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Summary
Background Although acute cardiac injury (ACI) is a known COVID-19 complication, whether ACI acquired during
COVID-19 recovers is unknown. This study investigated the incidence of persistent ACI and identified clinical pre-
dictors of ACI recovery in hospitalized patients with COVID-19 2.5 months post-discharge.

Methods This retrospective study consisted of 10,696 hospitalized COVID-19 patients from March 11, 2020 to June
3, 2021. Demographics, comorbidities, and laboratory tests were collected at ACI onset, hospital discharge, and 2.5
months post-discharge. ACI was defined as serum troponin-T (TNT) level >99th-percentile upper reference limit
(0.014ng/mL) during hospitalization, and recovery was defined as TNT below this threshold 2.5 months post-dis-
charge. Four models were used to predict ACI recovery status.

Results There were 4,248 (39.7%) COVID-19 patients with ACI, with most (93%) developed ACI on or within a day
after admission. In-hospital mortality odds ratio of ACI patients was 4.45 [95%CI: 3.92, 5.05, p<0.001] compared to
non-ACI patients. Of the 2,880 ACI survivors, 1,114 (38.7%) returned to our hospitals 2.5 months on average post-
discharge, of which only 302 (44.9%) out of 673 patients recovered from ACI. There were no significant differences
in demographics, race, ethnicity, major commodities, and length of hospital stay between groups. Prediction of ACI
recovery post-discharge using the top predictors (troponin, creatinine, lymphocyte, sodium, lactate dehydrogenase,
lymphocytes and hematocrit) at discharge yielded 63.73%-75.73% accuracy.

Interpretation Persistent cardiac injury is common among COVID-19 survivors. Readily available patient data accu-
rately predict ACI recovery post-discharge. Early identification of at-risk patients could help prevent long-term cardio-
vascular complications.
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Introduction
Acute cardiac injury (ACI) is a major complication of
coronavirus disease 2019 (COVID-19)1�3 and has been
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associated with elevated risk of critical illness and
mortality.4,5 The virus responsible for COVID-19, severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-
2), could directly cause ACI1-3,6,7 because heart muscle
has high density of angiotensin-converting enzyme 2
(ACE2) receptors through which SARS-CoV-2 virus
enters cells.8 Systemic hypoxia, acute respiratory dis-
tress syndrome, hypercoagulation, hypotension, shock,
sepsis, inflammation, cytokine storm, and other host-
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Research in context

Evidence before this study

Acute cardiac injury (ACI) is a major complication of
coronavirus disease 2019 (COVID-19). However, the inci-
dence of persistent cardiac injury during and beyond
hospitalization as well as the predictors of ACI recovery
post hospital discharge are unknown.

Added value of this study

ACI incidence rate was 39.7% among hospitalized
patients, with an in-hospital mortality odds ratio of 4.45.
For those who survived and returned to our hospital
system for follow-up care, 55.8% exhibited persistent
cardiac injury 2.5 months (on average) after hospitaliza-
tion from COVID-19. Troponin, creatinine, lymphocytes
and sodium at discharge were the top predictors of ACI
recovery at 2.5 months post discharge, yielding 63.73%
to 75.73% prediction accuracy.

Implications of all the available evidence

Our findings suggest ACI is an important marker of
future adverse outcomes in COVID-19. Awareness for
cardiovascular complications is warranted when ACI is
detected as cardiovascular prevention may be of lower
priority given the urgency in treating SARS-CoV-2 infec-
tion. The ability to identify patients at-risk of persistent
ACI early on could enable appropriate follow-up care to
prevent long-term cardiac complications.
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immune responses from COVID-19 complications
could also contribute to ACI.1-3,6,7

Although ACI associated with COVID-19 has been
documented,1-3,6-12 it is unknown whether COVID-19
ACI is transient or whether it has long-lasting effects,
and what clinical variables are useful in predicting ACI
recovery. Data on medium and long term ACI outcomes
are generally lacking. There is direct evidence that
SARS-CoV-2 causes persistent systemic infection and
injury in the body in general for months.13 It is impor-
tant to identify early on which COVID-19 patients will
likely have persistent ACI such that appropriate follow-
up care could be administered to prevent heart failure
and other cardiovascular complications.

The goal of this study was thus to investigate
whether ACI persisted among COVID-19 survivors and
to identify predictors of ACI outcome at 2.5 months fol-
lowing hospital discharge. We analyzed demographic
data, comorbidities, vital signs, and laboratory tests at
ACI onset, hospital discharge, and 2.5 months post dis-
charge of patients in the Montefiore Health System in
the Bronx environs. Four predictive models were used
to identify the best predictors hospital discharge that
accurately predict ACI recovery status 2.5 months post
hospital discharge from COVID-19.
Methods

Ethics
This study was approved by the Einstein-Montefiore
Institutional Review Board (#2020-11389) with a waiver
for informed consent due to the retrospective, observa-
tional nature of this study with de-identified patient
data.
Data source
All data originated from the Montefiore Health System,
one of the largest healthcare systems in New York City
located in the Bronx, the lower Hudson Valley, and
Westchester County. The Montefiore Health System
serves a large, low-income, and racially and ethnically
diverse population in the Bronx environs that was hit
hard by COVID-19 early in the pandemic.14,15 Health
data were searched and extracted as described
previously.15,16 In short, de-identified data were made
available for research by the Montefiore Einstein Center
for Health Data Innovations after standardization to the
Observational Medical Outcomes Partnership (OMOP)
Common Data Model (CDM) version 6. OMOP CDM
represents healthcare data from diverse sources, which
are stored in standard vocabulary concepts,17 allowing
for the systematic analysis of disparate observational
databases, including data from the electronic medical
record system, administrative claims, and disease classi-
fications systems (e.g., ICD-10, SNOWMED, LOINC,
etc.). ATLAS, a web-based tool developed by the Obser-
vational Health Data Sciences and Informatics (OHDSI)
community that enables navigation of patient-level,
observational data in the CDM format, was used to
search vocabulary concepts and facilitate cohort build-
ing. Data were subsequently exported and queried as
SQLite database files using the DB Browser for SQLite
(version 3.12.0).
Study population
From March 11, 2020, to June 3, 2021, there were a total
of 258,999 hospitalized patients in the Montefiore
Health System (Figure 1). Of all hospitalized patients,
110,838 had tests for SARS-CoV-2 infection of which
10,696 had positive tests during or before hospitaliza-
tion. Patients were considered to have ACI if they had a
serum troponin T (TNT) level above the 99th percentile
upper reference limit (0.014 ng/mL) any time during
hospitalization.3,18-20 Recovery from ACI was defined as
TNT dropping below this TNT threshold (for survivors
only). Patients who were younger than 18 years old or
without TNT data were excluded.
Clinical variables
Demographics, chronic comorbidities, vital signs and
laboratory tests were collected. Demographic data
www.thelancet.com Vol 76 Month February, 2022



Figure 1. Flowchart of hospitalized COVID-19 patients in the
Montefiore Health System who recovered and who did not at
2.5 months post discharge (March 11, 2020 to June 3, 2021).
ACI: acute cardiac injury.
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included age, gender, race and ethnicity. Race/ethnicity
were based on patient self-identification and categorized
as Hispanic, non-Hispanic Black, non-Hispanic White,
Asian, other (comprising non-Hispanic patients indicat-
ing their race as multiple selected, American Indian or
Alaska Native, or some other race), or unknown/
declined. Chronic comorbidities included essential
hypertension, asthma, chronic obstructive pulmonary
disease (COPD), stroke, type-1 diabetes, type-2 diabetes,
chronic kidney disease, coronary artery disease, heart
failure, and liver disease. Vital signs including heart
rate, temperature, respiratory rate, and oxygen satura-
tion were collected at ACI onset, discharge, and 2.5
months after discharge. Laboratory values included ala-
nine aminotransferase (ALT), aspartate aminotransfer-
ase (AST), brain natriuretic peptide (BNP), C-reactive
protein (CRP), creatine kinase (CK), creatinine (Cr), D-
dimer (DD), ferritin, hematocrit, potassium, sodium,
lactate dehydrogenase (LDH), lymphocytes, troponin T
(TNT), and white blood cell (WBC) count at ACI onset,
discharge, and 2.5 months after discharge (mean:
71.5 days, median: 36 days, ranging from 14-380 days).
Predictive models
Predictive models were constructed to predict ACI
recovery from ACI onset and at 2.5 months post dis-
charge (primary outcomes) using Classification and
Regression Trees (CART), Random Forest (RF), Neural
Networks (NN) and Logistic Regression. BNP and ferri-
tin were not used in our predictive models due to
www.thelancet.com Vol 76 Month February, 2022
significant number of missing data (>80% missing).
For the rest of the laboratory variables, missing data
were <15% and were imputated using the median. The
inputs to the predictive models included demographics,
comorbidities, and clinical variables at ACI onset (or up
to 2 days later) and at hospital discharge (up to 4 days
prior).

The CART algorithm,21,22 is based on the Recursive
Partitioning and Regression Trees (RPART), which
works by repeatedly partitioning the data into multiple
sub-spaces such that the outcomes in each final class
are as homogeneous as possible. First a single predictor
is found which best splits the training data into two sub-
groups. The dataset is separated, and then this process
is applied separately to each subgroup, and so on recur-
sively until there no improvement can be made. To eval-
uate the performance of the CART model, we used
k-Fold Cross-Validation with k=10. Lastly, the CART
tree was pruned using a tune length and cross valida-
tion of 10.

Breiman’s RF algorithm23 aggregates the predictions
made by multiple decision trees. Each tree in the forest
is trained on a subset of our training set which called
the boot strapped set or in-bag set. The RF model then
analyzes each feature and reveals the importance of the
feature in predicting the correct classification of the ran-
dom forest machine learner.

NN24 uses a fully connected feed-forward neural net-
work with one hidden layer consisting of three neurons
implemented in the neural net package. Logistic func-
tion and ‘cross entropy’ loss function are utilized. For
feature importance analysis and feature selection, Gar-
son function in ‘NeuralNetTools’ library is used. To
avoid overfitting, the top 9 features in the RF model is
used.

As a benchmark, logistic regression analysis was also
performed with the same top 9 features selected by RF.
We first found the best subset out of the top 9 features
from RF and inputted those variables into the model.
We used the simplest feed-forward neural network
model with no hidden layer, often referred to as the
‘perceptron’, and used a ‘logistic’ activation function
and ‘cross entropy’ loss function, that is, the negative
log likelihood function.
Statistical analysis
Statistical analysis was performed using R (https://
www.R-project.org). Group comparisons (recovery vs
non-recovery) of categorical variables were performed
using the Chi-squared test. Group comparison of con-
tinuous variables in medians and interquartile ranges
(IQR) were performed using the Wilcoxon test. All pre-
dictive models employed 80% training data and 20%
testing with ten-fold cross validation (except logistic
regression), implemented in R. In-hospital mortality
odds ratio was adjusted for age, sex and significant
3
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Recovery(n=302) Non-recovery(n=371) p-value

Demographics

Age, median (IQR) 71 (59, 80) 71 (61, 80) 0.813

Female sex, n (%) 176 (58%) 195 (53%) 0.160

Race, n (%) 0.161

White 26 (9%) 52 (14%)

Black/African American 132 (44%) 135 (36%)

Asian 8 (3%) 7 (2%)

Other Pacific Islander 0 1 (0.3%)

Patient declined 4 5 (1%)

Other 132 (44%) 171 (46%)

Ethnicity, n (%) 0.732

Hispanic 127 (42%) 162 (44%)

Non-Hispanic 175 (58%) 209 (56%)

Comorbidities, n (%)

Type-1 Diabetes 17 (6%) 11 (3%) 0.127

Type-2 Diabetes 112 (37%) 144 (39%) 0.704

Hypertension 137 (45%) 174 (47%) 0.749

Asthma 26 (9%) 30 (8%) 0.917

COPD 13 (4%) 30 (8%) 0.066

Coronary artery disease 62 (21%) 80 (22%) 0.817

Chronic kidney disease 67 (22%) 68 (18%) 0.252

Liver disease 9 (3%) 16 (4%) 0.481

Stroke 30 (10%) 43 (12%) 0.574

Heart failure 91 (30%) 114 (31%) 0.934

Length of hospital stay, median (IQR) 8 (4, 16) 8 (5, 13) 0.289

Table 1: Demographics and comorbidities of patients who recovered vs not recovered from cardiac injury 2.5 months after hospital
discharge from COVID-19. Group comparisons (recovery vs non-recovery) of categorical variables were performed using the Chi-squared
test. Group comparison of continuous variables in medians and interquartile ranges (IQR) were performed using the Wilcoxon test. A p-
value < 0.05 was considered statistically significant.
Abbreviations: IQR, interquartile range. COPD, chronic obstructive pulmonary disease.
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comorbidities between ACI and non-ACI group. A p-
value < 0.05 was used to indicate statistical significance
unless otherwise specified.
Role of funding source
The authors declare no sources of funding and thus no
funders had any influence in study design, data collec-
tion, data analyses, interpretation, or writing of the
research.
Results
Of the 10,696 hospitalized patients with COVID-19,
there were 4,248 (incidence rate of 39.7%) patients with
ACI. Most (92.5%) ACI onset occurred on the day of or
one day after hospital admission. The unadjusted in-
hospital mortality rate was 32.2% for ACI COVID-19
patients compared to 13.8% of non-ACI COVID-19
patients and the adjusted odds ratio was 4.45 [95% CI:
3.92, 5.05, p<0.001]. Of the 2,880 ACI COVID-19 survi-
vors, 1,114 (38.7%) returned to our hospital system 2.5
months (mean: 71.5 days, median: 36 days, ranging
from 14 to 380 days) post discharge. After excluding
patients < 18 yo and missing data, there were 673
patients in our final cohorts for 2.5 months follow up, of
which only 302 (45%) recovered from ACI.

Table 1 summarizes the demographics and comor-
bidities stratified by recovery and non-recovery status.
There was no significant difference in age, gender, race,
ethnicity, comorbidities, and length of hospitalization
between the two groups (p>0.05, Chi-squared test).

Table 2 summarizes the vital signs, laboratory values
at ACI onset, hospital discharge, and 2.5 months post
discharge stratified by the recovery and non-recovery
cohorts.

At ACI onset: Compared to recovery patients, non-
recovery patients displayed higher levels of creatinine,
hematocrit, TNT, and BNP (p<0.05 for all, Wilcoxon
test), but not CK, ALT, AST, CRP, DD, ferritin, potas-
sium, LDH, lymph, sodium, WBC, heart rate, tempera-
ture, respiratory rate, and oxygen saturation (p>0.05 for
all, Wilcoxon test).

At discharge: Compared to recovery patients, non-
recovery patients displayed higher levels TNT and BNP
(p<0.05 for both, Wilcoxon test). Non-recovery patients
www.thelancet.com Vol 76 Month February, 2022



At ACI onset At hospital discharge At 2.5 months post discharge

Recovery
(n=492)

Non-recovery
(n=622)

p-value Recovery
(n=302)

Non-recovery
(n=371)

p-value Recovery
(n=302)

Non-recovery
(n=371)

p-value

Laboratory values, median, (IQR)

Troponin T ng/mL 0.03 (0.02, 0.06) 0.06 (0.03, 0.16) <0.001 0.02 (0.02, 0.05) 0.06 (0.03, 0.15) <0.001 0.1 (0.1, 0.1) 0.07 (0.03, 0.15) <0.001

Brain natriuretic peptide, pg/mL 228 (63, 804) 916 (201, 4191) <0.001 67 (18, 264) 604 (173, 3001) 0.004 60 (25, 175) 775 (178, 2599) <0.001

Creatine kinase, U/L 136 (72, 338) 125 (72, 263) 0.372 103 (47, 214) 107 (59, 244) 0.225 71 (38, 139) 93 (50, 179) <0.001

Alanine aminotransferase, U/L 23 (15, 41) 20 (14, 31) 0.050 24 (15, 41) 21 (13, 36) 0.166 17 (11, 29) 20 (13, 35) 0.011

Aspartate aminotransferase, U/L 32 (21, 53) 28 (20, 45) 0.086 29 (20, 43) 26 (20, 43) 0.594 22 (20, 31) 27 (20, 43) <0.001

C-reactive protein, mg/dL 8 (2, 19) 6 (2, 14) 0.117 1.0 (0.8, 1.6) 3.9 (1.2, 8.0) 0.093 3.7 (0.6, 12.4) 7.2 (2.4, 13.9) 0.027

Creatinine mg/dL 1.2 (0.9, 2.1) 1.8 (1.1, 4.6) <0.001 3.2 (1, 6.7) 1.4 (0.9, 4.2) <0.001 1.1 (0.8, 1.6) 1.9 (1.1, 4.4) <0.001

D-dimer, ug/mL 1.6 (0.9, 3.2) 2.0 (1.0, 3.6) 0.072 1.5 (0.7, 2.8) 1.6 (0.8, 3.0) 0.218 1.3 (0.8, 2.2) 2.7 (1.4, 5.9) <0.001

eGFR mL/min 44 (12, 67) 23 (8, 49) <0.001 51 (16, 70) 32 (8, 61) <0.001 63 (24, 82) 23 (8, 53) <0.001

Ferritin, ng/mL 657 (236, 1229) 561 (178, 1441) 0.662 483 (222, 813) 542 (172, 1046) 0.759 491 (130, 1425) 796 (333, 1872) 0.119

Hematocrit, vol % 38 (33, 42) 35 (30, 41) 0.007 34 (29, 38) 32 (28, 37) 0.019 35 (30, 40) 33 (28, 38) 0.001

Potassium, mEq/L 4.3 (3.9, 4.8) 4.4 (3.9, 4.9) 0.625 4.2 (3.8, 4.6) 4.2 (3.9, 4.7) 0.726 4.2 (3.8, 4.7) 4.2 (3.8, 4.9) 0.644

Lactate dehydrogenase, U/L 351 (245, 499) 312 (251, 422) 0.061 296 (222, 427) 308 (239, 404) 0.333 318 (224, 381) 336 (247, 500) 0.143

Lymphocytes, x109/L 14 (8, 22) 13 (9, 20) 0.574 21 (14, 29) 18 (12, 25) 0.003 20 (12, 28) 15 (9, 21) <0.001

Sodium, mEq/L 138 (135, 141) 137 (134, 141) 0.690 138 (136, 141) 138 (135, 141) 0.301 138 (136, 141) 138 (135, 141) 0.206

White blood cell count, x109/L 8 (6, 11) 8 (6, 11) 0.254 7 (5, 9) 7 (5, 10) 0.211 8 (6, 10) 8.8 (6.1, 12.2) <0.001

Vital signs, median (IQR)

Heart Rate, beats/min 97 (96, 99) 97 (96, 99) 0.706 98 (96, 99) 98 (97, 99) 0.659 98 (97, 99) 98 (96, 99) 0.046

Temperature, F 98.4 (98, 99.1) 98.4 (98.0, 99.2) 0.774 98.1 (97.9, 98.4) 98.1 (97.8, 98.3) 0.639 98.2 (97.9, 98.5) 98.2 (97.9, 98.6) 0.873

Respiratory Rate, breath/min 18 (18, 19) 18 (18, 19) 0.678 18 (18, 19) 18 (18, 19) 0.810 18 (18, 20) 19 (18, 20) 0.511

Oxygen saturation, % 98 (96, 99) 98 (96, 99) 0.505 98 (96, 99) 98 (97, 99) 0.659 98 (96, 99) 98 (97, 99) 0.093

Table 2: Vital signs and lab values presented at ACI onset, at hospital discharge, and 2.5 months after hospital discharge from COVID-19 stratified by recovery and non-recovery from ACI. Group
comparisons (recovery vs non-recovery) of categorical variables were performed using the Chi-squared test. Group comparison of continuous variables in medians and interquartile ranges (IQR) were
performed using the Wilcoxon test. A p-value < 0.05 was considered statistically significant. Abbreviations: ACI, acute cardiac injury, eGFR, estimated glomerular filtration rate, IQR, interquartile
range. Troponin, brain natriuretic peptide and creatine kinase are cardiac variables and are listed first.
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Figure 2. Histograms of TNT level (a) at ACI diagnosis, (b) at dis-
charge, (c) at 3 months post discharge, and (d) changes in TNT
between 3 months post discharge and discharge separated by
patients who recovered from ACI (blue) and those who did not
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also had lower levels of creatinine, hematocrit, and lym-
phocyte counts (p<0.05 for all, Wilcoxon test), but not
CK, ALT, AST, CRP, DD, ferritin, potassium, LDH,
sodium, WBC, heart rate, temperature, respiratory rate,
and oxygen saturation (p>0.05 for all, Wilcoxon test).

At 2.5 months post discharge: Compared to recovery
patients, non-recovery patients displayed higher levels
of TNT, BNP, CK, ALT, AST, CRP, creatinine, D-dimer,
WBC (p<0.05 for all, Wilcoxon test) and lower heart
rate, hematocrit, and lymph, (p<0.05 for all, Wilcoxon
test). Ferritin, potassium, LDH, sodium, temperature,
respiratory rate, and oxygen saturation were not statisti-
cally different between groups (p>0.05 for all, Wilcoxon
test). Note that Cr was elevated in the non-recovery
group compared to recovery group at 2.5 months post
discharge but not at ACI diagnosis and discharge. Simi-
larly, eGFR was lower in the non-recovery group com-
pared to recovery group at 2.5 months post discharge
but not at ACI diagnosis and discharge.

We further analyzed the TNT level in detail at ACI
diagnosis, at hospital discharge, at 2.5 months post dis-
charge, and changes in TNT between post discharge
and hospital discharge stratified by patients who recov-
ered from ACI and those who did not (Figure 2). At
diagnosis, non-recovery group had more patients with
higher TNT compared to the recovery group, except the
lowest TNT level. At discharge, there were fewer
patients at higher TNT levels overall, and the non-recov-
ery and recovery group were more similar at each TNT
bin. At 2.5 months post discharge, only the non-recovery
group had significantly elevated TNT. The differences
between 2.5 months post discharge and discharge
showed that most non-recovery group increased in TNT
level, whereas the recovery group showed either no
worsening or reduced TNT level.
(orange).
Predicting ACI recovery
Figure 3a shows the CART prediction of ACI recovery
using data at hospital discharge. The top predictors were
TNT, Cr, Na, LDH during the index admission. The first
split was TNT value � 0.028 ng/mL. Patients were fur-
ther split based on Cr � 0.96 mg/dL, Na<138 mEq/L,
LDH � 211 U/L, and Na � 140 mEq/L. The model
yielded an accuracy of 70.66§2.37%, sensitivity of
65.63§7.93%, and specificity of 74.34§4.26% on an
independent “test” dataset.

The RF model found the top predictors to be TNT,
Cr, Lymph, Hcrit, Na, and LDH in order of importance
(Figure 3b). This model had an accuracy of 72.07§
2.79%, sensitivity of 66.27§4.76%, and specificity of
77.32§3.98% on an independent “test” dataset.

The neural network model ranked the top predictors
to be TNT, Cr, Lymph, LDH, Na, Hcrit in order of
importance (Figure 3c). This model yielded an accuracy
of 75.73§3.61%, sensitivity of 67.96§3.28%, and speci-
ficity of 75.99§4.57% on an independent “test” dataset.
The logistic regression found the top predictors to be
Cr and Lymph (in order of importance). This model
yielded an accuracy of 63.73§3.30%, sensitivity of
52.09§6.61%, specificity of 72.72§6.47%.

Table 3a summarizes the top ACI predictors and
their performance metrics using data at hospital dis-
charge for all models. Overall, all models yielded remark-
ably similar top ACI predictors with TNT, creatinine,
lymphocytes and sodium generally being the top predic-
tors. The accuracy ranged from 63.73% to 75.73%. None
of the comorbidities and vital signs were highly ranked.
Potassium was also not highly ranked. Similarly, we
also performed prediction using data at ACI onset
(Table 3b). The top ACI predictors were less similar
across different models, but common predictors none-
theless included D-dimer, creatinine, LDH, TNT, and
CRP. The accuracy ranged from 61.19% to 74.79%,
which were lower than of those using data at hospital
discharge.
www.thelancet.com Vol 76 Month February, 2022



Figure 3. Predictive models at discharge using CART, Random Forest and neural network at discharge. For CART, R: recovery, NR:
non-recovery. In the CART panel, the % within the box indicates % of total patients that arrived at each leaf, and the fractions within
the box panel indicate actual non-recovery (right) and recovery (left). HR: heart rate.

(a) Prediction of recovery using data at discharge
Models Top predictors at discharge Accuracy Sensitivity Specificity

CART TNT, Cr, Na, LDH 70.66% § 2.37% 65.63% § 7.93% 74.34% § 4.26%

RF TNT, Cr, Lymph, Hcrit, Na, LDH 72.07% § 2.79% 66.27% § 4.76% 77.32% § 3.98%

NN TNT, Cr, Lymph, LDH, Na, Hcrit 75.73% § 3.61% 67.96% § 3.28% 75.99% § 4.57%

Logistic Cr, Lymph 63.73% § 3.30% 52.09% § 6.61% 72.72% § 6.47 %

(b) Prediction of recovery using data at ACI onset
Models Top predictors at ACI onset Accuracy Sensitivity Specificity

CART DD, Cr, LDH 69.04% § 2.36% 59.88% § 5.24% 76.19% § 6.50%

RF LDH, DD, TNT, CRP, Cr, Hcrit 71.41% § 4.18% 61.73% § 7.01% 80.02% § 4.63%

NN TNT, LDH, Cr, DD, CRP 74.79% § 2.52% 64.65% § 5.85% 74.51% § 8.05%

Logistic Cr, CRP 61.19% § 4.16% 55.18% § 8.21% 66.70% § 7.99%

Table 3: Top predictors of ACI recovery and performance metrics predicted using data at (A) hospital discharge and (B) ACI onset. DD: D-
dimer, RR: respiratory rate, HCRIT: hematocrit, CKD: chronic kidney disease. Values are in mean § standard deviation.

Articles
Temporal progression of top predictors
Figure 4 shows the time courses of the top predictors at
ACI onset, hospital discharge, and 2.5 months post dis-
charge separated by recovery and non-recovery status.
In the recovery group, TNT, Cr, and D-dimer were gen-
erally low (less severe) at ACI onset and generally
improved at discharge and 2.5 months post discharge,
in marked contrast to the non-recovery group which
showed these markers to be generally high at ACI onset
and worsened or did not improve at discharge and 2.5
months post discharge. Sodium in both groups
increased with time in both groups. Lymphocyte counts
improved at later time points and were also higher (less
severe) in the recovery group at discharge and 2.5
months after discharge, in contrast to the non-recovery
group. CRP and LDH were significantly lowered with
time in the recovery group although they were higher at
ACI onset, in contrast to the non-recovery group which
did not decrease with time.
www.thelancet.com Vol 76 Month February, 2022
Discussion
This study investigated the incidence of persistent acute
cardiac injury following COVID-19 and characterized
the clinical variables that contributed to persistent car-
diac injury in COVID-19 patients 2.5 months after hos-
pital discharge. A significant number of COVID-19
patients developed ACI, typically on or within a day after
admission. The risk of in-hospital mortality for ACI
patients was 4.45 compared to non-ACI patients. Of the
ACI survivors who returned to our hospital, only 44.2%
fully recovered from ACI. There were no significant dif-
ferences in demographics, race, ethnicity, major com-
modities, and length of hospital stay between groups.
Prediction of ACI recovery at 2.5 months post-discharge
using hospital discharge data were more accurate and
more consistent across models than that using data at
ACI diagnosis. Prediction of ACI recovery at 2.5 months
post-discharge using the top predictors (troponin, creati-
nine, lymphocyte, sodium, lactate dehydrogenase,
7



Figure 4. Bar charts of top predictors of ACI at ACI diagnosis, hospital discharge and 2.5 months post discharge. Sample sizes are
shown for each group with error bars as standard errors. This figure highlights some top predictors in graphical forms with statistical
tests for these variables provided in Table 1.
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lymphocytes and hematocrit) at hospital discharge
yielded 63.73% to 75.73% accuracy across four predictive
models.

ACI incidence and onset: Our ACI incidence rate was
39.7% among hospitalized COVID-19 patients in the
Montefiore Health System. Two meta-analysis reviews
of COVID-19 data mostly from China reported ACI inci-
dence of 16.1�23.8%10 and 21.2%.12 A study from the
United States reported ACI incidence of 23%.11 The
higher incidence rate in our cohort could be due to dif-
ferences in race, ethnicity, socioeconomic status, among
others. Our cohort in particular consisted of a large pop-
ulation of African American and Hispanic patients, and
many were of lower socioeconomic status. Our adjusted
mortality odds ratio was 4.45 among hospitalized
COVID-19 patients in the Bronx environs, consistent
with a previous study that found an adjusted OR to be
6.93 in COVID-19 patients with ACI.25 Although the
incidence and mortality rates among COVID-19
patients with ACI are generally higher than the general
COVID-19 population without ACI1-3,6,7 comparison
studies controlling for race, ethnicity, among others are
needed.

The majority of COVID-19 patients developed ACI
very early on. There are no prior studies with which to
compare. Heart muscle has a high density of ACE2
receptors through which SARS-CoV-2 virus enters cells
8. ACI could result from the primary effects of SARS-
CoV-2. In contrast, other complications of COVID-19,
such as acute kidney injury,26,27 and acute liver injury28

occur later in the clinical disease course, which could
more likely arise from secondary effects of COVID-19
(i.e., systemic hypoxia, acute respiratory distress syn-
drome, hypotension, shock, sepsis, and host-immune
responses) and/or therapeutic treatments of COVID-
19.29,30 These secondary effects of COVID-19 could also
contribute to ACI and its recovery.31�33

Laboratory variables: This study was enabled by the
large number of patients (38.7%) in our catchment area
returning to our health system for follow-up care. Of
those who returned, only 44.2% of patients recovered
from ACI, suggesting myocarditic process lingers at
www.thelancet.com Vol 76 Month February, 2022
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least 2.5 months on average among hospitalized
COVID-19 survivors, although it is possible that this
cohort is more likely to have post-acute sequela than the
general COVID-19 survivors.

We found no differences in age, race, ethnicity,
major comorbidities, and length of hospitalization with
respect to ACI recovery status. With few exceptions
(TNT, BNP, Cr, and Hcrit), most of the laboratory varia-
bles were also not statistically different between groups
at diagnosis and at hospital discharge. However, many
variables were markedly different between groups at 2.5
months post discharge, with the recovery cohort gener-
ally showing lower levels of many COVID-19 related lab-
oratory values. Most of these variables have been
associated with worse COVID-19 outcomes.34,35 Nota-
bly, the recovery group had lower TNT at ACI diagnosis
and showed marked improvement in TNT at 2.5
months after discharge, in marked contrast to the non-
recovery group. The differences between the two time
points showed that the non-recovery group had
increased TNT level, whereas the recovery group had
either no worsening or reduced TNT level. Non-recovery
patients had lower immunologic response but more car-
diorenal involvement. It is not unexpected that chronic
kidney disease and creatinine were lower in the recovery
group because TNT is renally cleared, and thus the lack
of ACI recovery is likely a marker of concomitant renal
injury.36 These findings suggest early clinical variables
can be used as predictors of ACI recovery status. The
temporal progressions of laboratory variables further
supported the notion that these laboratory variables
could be predictive of ACI recovery.

Predictive models: It is challenging to interpret the
large arrays of clinical data and thus we built predictive
models to identify top predictors of ACI recovery. Using
the discharge data, different predictive models of ACI
recovery consistently identified the top predictors to be
TNT, creatinine, lymphocyte, sodium, and LDH. Tropo-
nin T is known to be associated with worse cardiovascu-
lar outcomes and a predictor of newly developed heart
failure, coronary heart disease, and general risk for
worse cardiovascular outcomes.37�39 Note that elevated
TNT is a marker of acute cardiac injury, not of chronic
heart disease. Although it is used as a definition of ACI,
TNT levels at earlier time points could be used to predict
outcome at 2.5 months post discharge and thus the
inclusion of TNT in the model is not circular. Creati-
nine, a marker of acute kidney injury, has been associ-
ated with severe COVID-19.40,41 Reduced lymphocyte
count, a marker of altered immunological response, has
been associated with COVID-19 disease severity,34,35

and thus it is not surprising that lymphocyte count is
predictive of recovery status. Elevated or imbalance
serum sodium has been associated with cardiac dys-
function, and thus it is not surprising that sodium level
is predictive of recovery status. Elevated LDH (a marker
for cell death) has been associated with COVID-19
www.thelancet.com Vol 76 Month February, 2022
disease severity. It is striking that none of the comorbid-
ities and vital signs were among the highly ranked
predictors. Potassium, a potential marker of cardiac dys-
function, was also not a top predictor of ACI recovery at
2.5 months post discharge. BNP was also not among
the top predictors of ACI recovery. BNP (»10% of our
cohort had BNP data) was not routinely measured in
our and most other hospitals and was measured only
when clinically indicated. The missing data likely
resulted in BNP not being highly ranked among the top
predictors in the context of other variables.

Using the ACI onset data for prediction, the top pre-
dictors were similar but were less consistent across dif-
ferent models. Top predictors obtained using data at
ACI onset and at discharge were also similar, but the
ranking of top predictors differed slightly. The top pre-
dictors at ACI onset, consisted of cell death inflamma-
tory response (LDH and DD), whereas the top
predictors at discharge were of cardiac and kidney injury
(TNT and creatinine). This is not unexpected as later
changes (at discharge) were more likely associated with
persistent cardiac injury whereas early changes (at ACI)
were likely to be markers of COVID-19 severity. The
overall prediction accuracy using the discharge data was
higher than that of using data at ACI diagnosis. This is
not unexpected because treatments during hospitaliza-
tion could have modulated outcomes, including ACI
recovery status. Taken together, these findings suggest
that commonly available laboratory tests can be used to
reliably predict ACI recovery at 2.5 months post dis-
charge.

Consistency across predictive models provide assur-
ance that these are likely reliable predictors. Moreover,
machine learning models ranking predictors in the
order of importance could have clinical value. The
CART model also provided thresholds of the top clinical
variable predictors that could be used to triage patients
and make clinical decisions. We found more sophisti-
cated machine learning methods generally performed
better than logistic regression. Analysis of time courses
showed that top predictors in the recovery cohort
showed less severe disease than the non-recovery cohort
at ACI onset and they generally improved at discharge
and 2.5 months post discharge, supporting the notion
that machine learning prediction of persistent cardiac
injury. To our knowledge, there are no similar studies
predicting ACI recovery in COVID-19 patients with
which to compare.

Finally, we note that the longer-term outcome of
COVID-19 patients with ACI and who are at risk of
developing long-term cardiac injury sequela are
unknown. Although there are no current clinical trials
of cardiovascular disease drugs or proven medications
to treat COVID-19 patients with ACI at this time, early
identification of at-risk patients of developing persistent
cardiac injury could enable more diligent follow-up care
to minimize long-term cardiovascular complications,
9
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which could include preventative care and existing treat-
ments. These findings could also inform clinical drug
trial designs targeting cardiac injury sequela for
COVID-19 patients.

Limitations
This study has several limitations. ACI defined by troponin
is not 100% specific as there could be other causes of ele-
vated troponin. We did not analyze other cardiovascular
measurements such as EKGs, echocardiograms and MRI,
nor analyze other cardiovascular complications such as
heart failure, which would require individual chart reviews
of a large patient cohort. We could not rule out that persis-
tent abnormal troponin was not caused by poor renal clear-
ance because reduced eGFR could result in elevated
troponin.42 It is also possible that some patients returned
at 2.5 months had a new event causing new ACI rather
than residual injury associated with COVID-19. Our follow
up was only 2.5 months post discharge and we did not fol-
low patients who did not return to our health system. We
used only a single method to inputate missing data
because the relatively small percentage of missing data.
Multiple imputation methods could be explored. It is also
of interest to investigate functional status43,44 of patients
with ACI at discharge. As with any retrospective study,
there could be unintended patient selection bias and unac-
counted confounds. Longer follow up and prospective stud-
ies are warranted. Future studies should investigate
whether initiation of cardiovascular preventive therapies
early on could mitigate future risks of cardiac complica-
tions in patients with COVID-19.
Conclusions
ACI is a common complication among hospitalized
COVID-19 patients and many survivors exhibit persistent
cardiac injury. Predictive models using a few readily avail-
able laboratory variables accurately predict ACI recovery
status at 2.5 months post COVID-19. Our study has poten-
tial clinical implications because it suggests that ACI is an
important marker of future adverse outcomes in COVID-
19 and heightened awareness for cardiovascular complica-
tions is warranted when ACI is detected as cardiovascular
preventionmay have a lower priority in the context of treat-
ing SARS-CoV-2 infection. The ability to identify patients
at-risk of persistent ACI early on would enable appropriate
follow-up care to prevent long-term cardiac damage and
other cardiovascular complications.
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