath, muscle/body aches, and 
vomiting/diarrhea. Upon further review of 200 notes from 13 concepts 
that were on the list of symptoms maintained by the CDC but not sig
nificant in our analysis, we found the true positive percentage to be 77% 
(Supplemental Material Table 2). 

ConceptWAS is open-source, portable, and reproducible. Re
searchers/users can choose other NLP pipelines (e.g. MetaMap, CLAMP, 
cTAKES) [26] for concept extraction and use the derived concepts as the 
input to ConceptWAS. Below we summarize the lessons that we learned 
in our proof-of-concept study applying NLP techniques to identify 
COVID-19 symptoms and characteristics, in the hope that these lessons 
may help others apply this method.  

(1) A high-throughput, lightweight, and reproducible method is 
important for an emerging pandemic disease. ConceptWAS en
ables a rapid scan of symptoms using clinical notes. These 
symptoms provided an initial hypothesis for further investigation 
and could alert clinicians to pay attention to patients who present 
with specific symptoms. Researchers can run ConceptWAS regu
larly (e.g. using weekly or 2-week cumulative data) to track 
changes in the identified symptoms of a pandemic disease. 

(2) Running ConceptWAS, one needs to be cautious about the dis
tribution of different clinical note types. Clinical notes differ from 
each other due to their specific clinical usage. They may have 
variable templates and inconsistent lengths. Therefore, we 
recommend that researchers check the distribution of document 
types between cases and controls to avoid sampling bias.  

(3) Although NLP has been used in various medical fields to improve 
information processing and practice [30–33], recognition of 
negative and uncertain concepts remains a challenge. We 
enhanced the detection of uncertain arguments and negated 
concepts by developing rule-based methods as wrappers for 
entity-identification generated results. Still, our manual chart 
review suggest that the outcome is not perfect. For example, some 
notes mentioned negative concepts such as “the following ROS 
were reviewed and are negative, unless otherwise stated as +
positive: Constitutional: Fever; malaise.” Such scenarios are 
difficult for NLP tools to identify. A combination of machine 
learning and rule-based approaches may improve the detection.  

(4) To detect differential concepts at various levels of magnitude of 
change, the sample size needed for the study could be estimated 
beforehand. For example, a sample size calculation tool (e.g. 
https://vbiostatps.app.vumc.org/ps/dichot/1) could be used to 
generally estimate the minimum sample size given the input of 
desired odds ratio, type I Error (α), power (e.g. 80%), and prob
ability of exposure in controls. 

(5) We also learned and recognized that our study had several limi
tations. First, the study was performed at a single institution with 
a limited number of COVID-19 patients. As the pandemic crisis 
evolves and more patients are tested for SARS-CoV-2 in our 
healthcare system, our ability to detect clinical concepts associ
ated with COVID-19 will continue to improve. Second, this study 
used data from a limited time (before May 27, 2020). Third, 
ConceptWAS accepts concepts as input, which relies on an NLP 
pipeline and addon packages to identify. In this study, we used a 
locally developed NLP pipeline and customized several RegEx 
rules. A user may use different tools to extract the concepts, and 
the following step remains the same. However, the overall per
formance may vary.  

(6) In the future, we will extract notes from visits/calls before the test 
date to study symptom progression, and also extract notes after 
the test date to further explore the symptoms and their severity 

after the diagnosis. Lastly, as the performance of an NLP system 
may vary across institutions and databases [30,34], further 
studies are necessary to assess the generalizability of our findings. 

5. Conclusion 

In this study, we describe a high-throughput approach (Con
ceptWAS) that systematically scans a disease’s clinical manifestations 
from clinical notes. By applying ConceptWAS on EHR clinical notes from 
patients who received a COVID-19 PCR test, we detected loss of smell 
and taste three weeks prior to their inclusion as symptoms of the disease 
by the CDC. This study demonstrates the capability of EHR-based 
methods to enable early recognition of COVID-19-specific symptoms 
and to improve our response to such pandemic challenges. 

Code availability 

Up-to-date developments of ConceptWAS are available in GitHub 
(https://github.com/zhaojuanwendy/ConceptWAS). 
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See Fig. A1 
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Appendix B. EHR notes distribution 

The COVID-19-positive group had a distribution of clinical notes 
types similar to that of the COVID-19-negative group on the PCR test day 

(e.g. progress notes 81.36% versus [vs] 73.73%, social history 22.95% 
vs 28.41%, emergency department [ED] provider notes 6.26% vs 
7.98%). 

See Fig. B1 and Table B.1 

Fig. B1. Proportion of cases/controls with clinical notes on the days around COVID-19 test date. The x-axis indicates the note day relative to the COVID-19 test date. 
> 86% patients who have a PCR test had a clinical note within 24 h before the test date. 

Fig. A1. Flowchart of study design for ConceptWAS between COVID-19-positive (case) and COVID-19 negatives (control).  

J. Zhao et al.                                                                                                                                                                                                                                     
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Appendix C. Framework of the NLP pipeline and ConceptWAS 

See Fig. C1 
See Table C1 

Appendix D. Temporal analysis 

See Fig. D1 

Table B1 
The notes types that were extracted in the study.  

Note type 

Progress Notes 
Social History 
Imaging 
ECG_IMPRESSION 
ED Triage Notes 
ED Provider Notes 
H&P 
Problem List 
Assessment & Plan Note 
Synopsis Sub-Note 
Procedures 
Subjective & Objective 
History of Present Illness Sub-Note 
Consults 
Diagnostic Studies Sub-Note 
Initial Assessments 
ED Notes 
Anesthesia Preprocedure Evaluation 
Hospital Course Sub-Note 
Clinical Update 
Pathology And Cytology 
Anesthesia Procedure Notes 
Cardiac Services 
Operative Report 
Consult Reason Sub-Note 
ED Progress Note 
Anesthesia Postprocedure Evaluation 
Technologist Note 
Brief Op Note 
Perioperative Nursing Note 
Nursing Note 
Neurology 
Discharge Summary 
Plan by Systems Sub-Note 
ED Procedure Note 
Echocardiography 
Transthoracic Echocardiogram Report 
Significant Event 
Lactation Note 
LAB 
Post-operative Check 
Research Informed Consent Note 
Treatment Plan 
Group Note 
Pre-Procedure Note 
Pre-Procedure Instructions 
Plan of Care 
Death Summary 
Covering Surgeon 
Research Coordinator Notes 
Post-Procedure Note 
Transition Plan Sub-Note 
Interval H&P Note 
Anesthesia Post-op Follow-up Note 
Discharge Instr - Other Orders 
Discharge Instr - Appointments 
Interim Summary 
Research Billing Note 
External Transfer Orders 
Declaration of Brain Death 
Radiation oncology 
Teleconsult 
Discharge Instr - Activity 
Discharge Instr - Diet 
ACP (Advance Care Planning) 
Code Documentation 
Letter 
Medical Student Progress Note 
Onc Cost of Treatment 
Transesophageal Echocardiogram Report  
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Fig. D1. The cumulative number of COVID-19-positive(cases) along weeks.  

Table C1 
Semantic type of concepts that were included in the analysis.  

Semantic type 

Sign or Symptom 
Finding 
Disease or Syndrome 
Mental Process 
Mental or Behavioral Dysfunction 
Organism Function 
Laboratory or Test Result 
Individual Behavior 
Social Behavior 
Acquired Abnormality 
Age Group 
Population Group  

Fig. C1. Schematic framework of the ConceptWAS and NLP pipeline.  
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Appendix E. ConceptWAS results 

See Table E1 

Table E1 
ConceptWAS between COVID-19-positive (case) and COVID-19 negative(control). The table presents the significant concepts related to sign or symptom, disease or 
syndrome, or individual behaviors, which crossed Bonferroni p-value < 2.55E-06. “Neg” stands for negated attribute.  

Concept CUI 
(attribute) 

Concept Name Semantic type Case Count 
(%) 

Control Count 
(%) 

OR (95%CI) P-value 

C1998726 Adequate Knowledge Finding 109 (7.3%) 3033 (16.7%) 0.46 (0.38,0.56) 2.22E- 
16 

C0243095 Finding Finding 75 (5.1%) 2309 (12.7%) 0.44 (0.34,0.56) 9.55E- 
14 

C0205400 Increased thickness (Finding) Finding 11 (0.7%) 854 (4.7%) 0.19 (0.10,0.33) 4.97E- 
13 

C0011570 Depression Mental or Behavioral 
Dysfunction 

34 (2.3%) 1430 (7.9%) 0.34 (0.24,0.47) 5.12E- 
13 

C0013604 Edema Sign or Symptom 48 (3.2%) 1698 (9.3%) 0.40 (0.29,0.53) 1.88E- 
12 

C0015967 (neg) Fever (neg) Sign or Symptom 286 (19.3%) 5088 (27.9%) 0.63 (0.55,0.72) 3.87E- 
12 

C0003467 Anxiety Mental or Behavioral 
Dysfunction 

42 (2.8%) 1494 (8.2%) 0.39 (0.28,0.52) 4.40E- 
12 

C1305863 Anesthesia Type Finding 4 (0.3%) 536 (2.9%) 0.12 (0.04,0.26) 1.17E- 
11 

C0554862 Result, Lab.- General (Observable Entity) Laboratory or Test Result 17 (1.1%) 891 (4.9%) 0.27 (0.16,0.42) 1.65E- 
11 

C0445088 Neck Flexion (Finding) Finding 3 (0.2%) 494 (2.7%) 0.10 (0.03,0.24) 1.74E- 
11 

C0231224 Crisis Finding 14 (0.9%) 850 (4.7%) 0.24 (0.14,0.39) 2.16E- 
11 

C0453996 Tobacco smoking behavior Individual Behavior 99 (6.7%) 2445 (13.4%) 0.52 (0.42,0.64) 4.11E- 
11 

C0020255 (neg) Hydrocephalus (neg) Disease or Syndrome 8 (0.5%) 662 (3.6%) 0.18 (0.09,0.34) 5.98E- 
11 

C0235195 (neg) Sedated State(neg) Finding 3 (0.2%) 445 (2.4%) 0.10 (0.03,0.25) 7.07E- 
11 

C0003126 Anosmia Finding 30 (2.0%) 85 (0.5%) 4.97 (3.21,7.50) 9.21E- 
11 

C1880200 Current some day smoker Finding 17 (1.1%) 796 (4.4%) 0.28 (0.17,0.44) 1.25E- 
10 

C0457318 Blood Group Ab Rh(d) Negative Laboratory or Test Result 7 (0.5%) 589 (3.2%) 0.18 (0.08,0.34) 1.58E- 
10 

C0586120 Smoking monitoring status Finding 69 (4.7%) 1780 (9.8%) 0.48 (0.37,0.61) 1.77E- 
10 

C0015967 Fever Sign or Symptom 614 (41.4%) 6055 (33.3%) 1.43 (1.28,1.59) 1.97E- 
10 

C0031039 (neg) Pericardial Fluid(neg) Disease or Syndrome 15 (1.0%) 819 (4.5%) 0.27 (0.16,0.43) 3.72E- 
10 

C1262869 Body position Finding 16 (1.1%) 821 (4.5%) 0.28 (0.16,0.44) 4.26E- 
10 

C0221198 Lesion Finding 16 (1.1%) 860 (4.7%) 0.28 (0.17,0.45) 7.68E- 
10 

C0521530 (neg) Consolidation of Lung(neg) Disease or Syndrome 53 (3.6%) 1604 (8.8%) 0.46 (0.34,0.60) 8.03E- 
10 

C0020295 (neg) Hydronephroses(neg) Disease or Syndrome 10 (0.7%) 667 (3.7%) 0.22 (0.11,0.39) 8.57E- 
10 

C0750426 White Blood Cell Count Increased (Lab Result) Finding 70 (4.7%) 1951 (10.7%) 0.50 (0.39,0.64) 2.02E- 
09 

C0455735 Comments on own reading Finding 66 (4.5%) 1850 (10.2%) 0.51 (0.39,0.65) 7.13E- 
09 

C0580359 Allergy test positive Laboratory or Test Result 39 (2.6%) 128 (0.7%) 3.35 (2.29,4.79) 7.42E- 
09 

C0231170 Disability Finding 8 (0.5%) 559 (3.1%) 0.22 (0.10,0.40) 1.40E- 
08 

C1277295 Cough with fever Sign or Symptom 70 (4.7%) 396 (2.2%) 2.29 (1.75,2.96) 1.46E- 
08 

C0427451 Sickling test positive Laboratory or Test Result 15 (1.0%) 22 (0.1%) 8.66 (4.38,16.69) 1.55E- 
08 

C0184763 Patient condition unchanged Finding 3 (0.2%) 403 (2.2%) 0.13 (0.04,0.31) 1.67E- 
08 

C0030554 (neg) Paresthesias(neg) Disease or Syndrome 6 (0.4%) 441 (2.4%) 0.19 (0.08,0.38) 1.84E- 
08 

C0043144 Wheezings Sign or Symptom 10 (0.7%) 571 (3.1%) 0.25 (0.13,0.44) 3.35E- 
08 

C3853152 Does with Much Difficulty Finding 21 (1.4%) 871 (4.8%) 0.35 (0.22,0.53) 

(continued on next page) 
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Table E1 (continued ) 

Concept CUI 
(attribute) 

Concept Name Semantic type Case Count 
(%) 

Control Count 
(%) 

OR (95%CI) P-value 

3.71E- 
08 

C0028259 Nodule Acquired Abnormality 7 (0.5%) 552 (3.0%) 0.21 (0.09,0.41) 4.08E- 
08 

C0023518 Leukocytosis Disease or Syndrome 10 (0.7%) 607 (3.3%) 0.26 (0.13,0.45) 4.42E- 
08 

C0337671 Former smoker Finding 28 (1.9%) 1036 (5.7%) 0.40 (0.27,0.57) 4.62E- 
08 

C0014544 Epilepsy Disease or Syndrome 8 (0.5%) 556 (3.1%) 0.23 (0.11,0.42) 5.09E- 
08 

C2364111 Ageustia Sign or Symptom 20 (1.3%) 53 (0.3%) 5.18 (3.02,8.58) 6.16E- 
08 

C0444867 both patent Finding 64 (4.3%) 1673 (9.2%) 0.52 (0.40,0.67) 7.36E- 
08 

C0032227 Pleural effusion disorder Disease or Syndrome 9 (0.6%) 587 (3.2%) 0.25 (0.12,0.45) 9.69E- 
08 

C1851100 Laurin-sandrow syndrome Disease or Syndrome 15 (1.0%) 706 (3.9%) 0.32 (0.18,0.51) 1.23E- 
07 

C0086409 Hispanics Population Group 30 (2.0%) 71 (0.4%) 3.66 (2.33,5.61) 1.23E- 
07 

C1287298 Urine volume finding Finding 3 (0.2%) 374 (2.1%) 0.14 (0.04,0.34) 1.51E- 
07 

C0002871 Anemia Disease or Syndrome 26 (1.8%) 964 (5.3%) 0.40 (0.27,0.59) 2.00E- 
07 

C4081907 Patient Identity Verified (Finding) Finding 3 (0.2%) 311 (1.7%) 0.14 (0.04,0.35) 2.21E- 
07 

C0032074 Planning Mental Process 195 (13.1%) 3636 (20.0%) 0.68 (0.58,0.79) 3.48E- 
07 

C0455458 Pmh - Past Medical History Finding 80 (5.4%) 1887 (10.4%) 0.57 (0.45,0.72) 4.55E- 
07 

C0004048 Inspiration Function Organism Function 54 (3.6%) 1420 (7.8%) 0.52 (0.39,0.68) 5.06E- 
07 

C0442770 Sees hand movements Finding 7 (0.5%) 5 (0.0%) 22.18 
(7.26,71.96) 

5.60E- 
07 

C0332148 Probable diagnosis Finding 37 (2.5%) 1114 (6.1%) 0.47 (0.33,0.64) 5.73E- 
07 

C0700124 Dilated Finding 16 (1.1%) 691 (3.8%) 0.35 (0.20,0.55) 6.16E- 
07 

C0036572 Convulsion Sign or Symptom 10 (0.7%) 537 (2.9%) 0.28 (0.14,0.50) 7.28E- 
07 

C0233519 (neg) Suspiciousness(neg) Finding 12 (0.8%) 595 (3.3%) 0.31 (0.17,0.52) 7.50E- 
07 

C0332219 Not Difficult at all Finding 9 (0.6%) 501 (2.8%) 0.27 (0.13,0.49) 7.71E- 
07 

C0475269 G1 Grade (Finding) Finding 2 (0.1%) 309 (1.7%) 0.12 (0.03,0.34) 8.01E- 
07 

C0025517 Disease, Metabolic Disease or Syndrome 17 (1.1%) 746 (4.1%) 0.36 (0.21,0.56) 8.35E- 
07 

C0032326 (neg) Pneumothorax (neg) Disease or Syndrome 161 (10.9%) 3280 (18.0%) 0.66 (0.55,0.78) 8.87E- 
07 

C0277803 (neg) Normal vital signs (neg) Finding 34 (2.3%) 146 (0.8%) 2.88 (1.94,4.17) 9.60E- 
07 

C0032227 (neg) Pleural effusion Disorder(neg) Disease or Syndrome 127 (8.6%) 2674 (14.7%) 0.64 (0.53,0.77) 9.94E- 
07 

C0032310 Pneumonias, Viral Disease or Syndrome 33 (2.2%) 180 (1.0%) 2.88 (1.94,4.15) 1.00E- 
06 

C0033213 Problem Finding 191 (12.9%) 3525 (19.4%) 0.69 (0.58,0.80) 1.15E- 
06 

C1285647 Characteristic of Perceptual Performance 
(Observable Entity) 

Mental Process 5 (0.3%) 382 (2.1%) 0.21 (0.08,0.43) 1.32E- 
06 

C0574839 Seen on arrival (Finding) Finding 20 (1.3%) 729 (4.0%) 0.39 (0.24,0.60) 2.17E- 
06 

C0043157 Caucasians Population Group 7 (0.5%) 421 (2.3%) 0.25 (0.11,0.48) 2.25E- 
06 

C0449850 (neg) Patient position finding (neg) Finding 3 (0.2%) 269 (1.5%) 0.16 (0.04,0.39) 2.25E- 
06 

C0278061 Altered Mental Status (Finding) Mental or Behavioral 
Dysfunction 

7 (0.5%) 469 (2.6%) 0.25 (0.11,0.48) 2.46E- 
06  
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Appendix F. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.jbi.2021.103748. 
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