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Abstract

Background Identifying individuals hospitalized for SARS-CoV-2 infection at increased risk of death is crucial for clini-
cal decision making. Analyses must consider simultaneously the multitude of biomarkers across several domains
and how these biomarker profiles change over time.

Methods This electronic health records-based study included individuals hospitalized at a Massachusetts General
Brigham hospital for at least 24 h within 5 days prior and 30 days after diagnosis of COVID-19. K-means clustering
was used to identify profiles among 20 eligible biomarkers and proportional hazards models were used to model
30-day mortality at hospitalization and 7 days after hospitalization (i.e, landmark models).

Results Twelve thousand, nine hundred forty-two individuals were included, among whom 1,198 died

within 30 days. Six states were identified, characterized by the following abnormalities: (1) normal/reference, (2) hema-
tologic, (3) inflammatory and hematological, (4) metabolic, (5) kidney, hematologic, and metabolic, and (6) cardio-
thrombotic, liver, and metabolic. Risk of death within 30 days was higher in States 3, 4, 5, and 6 (adjusted hazard ratios
ranging from 3.6 to 7.8) compared to individuals in State 1 at hospitalization. Landmark model findings were similar.

Conclusions Distinct sub-phenotypes based on biomarker profiles were identified among patients hospitalized
with SARS-CoV-2 infection, and certain phenotypes are associated with greater risk of 30-day mortality.
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Background

Worldwide, over 770 million individuals to date have
been infected with severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), and over 7 million of these
individuals have died from coronavirus disease 2019
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opportunity to focus limited clinical resources on those
who are in greatest need of life saving interventions.

An extensive literature exists associating plasma bio-
markers with severe outcomes, including intubation and
mortality, among individuals hospitalized with SARS-
CoV-2 infection [4-17]. Implicated in this literature
are biomarkers of kidney injury, inflammation, cardio-
thrombotic dysfunction, liver abnormalities, hemato-
logic abnormalities and metabolic dysfunction. With a
few notable exceptions [18, 19], existing reports generally
involve the evaluation of each plasma biomarker indi-
vidually, without full consideration of the high degree of
correlation and potential interactions across biomark-
ers. Moreover, in-hospital biomarker data are typically
summarized using univariate measures, such as baseline
or peak values. Consideration of multiple biomarkers
simultaneously across domains, as well as evaluation of
changes in biomarker profiles over time, is essential to
develop clinically actionable risk groups. The primary
objective of this manuscript was to evaluate the prognos-
tic value of biomarker states, defined according to mul-
tiple laboratory measurements collected repeatedly over
time, among hospitalized individuals with SARS-CoV-2
infection for predicting mortality during or following
hospitalization. The secondary objective was to evalu-
ate whether the same biomarker states were predictive
of mortality when measured among individuals who had
survived to seven days after hospitalization and whether
having been in particular biomarker states between hos-
pitalization and that point was also predictive of mortal-
ity. In this manuscript, electronic health records (EHR)
data derived from 12,942 individuals hospitalized due to
SARS-CoV-2 infection and corresponding vital records
from the Massachusetts Registry of Vital Records and
Statistics were evaluated to identify risk sets for 30-day
survival based on biomarker profiles.

Methods

Study population and participants

Data were derived from a hospital-based cohort of
N=12,942 individuals aged 18 and over at hospital
admission with confirmed SARS-CoV-2 infection based
on hospital record International Classification of Dis-
eases, Tenth Edition (ICD-10) codes U07.1, B34,2, and
B97.29 or positive quantitative reverse transcription pol-
ymerase chain reaction (RT-qPCR) tests between March
1, 2020 and November 30, 2021. All individuals were
hospitalized at Massachusetts General Brigham (MGB),
including Massachusetts General Hospital and Brigham
and Women’s Hospital, within 5 days prior to and 30 days
after a positive SARS-CoV-2 test. Patients hospitalized
for less than 24 h or with an unknown duration of hospi-
talization were excluded.
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Exposures and outcome measures

All data were extracted from the MGB Enterprise Data
Warehouse (EDW). Daily laboratory data on twenty
routine biomarkers were analyzed, including blood urea
nitrogen (BUN), creatinine, estimated glomerular filtra-
tion rate (eGFR), creatine phosphokinase (CPK), d-dimer,
ferritin, C-reactive protein (CRP), white blood cell count
(WBC), absolute lymphocyte count (ALC), hemoglobin,
hematocrit (HCT), platelets, alanine aminotransferase
(ALT), aspartate aminotransferase (AST), alkaline phos-
phatase (ALP), total bilirubin, albumin, glucose, anion
gap, and lactate dehydrogenase (LDH). Laboratory meas-
urements collected between the day of hospitalization
and up to 30 days after hospitalization were included in
the analysis. In the case that more than one measurement
was recorded within a 24-hour period for an individual,
the mean value within a day was used. Additional infor-
mation on the data cleaning procedure is provided in the
Supplemental Methods (Additional File 2). Death dates
were obtained via hospital records and through the Mas-
sachusetts Registry of Vital Records and Statistics. In the
case of an inconsistency between sources, the date listed
in the Registry was used in analysis.

Statistical analysis

In the first stage of the analysis (dimension reduction),
biomarker measurements on each individual-day of hos-
pitalization were standardized by subtracting the sam-
ple mean and dividing by the sample standard deviation.
K-means clustering for partially observed data (K-POD)
was used to assign observations at the individual-day
level to distinct groups based on minimizing the squared
Euclidean distance of observed biomarker measure-
ments within each cluster [20]. For each patient, all days
for which at least one laboratory value was recorded
were included in the cluster analysis. The gap statistic
was used to determine the appropriate number of clus-
ters [21], with confirmation via visual assessment of the
elbow plot. The result of this dimension reduction step
was a cluster assignment for each person on each day of
hospitalization on which biomarker measurements were
available.

In the second stage of the analysis (time-to-event anal-
ysis), Cox proportional hazards (Cox-PH) models were
fitted to evaluate the association of biomarker state mem-
bership and time to death (defined as all-cause mortal-
ity). In Model 1, the association of the baseline state (i.e.
at the time of hospitalization) and time from hospitali-
zation to death was evaluated. Participants who did not
die within 30 days of hospitalization were censored at 30
days. Because records for deaths that occurred outside of
the hospital setting were available, it was not necessary to
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censor patients who were discharged alive. Model 2 was
a Cox-PH model with time-varying cluster assignments,
where a patient’s biomarker state membership has the
potential to change when new lab assessments are per-
formed on a given day during follow-up, but are other-
wise carried forward. Model 3 was a Cox-PH landmark
model in which the association between the state mem-
bership at the landmark time point and subsequent risk
of mortality was evaluated among patients who survived
up to the landmark and were not yet discharged at that
time [22, 23]. A landmark time of 7 days was chosen as it
is roughly the median length of stay for patients hospital-
ized with COVID-19 in the U.S. during the time period
under study [24] and is therefore a reasonable time point
to potentially update the information that informs sur-
vival prediction. Finally, an augmented landmark model,
Model 4, was fitted in which an additional binary covari-
ate was included for each state, indicating whether the
patient was ever in a given state between hospitalization
and the day prior to the landmark time. A summary of
the statistical analysis approach is given in Fig. 1.

The observed transitions between clusters, hospital
discharge, and death over time were calculated in unad-
justed analyses. Hazard ratios and corresponding 95%
confidence intervals were reported for each Cox-PH
model. All Cox-PH models were adjusted for age, sex,
race/ethnicity, body mass index (BMI) and presence of
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each of ten comorbidities (Supplemental Table 2, Addi-
tional File 1). These ten comorbidities include cancer,
chronic kidney disease, chronic liver disease, chronic
lower respiratory disease, dementia, heart disease, hyper-
tension, immune disorders, stroke, and type 2 diabetes.
These comorbidities were selected due to known asso-
ciations with in-hospital mortality from COVID-19 in
early studies from the UK and mainland China [25-27].
The predicted probability of death by 30 days from each
model was estimated using the Breslow estimator of the
baseline hazard function, which was then transformed
into the survival function based on estimated hazard
ratios. The discrimination of each Cox-PH model was
assessed through the concordance statistic, or c-statistic
[28-30]. Handling of missing data is summarized in the
Supplemental Methods (Additional File 2).

The statistical significance level was set as 0.05. All
analyses were conducted using R [31]. Survival models
were fit using the survival package in R [28, 30].

Results

Cohort characteristics

Demographic characteristics of study participants
overall and by death within 30 days, discharged and
alive within 30 days, and still in hospital at 30 days
after hospital admission, are provided in Table 1. As
expected, the proportions of males, individuals > 65
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Table 1 Demographic and clinical characteristics, by 30-day outcome category

No. (%)
Outcome category

Characteristic Total Death <30d Discharge <30d In hospital > 30d
Overall 12,942 (100) 1,198 (9.3) 11,152 (86.2) 592 (4.6)
Age at admission, y

18-49 3,944 (30.5) 61(5.1) 3,745 (33.6) 138 (23.3)

50-64 3,512(27.1) 191 (15.9) 3,113 (27.9) 208 (35.1)

>64 5486 (42.4) 946 (79.0) 4,294 (38.5) 246 (41.6)
Sex?

Male/Other 6,642 (51.3) 710(59.3) 5,568 (49.9) 364 (61.5)

Female 6,300 (48.7) 488 (40.7) 5,584 (50.1) 228 (38.5)
BMI, kg/m?

<25 2,782 (21.5) 364 (304) 2314(20 7) 104 (17.6)

>25and <30 3,572 (27.6) 309 (25.8) 02 (27.8) 161 (27.2)

>30 4,567 (35.3) 334(27.9) 4,004 (35.9) 229 (38.7)

Missing 2,021 (15.6) 191 (15.9) 1,732 (15.5) 98 (16.6)
Race/ethnicity?

Asian, non-Hispanic 464 (3.6) 32(.7) 402 (3.6) 30(5.1)

Black, non-Hispanic 1,518 (11.7) 130 (10.9) 1,309 (11.7) 79(13.3)

Hispanic 2,658 (20.5) 136 (11.4) 2,384 (214) 138 (23.3)

White, non-Hispanic 7,572 (58.5) 826 (68.9) 6,448 (57.8) 298 (50.3)

Other/Unknown 730 (5.6) 74 (6.2) 609 (5.5) 47 (7.9)
Comorbidities

0 5516 (42.6) 321 (26.8) 4,957 (44.4) 238 (40.2)

>1 7426 (57.4) 877 (73.2) 6,195 (55.6) 354(9.8)

@ Sex was categorized based on administrative data in the electronic health record. Participants who were assigned neither male nor female at birth were assigned to

the Male/Other category

b Race/ethnicity was categorized based on a combination of race and ethnicity data in the electronic health record. Individuals who reported more than one race were

classified as Other/Unknown

years of age, and individuals with one or more comor-
bidity were greater in the group of individuals who die
within 30 days of hospitalization or remain in hospi-
tal for at least 30 days than in the group of individu-
als who were discharged within 30 days. Summaries of
the distribution of the baseline (at the time of hospi-
talization) and peak (maximum during hospitalization)
laboratory values are provided in Supplemental Table 1
(Additional File 1). Comorbidity frequencies are given
in Supplemental Table 2 (Additional File 1). The over-
all median length of hospital stay was 5 days [mean
(standard deviation (SD)) = 8.5 (10.7), interquartile
range (IQR) =(3, 10)]. Among individuals who died
within 30 days, the median length of hospital stay was
8 days [mean (SD) = 9.9 (6.7), IQR = (4, 14)]. Among
individuals who were discharged within 30 days, the
median length of hospital stay was 5 days [mean (SD)
=6.4 (5.3), IQR = (3, 8)].

Biomarker state profiles

Six states were identified with distinct biomarker pro-
files, as summarized in Fig. 2. State 1 was character-
ized by relatively normal biomarker values; State 2 by
hematological abnormalities; State 3 by inflammatory
and hematological abnormalities; State 4 by meta-
bolic abnormalities; State 5 by kidney, hematologic
and metabolic abnormalities; and State 6 by metabolic,
cardio-thrombotic and liver abnormalities. The tran-
sition matrix summarizing transitions in biomarker
states between days in which at least one biomarker was
observed or hospital discharge or death was recorded
are provided in Supplemental Table 3 (Additional File
1). In total, 97,263 pairwise transitions were observed.
Individuals tended to remain in the same state from one
measured time point to the next, with State 5 having the
highest proportion of patients remaining in the same
state in a subsequent day. The proportion discharged
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Fig. 2 States defined by plasma biomarker profiles. Biomarker states identified using unsupervised learning and all timepoints with at least
one plasma biomarker measurement. A heatmap of all biomarkers by state is provided (A). Each state was characterized by a distinct

profile of biomarker abnormalities, including hematologic, inflammatory, metabolic, kidney, liver, and cardio-thrombotic (B). Over time

and during hospitalization, individuals transitioned between these six biomarker states, as described in Supplemental Table 3 (Additional File 1)

from State 1 was relatively high (19%) while the pro-
portion discharged from States 5 and 6 were low (4.6%
and 1.9%, respectively). Individuals in States 1 to 4 were
more likely to transition between these two states than
transition to States 5 and 6. The percentages transition-
ing from State 5 and 6 to death were 3.4% and 3.1%,
respectively, while the corresponding death rates were
between 0.2% and 1.3% for States 1 and 4, respectively.

Cox-PH models
The distribution of 30-day outcomes, stratified by bio-
marker state at baseline (i.e., time of hospitalization), are

Table 2 30-day outcomes, stratified by baseline biomarker state

summarized in Table 2. Among individuals who were in
State 1 at time of hospitalization, 5337/5636 (95%) were
discharged within 30 days while 174/5636 (3%) died
within 30 days. Among individuals in State 5 at hospi-
talization, only 610/901 (68%) were discharged while
242/901 (27%) died within 30 days. Similarly, among indi-
viduals in State 6 at hospitalization, 194/320 (61%) were
discharged while 79/320 (25%) died within 30 days.
Adjusted hazard ratios for the baseline (Model 1) and
time-varying (Model 2) Cox-PH models are shown in
Table 3. The increased hazard of death, after adjust-
ment for age, sex, race/ethnicity, BMI and presence of

No. (%)
Outcome category

Characteristic Total Death <30d Discharge <30d In hospital > 30d
State 1 5,636 174 (3.1) 5,337 (94.7) 125(2.2)

State 2 763 81(10.6) 654 (85.7) 28(37)

State 3 921 158(17.2) 738(80.1) 25(2.7)

State 4 3,280 422 (12.9) 2,614 (79.7) 244 (7.4)

State 5 901 242 (26.9) 610 (67.7) 49 (54)

State 6 320 79 (24.7) 194 (60.6) 47 (14.7)

Patients who did not have at least one lab measurement on the day of hospital admissions are excluded from this table (N=1,121)
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Table 3 Hazard ratios for association between biomarker state and death within 30 days using 4 modeling approaches

Hazard ratio (95% Confidence interval)

Augmented landmark model

State Baseline model Time-varying model Landmark model Day 0-6 Day 7

State 1 ref ref ref 0.75 (0.63,0.88) ref

State 2 2.76(2.12,3.60) 344 (2.56,4.62) 249(1.88,3.32) 0.96(0.77,1.18) 2.57(1.92,3.39)
State 3 3.50(2.80,4.37) 3.82(2.74,5.33) 3.93(2.94,5.23) 1.14(0.93,1.36) 4.28(3.07,5.79)
State 4 3.75(3.13,449) 6.83(5.17,9.02) 3.85(297,5.07) 1.23(1.03, 1.46) 473 (3.61,6.33)
State 5 640 (5.16,7.93) 12.83(9.49,17.34) 746 (5.64,10.04) 1.36 (1.07,1.74) 8.09 (6.00, 10.97)
State 6 7.82(5.96,10.26) 16.04 (11.29,22.79) 7.84(5.76,11.06) 1.24 (0.90, 1.67) 7.72 (5.60, 10.86)

Models are adjusted for age, sex, race/ethnicity, BMI, and presence of each of ten comorbidities (Supplemental Table 2, Additional File 1). The baseline model only
uses biomarker data measured on the day of hospital admission, whereas the time-varying model uses biomarker data that is updated on days with new laboratory
measurements. Patients who did not have at least one lab measurement on the day of hospital admission are excluded from the baseline model, but all patients are
included in the time-varying model from the day of their first laboratory measurement until their death or censoring. Landmark models are restricted to patients who
are alive and still hospitalized as of 7 days after hospitalization (N=5,193). A patient can belong to any of the 6 states at the landmark time (day 7), but can have been
in more than one of the other 5 states between hospitalization and the day before landmark (days 0-6)
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10 comorbidities, was statistically significantly greater
for all states [State 2, adjusted hazard ratio (aHR) = 2.78,
95% confidence interval (CI) = (2.12,3.62); State 3, aHR
= 3.50, 95% CI = (2.80,4.37); State 4, aHR = 3.74, 95% CI
= (3.12,4.48); State 5, aHR = 6.37, 95% CI = (5.12,7.93);
State 6, aHR = 7.80, 95% CI, (5.94,10.24)] as compared

to the referent state (State 1). The c-statistic of the base-
line model was 0.798 [95% CI: (0.786,0.807)]. The mag-
nitude of all adjusted hazard ratios was greater in the
time-varying model compared to the baseline model. The
baseline model (Model 1) estimated survival curves by
biomarker state at hospital admission are given in Fig. 3.
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Adjusted predicted probabilities of death within 30 days
by baseline biomarker state, age, sex and race/ethnic-
ity are given in Supplemental Table 4 (Additional File 1).
Predicted probabilities of death by 30 days ranged from
approximately 1% for males and females in the younger
age category (18-49 years) in State 1 to 43.5% in White/
non-Hispanic males > 65 years of age in State 6.

Results of fitting landmark models at 7 days after hos-
pitalization are given in Table 3. In total, N = 5,193 indi-
viduals were alive and still hospitalized seven days after
initial admission. The demographic and clinical char-
acteristics of patients, stratified by whether they were
included in the landmark models, are provided in Sup-
plemental Table 5 (Additional File 1). Among patients
who were excluded from the landmark models, the
median time to death was 4 days (IQR: 2-5). Among
patients who were included in the landmark models,
847 (16.3%) of whom died within 30 days following hos-
pitalization and the median time to death was 14 days
from admission (IQR: 10-20). Among these patients, the
aHRs for mortality for each biomarker state compared
to the referent state (State 1) were somewhat similar but
attenuated in magnitude compared to those of the base-
line model (Table 3). Augmenting the landmark model
with indicator variables for whether the patient was in a
given state prior to the landmark time did not substan-
tially change the aHRs for the state a patient was in at
the landmark time. However, having previously been in
State 1 was associated with a reduced hazard of death
[aHR = 0.75, 95% CI: (0.63,0.88)] while having previously
been in States 4 or 5 was moderately associated with an
increased hazard of death [State 4, aHR = 1.23, 95% CI
= (1.03,1.46); State 5, aHR = 1.36, 95% CI = (1.08,1.73)].
The augmented model did not appear to greatly improve
the concordance of the landmark model [Landmark
c-statistic = 0.762, 95% CI = (0.749,0.776); Augmented
landmark c-statistic = 0.768, 95% CI = (0.755,0.782)].
Estimated survival curves are presented for the landmark
model in Fig. 3 and for the augmented landmark model
in Fig. 4.

Discussion

Risk management in healthcare settings is a complex task
inevitably requiring early and regular clinical evaluation
and concurrent classification of patients into risk groups
[32]. This manuscript evaluated the value of plasma bio-
marker profiles measured at hospital admission and over
the course of hospitalization among individuals infected
with SARS-CoV-2, as an approach to risk stratification.
Leveraging the full spectrum of available data across
all individuals and observed time points, six biomarker
states were identified. While these states had overlapping
characteristics, they were defined by unique biomarker
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profiles. For example, both States 2 and 5 were charac-
terized by hematologic abnormalities (low HCT and low
hemoglobin) but individuals in State 5 also exhibited
metabolic (high anion gap) and kidney abnormalities (low
eGER, high creatinine and high BUN). State 1 was con-
sidered relatively healthy with normal biomarker values
and was treated as the referent state for statistical mod-
eling. All remaining states captured unique biomarker
profiles, including State 6, which was characterized by a
combination of metabolic, liver, and cardio-thrombotic
abnormalities. Groupings of biomarkers into categories
(e.g., metabolic, hematologic) was done only to enhance
interpretation of the findings, and did not impact the
analytic approach or results.

Compared to the referent state (State 1), each state at
the time of hospitalization was predictive of an increased
risk of mortality within a period of 30-days after adjust-
ment for demographic factors and comorbidities with
adjusted HRs ranging from 2.78 (State 2) to 7.80 (State
6). The estimated probability of death within 30 days
of hospitalization was particularly high in White/non-
Hispanic males > 65 years of age who were in State 6 at
baseline (estimated probability = 43.5%). The same esti-
mated probability of death was 7.0% among White/non-
Hispanic males > 65 years of age who were in State 1 at
baseline.

While individuals tended to remain in the same state
over time, transitions between states were also frequent.
Transition rates among States 1-4 ranged from 2.3%
(State 1 to State 3) to 15% (State 1 to State 4). Transitions
from State 6 to the other states ranged from 2% (State 6
to State 1) to 8% (State 6 to State 2). Nevertheless, land-
mark models that predict mortality rates conditional on
survival and continued hospitalization at one week after
hospital admission resulted in very similar aHRs, indi-
cating that differences in biomarker profiles at baseline
were similarly predictive of subsequent outcomes as
those based on measurements at the 7-day landmark.
The aHRs for the model consider biomarker states as a
time-varying covariate had aHRs that were substantially
greater than those of the baseline and landmark mod-
els, suggesting that an individual’s most recent state is a
stronger predictor of death than the state an individual
was in at the time of hospitalization.

The higher degree of association between time-varying
biomarker state and death may be a reflection of con-
current associations that capture changes in biomark-
ers resulting from the onset of severe outcomes, rather
than the opposite [33]. As such, any findings from the
time-varying model should be interpreted as associa-
tive, rather than causal. This is also due to the potential
of time-varying confounding inherent to a time-varying
Cox-PH model [34]. The analyses presented herein also
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Fig. 4 Augmented landmark model survival curves, by biomarker state at 7-day landmark and by prior state membership. Estimated survival

curves are presented for a patient who is age 18-49, White (non-Hispanic), has BMI < 25, has none of the 10 comorbidities adjusted for in the model,
and is alive and not discharged by day 7 after hospital admission. Model estimates are obtained from the augmented landmark model. The solid
curve within each panel corresponds to a patient who was in a given state at the landmark time and did not belong to any of the other states
between days 0 and 6. The dashed lines within each panel correspond to a patient who was in a given state at the landmark time, but belonged

to a different given state at some point between days 0 and 6 (as indicated by the color of the dashed line). For example, the solid orange line

in panel (5) corresponds to a patient who was always in State 5 from hospital admission until the landmark time. The red dashed line in panel

(5) corresponds to a patient who was in State 1 at some point between days 0 and 6 and was in State 5 at day 7 (but not in any other states
besides those two). For visual clarity, 95% confidence intervals are only provided for the survival curve corresponding to a patient who was in the
same state from hospital admission until the landmark time (i.e., the solid curve)

do not account for the impact of vaccinations or repeat
infections. The time frame for data capture does cover
periods in which vaccinations were available (Decem-
ber 2020-November 2021) and it is therefore expected
that at least some of the individuals studied were vacci-
nated, and understanding how to best treat patients with
COVID-19 who are likely to have some level of immunity
against SARS-CoV-2 is essential [24].

Missing data is a ubiquitous challenge when conduct-
ing retrospective analyses of EHR that manifests in many
ways [35, 36]. Because not every biomarker was meas-
ured every day, we used K-POD to account for miss-
ing biomarker measurements when defining biomarker
states. Further, determining disease status based solely

on the presence of a diagnostic (e.g. ICD-10) code, and
assuming that patients without the diagnostic code do
not have the comorbidity, can often lead to bias [37]. To
address this, of patients without the diagnostic code, we
sought to distinguish between patients with missing data
(less frequent healthcare encounters over the prior year)
and patients who truly do not have the disease (more
frequent encounters), and multiply imputing only the
comorbidity data that was truly missing.

The study is subject to some limitations, including
challenges related to missing data. Patients who devel-
oped COVID-19 but did not have confirmed SARS-
CoV-2 infection were excluded from this analysis. Death
records obtained from EHR and from the Massachusetts
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Registry of Vital Records and Statistics may not encom-
pass all deaths that occurred within 30 days, especially if
patients were transferred to a different hospital outside of
the MGB catchment system or died out-of-state. Another
limitation of the present study is that the study popula-
tion is from a single hospital system, and so the findings
may not be completely generalizable to other populations.
The study findings may also be sensitive to the choice of
comorbidities and how they were defined, but we believe
the ten comorbidities selected are likely to capture most of
the variability in COVID-19 mortality due to comorbidity
burden. Mean lab values were used if multiple labs were
reported on a single day in order to achieve dimension
reduction of the data to the day-level, but it is possible that
information regarding extreme values is lost in the process.
Finally, cross-validation was not performed, but we do not
anticipate that the estimated concordance of the various
models are substantially inflated due to the large study
sample size. Relatedly, the proportional hazards assump-
tion was not checked; however, given the large sample size,
hypothesis tests in this setting may detect proportional
hazards assumptions that are not meaningful [38].

Conclusions

The significant associations between baseline biomarker
states and mortality, after adjustment for demographic
and clinical features, suggest biomarker profiles at time of
hospitalization may help to define clinically relevant risk
sets. In turn, these risk sets can be used to inform clini-
cal decisions, potential interventions, and allocation of
scarce resources, and ultimately could serve as stratifica-
tion criteria for clinical trials.
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