Infection and Drug Resistance

Dove

ORIGINAL RESEARCH

|dentification of Phenotypes Among COVID-19
Patients in the United States Using Latent Class

Analysis

Catherine Teng
Unnikrishna Thampy'
Ju Young Bae

Peng Cai?

Richard AF Dixon?
Qi Liu®?
Pengyang Li 4

IDepartment of Medicine, Yale New
Haven Health — Greenwich Hospital,
Greenwich, CT, USA; 2Department of
Mathematical Sciences, Worcester
Polytechnic Institute, Worcester, MA,
USA; 3Molecular Cardiology Research,
Texas Heart Institute, Houston, TX, USA;
“Division of Cardiology, Pauley Heart
Center, Virginia Commonwealth
University, Richmond, VA, USA

Correspondence: Pengyang Li

Pauley Heart Center, Virginia
Commonwealth University, 1200

E Marshall St, Richmond, VA, 23219, USA
Tel +1 626-420-581 |

Fax +1 508-363-9798

Email leelpy0109@gmail.com

Qi Liu

Texas Heart Institute, 6770 Bertner
Avenue, MC 2-255, Houston, TX, 77030,
USA

Tel +1 832-355-8006

Fax +| 832-355-9692

Email QLiu@texasheart.org

Background: Coronavirus disease caused by severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2 or COVID-19) is a heterogeneous disorder with a complex pathogenesis.
Recent studies from Spain and France have indicated that underlying phenotypes may exist
among patients admitted to the hospital with COVID-19. Whether those same phenotypes
exist in the United States (US) remains unclear. Using latent class analysis (LCA), we sought
to determine whether clinical phenotypes exist among patients admitted for COVID-19.
Methods: We reviewed the charts of adult patients who were hospitalized primarily for
COVID-19 at Greenwich Hospital and performed LCA using variables based on patient
demographics and comorbidities. To further examine the reliability and replicability of the
clustering results, we repeated LCA on the cohort of patients who died during hospitalization
for COVID-19.

Results: Two phenotypes were identified in patients admitted for COVID-19 (N = 483).
According to phenotype, patients were designated as cluster 1 (C1) or cluster 2 (C2). Cl1 (n =
193) consisted of older individuals with more comorbidities and a higher mortality rate (25.4% vs
8.97%, p < 0.001) than patients in C2. C2 (n = 290) consisted of younger individuals who were
more likely to be obese, male, and nonwhite, with higher levels of the inflammatory markers
C-reactive protein and alanine aminotransferase. When we performed LCA on the cohort of
patients who died during hospitalization for COVID-19 (n = 75), we found that the distribution
of patient baseline characteristics and comorbidities was similar to that of the entire cohort of
patients admitted for COVID-19.

Conclusion: Using LCA, we identified two clinical phenotypes of patients who were admitted
to our hospital for COVID-19. These findings may reflect different pathophysiologic processes
that lead to moderate to severe COVID-19 and may be useful for identifying treatment targets
and selecting patients with severe COVID-19 disease for future clinical trials.

Keywords: COVID-19 (United States), hospitalization, death, phenotypes, latent class
analysis, comorbidities

Introduction

Since January 2020, considerable emphasis has been placed on identifying distinct
risk factors in patients with COVID-19. Certain risk factors,' such as age, obesity,
sex, and other underlying comorbidities, have been extensively described in
patients with COVID-19," and a recent study has indicated that patients can be
grouped on the basis of those risk factors.* A retrospective study conducted in
Spain showed that patients who were admitted with COVID-19 could be grouped
according to three distinct phenotypes that correlate with mortality.* In the first
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group, patients were younger, were less frequently male,
and had normal levels of inflammatory parameters; in
the second group, patients were obese with moderately
elevated levels of inflammatory markers; in the third
group, patients were older with more comorbidities.*
Another retrospective study of 85 patients with COVID-
19 in Paris, France reported similar phenotypes in patients
who were admitted to the intensive care unit.” Although
focus is currently directed toward the relevance of pheno-
types, it remains unclear whether those same phenotypes
exist in the United States (US), given the significant dif-
ferences in mortality rates between the US and major
European countries.®” In addition, patient populations
are genetically and ethnically heterogeneous across these
continents, and the virus strains are potentially different. In
this study, we conducted latent class analysis (LCA) of
patients who were admitted to Greenwich Hospital, Yale
New Haven Health with COVID-19 and sought to identify
whether clinical phenotypes exist among this US patient
population.

Materials and Methods
Database and Study Population

We reviewed the charts of adult patients who were hospi-
talized for COVID-19 from February 1 to May 30, 2020 at
Greenwich Hospital, Yale New Haven Health. Diagnoses
were made on the basis of SARS-CoV-2 PCR test results.
Patients were excluded who were younger than 18, were
pregnant at the time of diagnosis, or had incomplete hos-
pitalization records. This study received ethics approval by
the institutional review board of Greenwich Hospital, Yale
New Haven Health. Data acquired from electronic medical
records were de-identified, encrypted, and stored securely.
The requirement to obtain patient informed consent to
review their medical records was waived because of de-
identification. This study was conducted in accordance
with the Declaration of Helsinki.

Study Variables
We
factors,

retrieved data on well-documented prognostic
17319 including patient demographics (age, sex,
race, and body mass index [BMI]), comorbidities (hyper-
tension, diabetes mellitus, coronary artery disease [CAD],
chronic heart failure [CHF], chronic kidney disease
[CKD], neurological disease, and pre-existing respiratory
disease), in-hospital laboratory results, and treatment

information (medications received during hospitalization,

hospital length of stay, maximized oxygen requirement,
and requirement for intubation). During chart review,
de-identified for statistical

patient information was

analysis.

Statistical Analysis

We first analyzed the characteristics of each cohort by
using a r-test, Fisher’s exact test, or a x* test, depending
on the nature of the variable. A p<0.05 result was con-
sidered statistically significant. LCA was first applied to
the entire cohort of patients who were admitted to the
hospital for COVID-19. To further examine the reliability
and replicability of the clustering results, we repeated
LCA on the cohort of patients who died during hospitali-
zation for COVID-19.

LCA is a statistical method used to identify classes of
individuals on the basis of known categorical variables.''
In traditional LCA, class membership probabilities and
item-response probabilities conditional on class member-
ship are estimated."'

We examined our data by using LCA to determine the
number of clusters that best fit the data.'> We calculated the
item response probabilities (IRP) in the datasets to define each
cluster’s characteristics. Starting with a model that had two
classes, we increased the number of classes up to seven to
determine whether the set of available diagnostic methods
suggested an optimal number of classes. By examining the
number of parameters, log-likelihood, Bayesian information
criterion (BIC), sample-size—adjusted BIC, Akaike’s informa-
tion criterion, Pearson »* goodness of fit, and likelihood ratio
2 (G2) statistic and entropy, we found that having two classes
presented the most parsimonious solution, considering good-
ness-of-fit measures and the interpretability of the model.

Results

Population Characteristics

Our study included 483 patients admitted to Greenwich
Hospital, Yale New Haven Health from February 1 to
May 20, 2020. Overall, 46.8% of patients admitted for
COVID-19 were 65 or older (average age=64 years),
63.1% were men, and 46.8% were white. The average
BMI was 28.2 kg/m>. Patient comorbidities included HTN
(49.1%), obesity (35.4%), DM (25.9%), previous gastroin-
testinal disease (17.8%), pre-existing respiratory disease
(16.6%), CAD (12.8%), CKD (11.8%), and CHF (8.3%).

Patient characteristics are shown in detail in Table 1.
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Table | Patient Characteristics in Risk Factor Clusters lIdentified by Performing Latent Class Analysis of Patients Who Were

Admitted for COVID-19

Characteristics All Cl Cc2 P value
N=483 n=193 n=290

Risk factors
Age 640 £ 179 795 +£9.88 537 £ 143 <0.001
Age 265 years 226 (46.8%) 180 (93.3%) 46 (15.9%) <0.001
Male 305 (63.1%) 101 (52.3%) 204 (70.3%) <0.001
Nonwhite 257 (53.2%) 55 (28.5%) 202 (69.7%) <0.001
BMI 230 kg/m? 171 (35.4%) 54 (28.0%) 117 (40.3%) 0.007
BMI, kg/m? 28.2 + 5.88 26.8 + 5.88 29.2 £ 570 <0.001
CAD 62 (12.8%) 62 (32.1%) 0 (0.0%) <0.001
HTN 237 (49.1%) 171 (88.6%) 66 (22.8%) <0.001
CHF 40 (8.28%) 40 (20.7%) 0 (0.0%) <0.001
DM 125 (25.9%) 74 (38.3%) 51 (17.6%) <0.001
CKD 57 (11.8%) 49 (25.4%) 8 (2.76%) <0.001
Neurological disease 72 (14.9%) 62 (32.1%) 10 (3.45%) <0.001
Gastrointestinal disease 86 (17.8%) 49 (25.4%) 37 (12.8%) 0.001
Pre-existing respiratory disease 80 (16.6%) 48 (24.9%) 32 (11.0%) <0.001

Treatments
Tocilizumab 147 (30.4%) 43 (22.3%) 104 (35.9%) 0.002
Protease Inhibitors 176 (36.4%) 55 (28.5%) 121 (41.7%) 0.004
Convalescent plasma 14 (2.90%) 0 (0.00%) 14 (4.83%) 0.005
Remdesivir 18 (3.73%) 3 (1.55%) 15 (5.17%) 0.07
Anticoagulation 162 (33.5%) 60 (31.1%) 102 (35.2%) 0.41
Hemodialysis 20 (4.14%) 6 (3.11%) 14 (4.83%) 0.34
Intubation 73 (15.1%) 28 (14.5%) 45 (15.5%) 0.6l
Oxygen 043 £ 0.26 0.45 £ 0.27 042 £ 0.25 0.24

Laboratory data
Creatinine, mg/dL 1.52 £ 1.42 1.86 + 1.57 129 £ 1.27 <0.001
Troponin, ng/mL 1.08 + 8.93 171 £ 11.5 0.64 + 6.63 0.25
Pro-BNP, pg/mL 2720 + 6131 3541 £ 6035 1959 + 6142 0.04
Ferritin, ng/mL 1949 + 5471 1644 + 5235 2152 + 5622 033
CRP, mg/L 153 £ 35.0 10.7 £ 13.7 183 £ 434 0.006
D-dimer, mg/L 595+ 9.17 5.82 + 852 6.03 + 9.58 0.82
ALT, U/L 164 + 42| 96.2 + 204 209 + 512 0.001
AST, U/L 203 + 805 127 + 436 253 + 970 0.05

Outcomes
Length of stay, days 105 £ 13.7 9.57 + 10.1 1.2 £ 157 0.18
Death 75 (15.5%) 49 (25.4%) 26 (8.97%) <0.001

Note: Data are presented as the mean * standard deviation or as the number (%).

Abbreviations: ALT, alanine transaminase; AST, aspartate aminotransferase; BMI, body mass index; CAD, coronary artery disease; CHF, chronic heart failure; CKD, chronic
kidney disease; CRP, C-reactive protein; DM, diabetes mellitus, HTN, hypertension; pro-BNP, pro—B-type natriuretic peptide.

Identification of Phenotypes by Clustering
By performing cluster analysis of the variables using
patient demographics and comorbidities, we identified
two clusters that provided the best fit among patients
who were admitted for COVID-19: cluster 1 (C1; n=193)
and cluster 2 (C2; n=290) (Table 1 and Figure 1).

CI| Cohort: Older Patients with More Comorbidities
In C1, patients were older than in C2 (79.5 vs 53.7 years,
p<0.001), with 93.3% of patients 65 or older in C1 and
only 15.9% 65 or older in C2. C1 also had a lower propor-
tion of men (52.3% % vs 70.3%, p<0.001) and nonwhite
individuals (28.5% vs 69.7%, p< 0.001) than did C2. The
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Total COVID-19 Hospitalizations

Class Age>=65 Female ace-
i White

w Bt o foo 0w om 0m o
% \ Cc2
q 0.17 0.30 0.29 0.24 0.40

N=483 “ (59%)

0.47 0.73 0.85 0.28

Latent Class Analysis and Phenotypes of All COVID-19 Hospitalizations

Respir-
HTN BMI>=30 DM CHF CAD CKD Gl Neuro

atory

100%

0.38 0.20 0.31 0.24 0.25 0.25 0.31 80%

60%

40%

0.18 0.00 0.00 0.11 0.03 0.13 0.04 20%

0%

Figure | Probability of individual risk factors in the two clusters among total COVID-19 hospitalizations.
Abbreviations: BMI, body mass index (kg/mz); CAD, coronary artery disease; CHF, chronic heart failure; CKD, chronic kidney disease; DM, diabetes mellitus; Gl,
gastrointestinal disease; HTN, hypertension; neuro, neurological disease; respiratory, pre-existing respiratory disease.

overall mortality rate in Cl1 was higher than that in C2
(25.4% vs 8.97%, p<0.001).

C1 had a significantly higher proportion of comorbid-
ities than did C2, including HTN (88.6% vs 22.8%,
p<0.001), CAD (32.1% vs 0.0%, p<0.001), CHF (20.7%
vs 0%, p<0.001), DM (38.3 vs 17.6%, p<0.001), CKD
(25.4% vs 2.8%, p<0.001), pre-existing respiratory disease
(24.9% vs 11.0%, p=0.004), and pre-existing neurological
disease (32.1% vs 3.5%, p<0.001).

C1 also had higher peak levels of creatinine (1.86 + 1.57
vs 1.29 + 1.27 mg/dL, p<0.001) and pro-natriuretic peptide
(pro-BNP) (3541 £ 6035 vs 1959 £ 6142 pg/mL, 0.036) but
lower levels of the inflammatory markers C-reactive protein
(CRP) (10.7 £ 13.7 mg/L vs 18.3 + 43.4, p=0.006) and
alanine aminotransferase (ALT) (96.2 + 204 vs 209 £+ 512
U/L, p=0.001) than did C2.

C2 Cohort: Younger Patients with Obesity

C2 patients were younger than C1 patients (53.7 vs 79.5 years,
p<0.001) and were more likely to be obese (BMI >30 kg/m?;
40.3% vs 28.0%, p=0.007), male (70.3% vs 52.3%, p<0.001),
and nonwhite (69.7% vs 28.5%, p<0.001). The IRPs of each
risk factor in C1 and C2 are shown in Figure 1.

Overall, C2 had higher levels of the inflammatory markers
CRP and ALT than did C2. Levels of other markers were also
higher in C2 than in C1, including ferritin (2152 + 5622 vs
1644 + 5235 ng/L, p=0.33), D-dimer (6.03 = 9.58 vs 5.82 +
8.52 mg/L, p=0.815), and aspartate aminotransferase (253 +
970 vs 127 £ 436 U/L, p=0.054), but the differences were not
statistically significant.

LCA of Patients Who Died from

COVID-19
Of the 483 patients who were hospitalized for COVID-19,
75 died during hospitalization. For the cohort of 75

deceased patients, we independently applied the latent
class model. The analysis identified two clusters that we
designated as cluster 1’ (C1') and cluster 2’ (C2'), which
were analogues to those identified in the LCA for the
entire cohort of 483 patients admitted for COVID-19
(Supplemental Table 1).

Overall Characteristics

The distribution of baseline characteristics and comorbid-
ities in the cohort of patients who died during hospitaliza-
tion for COVID-19 was similar to that observed for the
entire cohort of patients who were admitted for COVID-
19. The patient characteristics of the 75 deceased patients
are shown in Supplemental Table 1.

Identification of Cl’ and C2' by Clustering

Patients in C1' exhibited characteristics similar to those in
C1. C1' patients were older than patients in C2’ (83.4 vs 54.9
years, p<0.001) and had a higher proportion of comorbidities
such as HTN (80.8% vs 39.1%, p=0.001), CAD (38.5% vs
0%, p<0.001), CHF (23.1% vs 0%, p=0.01), and pre-existing
respiratory disease (32.7% vs 0%, p<0.001). No statistically
significant difference was observed between C1’ and C2' in
the proportion of patients with DM (32.7% vs 30.4%,
p=1.00), CKD (23.1% vs 8.7%, p=0.20), neurological dis-
ease (36.5% vs 13.0%, p= 0.05), or gastrointestinal disease
(34.6% vs 13.0%, p=0.09).

C2' was comparable to C2, consisting of patients who
were younger and more likely to be obese (56.5% vs
25.0%, p=0.02), male (87.0% vs 57.7%, p=0.02), and
nonwhite (60.9% vs 15.4%, p<0.001) than were patients
in C1'. The IRPs of each risk factor in C1’ and C2' are
shown in Figure 2. Compared with patients in C1’, patients
in C2' showed a pattern of increased expression of the
inflammation markers CRP (84.4£117 vs 12.6+10.8 mg/L,
p=0.008) and D-dimer (17.8£13.6 vs 8.46+10.3 mg/L,
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Total COVID-19 Death Latent Class Analysis and Phenotypes of COVID-19 Death
Class Age>=65 Female Race-White HTN BMI>=30 DM CHF CAD Respiratory CKD Gl Neuro
‘i 100%
m (6‘:91%) 0.98 0.42 0.83 0.81 0.25 0.34 0.23 0.39 0.33 0.23 0.34 0.38 80%

W

(31%) 0.16

0.43 0.40 0.56

60%

40%
20%
0%

0.28 0.00 0.00 0.00 0.09 0.11

Figure 2 Probability of individual risk factors in the two clusters among total COVID-19 deaths during hospitalization.
Abbreviations: BMI, body mass index (kg/m?); CAD, coronary artery disease; CHF, chronic heart failure; CKD, chronic kidney disease; DM, diabetes mellitus; Gl,
gastrointestinal disease; HTN, hypertension; neuro, neurological disease; respiratory, pre-existing respiratory disease.

p=0.007). No significant differences were observed
between clusters in the levels of ferritin, aspartate amino-
transferase, ALT, creatinine, troponin, or pro-BNP.

This subgroup analysis confirms the existence of two
latent classes within our group of patients. Furthermore,
these findings reveal that two different patterns may con-
tribute to not only hospitalization in the vulnerable popu-
lation of patients admitted with COVID-19 infection, but
also death from COVID-19.

Discussion

To the best of our knowledge, this is the first study in the
US to report the underlying phenotypes of patients with
COVID-19 admitted to the hospital. These phenotypes,
determined on the basis of patient demographics and
underlying comorbidities, were identified in two separate
analyses: patients admitted to the hospital with COVID-19
and patients who died during hospitalization for COVID-

10,13 and

19. Given the variations in clinical presentation
potential genetic polymorphisms'*'> of COVID-19 (com-
mon gene clusters among patients with severe COVID-19
pneumonitis), identifying distinct underlying phenotypes is
vital to establishing a targeted therapy for each phenotype
and facilitating further study on the mechanism of
COVID-19.

Overall, our study shows that patients who were
admitted for COVID-19 can be categorized into two
cohorts, C1 and C2. C1 consists of older individuals with
more comorbidities and higher mortality rates than C2,
whereas C2 consists of younger individuals who are more
often male, nonwhite, obese, and have increased expression
of CRP. This partially correlates with the recent retrospec-
tive studies conducted in Spain* and France,” where three
phenotypes instead of two were identified. In the study of

less often male and had mild viral symptoms and normal
inflammatory parameters; the phenotype B group included
patients who were obese with moderately elevated inflam-
matory markers; and the phenotype C group included older
patients with more comorbidities. Overall, patients in the
phenotype A group were significantly younger and were
less frequently male than were patients in phenotype B and
phenotype C groups. Furthermore, the mortality rate was
the lowest in the phenotype A group. Overall, the phenotype
C group, which had more elderly patients with more comor-
bidities, had the highest mortality rate. Similar results were
noted in the retrospective study conducted in France.’

The C1 group in our study correlates to the phenotype
C group in the COVID-19 @ Spain study, which included
older patients with more comorbidities and had the highest
mortality rate. Similar to patients in the phenotype
C group, patients in C1 were much older and had signifi-
cantly higher chances of having HTN, CHF, CAD, and
pre-existing respiratory disease, which may help explain
the higher mortality rate in this cohort. Given that age is an
independent predictor of do not resuscitate (DNR) status,'®
elderly patients may have a higher rate of DNR status'®
and, thus, a higher mortality rate and lower likelihood of
(e.g, intubation).'’
Finally, at the time of this study, certain medications

undergoing invasive procedures
were experimental drugs that adhered to strict inclusion
criteria. Elderly patients with more comorbidities may
have been more likely to have been excluded in the clin-
ical trials because of underlying conditions. For example,
at the time of the study, remdesivir was given to patients
who were intubated and who did not require dialysis as
part of the clinical trial inclusion criteria in the Yale New

Haven Health System; having dementia as a comorbidity

the COVID-19 @ Spain registry by Gutierrez et al,* the is still a relative contraindication for remdesivir
phenotype A group consisted of younger patients who were ~ administration.
Infection and Drug Resistance 2021:14 hetps: 3869

Dove:


https://www.dovepress.com
https://www.dovepress.com

Teng et al

Dove

The C2 group in our study correlates to the phenotype
B group, which included younger patients who were more
likely to be obese with moderately elevated levels of
inflammatory markers. In C2, only 15.9% of patients
were 65 or older, and none of them had CHF or CAD.
C2 also had a much smaller percentage of patients with
HTN, DM, CKD, or pre-existing neurological, gastroin-
testinal, or respiratory disease. Obesity has been associated
with elevated inflammation status,'® and young adults with
morbid obesity have been shown to experience substantial
rates of adverse outcomes such as requiring intensive care
or mechanical ventilation, and even death.'” In addition,
patients in C2 also had increased CRP expression, which
has been suggested to be an underlying mechanism of
severe COVID-19 pneumonitis and acute respiratory dis-
tress syndrome (ARDS).**?! The higher likelihood of
being obese and having an elevated CRP level in this
phenotype cluster may suggest a different pathophysiology
and possible differences in response to a specific COVID-
19 treatment.”*

Unlike the studies conducted in Spain and France, we
did not identify the phenotype A group, which consisted of
young patients who were less frequently male and had
minor symptoms with normal levels of inflammatory mar-
kers. The following reasons may have contributed to the
difference in phenotype allocation. First, in both studies
conducted in Spain and France, the admission criteria were
not published, which may have contributed to the slight
difference in phenotype attribution, particularly for
patients of the phenotype A group, who presented with
minor symptoms and normal levels of inflammatory mar-
kers. In general, the patients who required hospitalization
in our study must have required oxygen supplementation,
and a large portion of them manifested at least moderate
symptoms. Second, the patient populations were signifi-
cantly different in some regards, particularly with respect
to demographic differences between the US and Spain and
France.”® For example, the US has higher rates of obesity,
diabetes, and chronic lung disease at baseline than do peer
countries such as Spain and France.>* Third, given the
geographical differences, it is unclear whether the study
populations among the different countries were infected
with the same strain of virus.

Nonetheless, similar to our study, both studies in Spain
and France showed distinct phenotypes of patients who
were hospitalized with COVID-19. Moreover, our findings
indicate that younger patients with obesity and moderately
elevated levels of inflammatory markers may have

a different underlying pathophysiology from elderly
patients with more comorbidities.

After analyzing patients who died during hospitaliza-
tion for COVID-19, we found that the distribution of
patient baseline characteristics and comorbidities was
similar to that of the entire cohort admitted for COVID-
19. The C1’ cluster was older with more comorbidities and
had a lower intubation rate and a shorter admission-to-
death timeframe. C2' patients were younger with few
comorbidities, but they were more likely to be obese, be
male, and have increased expression of certain inflamma-
tory markers. This additional analysis further validated the
existence of two latent classes within a large heteroge-
neous group of patients with COVID-19 and revealed
that two different patterns of risk factors may contribute
to not only requiring hospitalization, but also death from
a severe case of COVID-19.

Limitations
The clusters identified in this study were predominantly dif-
ferentiated by age; because of this, it is possible that different
levels of care were received between classes. Nonetheless,
age alone cannot fully explain the differences in sex, race,
obesity, and biomarkers between these two groups.
Although the small sample size of this single-center
retrospective study is a limitation, our statistically signifi-
cant findings indicate that risk factors are clustered
together in two distinct groups in US patients who were
hospitalized for COVID-19. These results suggest that
different pathophysiologic processes lead to moderate to
severe COVID-19 and death and may be useful in identi-
fying treatment targets and selecting patients with severe
COVID-19 disease for future clinical trials. Further studies
in a larger cohort should be conducted to test the general-
izability of our findings.

Conclusion

We identified two distinct phenotypes in a sample of US
patients admitted for COVID-19. These phenotypes were
based on patient demographics and underlying comorbidities.
Cl1 featured older individuals with more comorbidities and
a higher mortality rate, whereas C2 consisted of individuals
who were younger and more likely to be male, with increased
expression levels of CRP. A similar pattern was also identi-
fied in patients who died from COVID-19. Our findings
support the pathophysiological and clinical heterogeneity of
COVID-19, which may be central to the early identification
of high-risk patients and treatment optimization on the basis
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of each phenotype’s underlying mechanism. Our study sug-
gests that future research efforts that provide a comprehensive
understanding of each phenotype may be worthwhile and
that, ultimately, targeted clinical trials may lead to specific
treatments for each cohort.
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