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Development and Validation of a

Multivariable Risk Prediction Model for

COVID-19 Mortality in the Southemn United
States

Aashish Gupta, MD; Sergey M. Kachur, MD; Jose D. Tafur, MD; Harsh K. Patel, MD;
Divina O. Timme, MD, MPH; Farnoosh Shariati, MD; Kristen D. Rogers, MD, MPH;
Daniel P. Morin, MD, MPH; and Carl |. Lavie, MD

Abstract

Objective: To evaluate clinical characteristics of patients admitted to the hospital with coronavirus
disease 2019 (COVID-19) in Southern United States and development as well as validation of a
mortality risk prediction model.

Patients and Methods: Southern Louisiana was an early hotspot during the pandemic, which provided
a large collection of clinical data on inpatients with COVID-19. We designed a risk stratification model
to assess the mortality risk for patients admitted to the hospital with COVID-19. Data from 1673
consecutive patients diagnosed with COVID-19 infection and hospitalized between March 1, 2020,
and April 30, 2020, was used to create an 11-factor mortality risk model based on baseline comor-
bidity, organ injury, and laboratory results. The risk model was validated using a subsequent cohort of
2067 consecutive hospitalized patients admitted between June 1, 2020, and December 31, 2020.
Results: The resultant model has an area under the curve of 0.783 (95% CI, 0.76 to 0.81), with an
optimal sensitivity of 0.74 and specificity of 0.69 for predicting mortality. Validation of this model in a
subsequent cohort of 2067 consecutively hospitalized patients yielded comparable prognostic
performance.

Conclusion: We have developed an easy-to-use, robust model for systematically evaluating patients

presenting to acute care settings with COVID-19 infection.
© 2021 Mayo Foundation for Medical Education and Research ® Mayo Clin Proc. 2021;96(12):3030-3041
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evere acute respiratory syndrome
S coronavirus 2 (SARS-CoV-2), which

causes coronavirus disease 2019
(COVID-19), is the third coronavirus this
century to cause severe illness in humans
(after the more limited outbreaks of SARS-
CoV and Middle East respiratory
syndrome—coronavirus in the past 2 de-
cades). Case fatality rates have ranged from
0.1% of diagnosed infections in Singapore
to 16% in Belgium. True infection fatality
rates are believed to be much lower.' Since
February 2020, the COVID-19 pandemic
has infected more than 183 million people
around the world and resulted in more

than 3.9 million deaths.” Of these, approxi-
mately 33 million cases and 600,000 deaths
have been in the United States, with a 1.8%
case fatality ratio.” Increasing evidence indi-
cates that much of the mortality results from
hyperinflammation related to a cytokine
release syndrome (or “cytokine storm”).>”
Clinical data suggests that persons with
diabetes, cardiovascular disease, or chronic
lung disease are at higher risk,” " and there
may be an associated proinflammatory
genotype.”

In addition to demographic factors and
cardiovascular risk factors, clear patterns
have developed in the serologic presentation

Mayo Clin Proc. ® December 2021;96(12):3030-3041 ® https://doi.org/10.1016/j.mayocp.2021.09.002
www.mayoclinicproceedings.org ® © 2021 Mayo Foundation for Medical Education and Research


http://crossmark.crossref.org/dialog/?doi=10.1016/j.mayocp.2021.09.002&domain=pdf
https://doi.org/10.1016/j.mayocp.2021.09.002
http://www.mayoclinicproceedings.org

MULTIVARIABLE RISK PREDICTION MODEL FOR COVID-19

TABLE 1. Definition of Outcomes Used in the Study®

Term Definition

Acute myocardial injury Troponin | level above ULN with 50% change in subsequent level (increase or
decrease) checked at 3 to 6 hour intervals.

Chronic myocardial injury Troponin | level above ULN with <50% change in subsequent levels.

Cardiogenic shock Heart failure requiring inotropic or mechanical support.

Acute renal injury Creatinine elevation |.5 times baseline.

Acute hepatic injury Aminotransferase levels greater than 2 x ULN or INR greater than 1.5 in absence of

underlying liver disease.

Thrombotic events New diagnosis of deep vein thrombosis or pulmonary embolism on imaging.

°INR, intemational normalized ratio; ULN, upper limit of normal.

of patients with COVID-19. These derange-
ments span multiple organ systems and
include markers of inflammation, immune
regulation, the clotting cascade, and indica-
tors of end-organ function.”” Health care
systems have been overwhelmed with a
surge of hospital admissions due to the
COVID-19 pandemic.'’ Identifying patients
at high risk of adverse outcomes at the
time of presentation plays an important
role in allocating limited resources.”’
Various prediction models have been
developed to risk stratify patients with
COVID-19. However, the majority of these
risk prediction models have been found to
be at a high risk of bias.”"!

A combination of epidemiological factors
had made urban Louisiana a nexus of early
COVID-19 morbidity and mortality. There
were 428,000 cases reported through
February 2021, with a case fatality rate of
2.2%."” We examined more than 3700 pa-
tients hospitalized for COVID-19 within
the Ochsner Health network of hospitals be-
tween February 2020 and December 2020 to
better understand the clinical impact of de-
mographics, laboratory data, and medical
therapies. We sought to develop a mortality
risk assessment tool using patient-level data
that can be applied at the time of presenta-
tion to acute care settings, to improve triage,
and to identify patients at high risk of
adverse outcomes.

PATIENTS AND METHODS
All patients older than 18 years admitted to
Ochsner Health system hospitals with

Mayo Clin Proc. ® December 2021:96(12):3030-3041 ®m https://doi.org/10.1016/j.mayocp.2021.09.002
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COVID-19 infection throughout Louisiana
from March 1, 2020, through April 30,
2020, were enrolled into an observational
cohort after approval of all protocols from
an independent institutional review board.
These patients represented the model deriva-
tion cohort. Following creation of the risk
model, appropriate limited data were
collected on all hospitalized patients with
COVID-19 infection from June 1, 2020,
through December 31, 2020, resulting in a
validation cohort. We collected patients’ de-
mographics, medical history, presenting
symptoms, medications, select inpatient
therapies, labs, and clinical outcomes. Pa-
tients with positive COVID-19 infection

Coefficient paths
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FIGURE 1. Least absolute shrinkage and selection operatory regression with
coefficient paths.
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TABLE 2. Clinic Characteristics of COVID-19 Deri-

TABLE 2. Continued

vation Cohort®

Characteristic N=1672
Characteristi N=1672
BifaEe Presenting lab values, continued
Age, years 634£158 Blood urea nitrogen, mg/dL 2644245
BMI, kg/m? 32,6487 AST, UL 63641614
Female 842 (504) ALT, U/L 43.6£105.6
Black 1168 (71.4) Lactate dehydrogenase, U/L 479.34354.6
DM 754 (45.1) Lactate, mmol/L 1.6£1.0
HTN 1,309 (783) Albumin, g/l 32+05
HLP 738 (44.1) D-dimer, pg/mL 20433
Smoking Troponin |, ng/mL 02£10
Never 987 (62.6) C-reactive protein, mg/L 108.1488.8
Former 513 (326) Procalcitonin, ng/mL [A==15
Current 76 (4.8) Ferritin, pg/L 1247.3+1726.1
CAD 261 (156) Peak values
CHF 247 (148) Lactate dehydrogenase 538145539
COPD 199 (11.9) Laciie 1.941.9
CKD 350 (20.9) Troponin 03414
ESRD 72 (43) D-eliar 47465
Asthma 179 (107) C-reactive protein 159.6£124.6
Cirrhosis 24 (14) Procalcitonin 284182
HIV 16 (0.1) Baiin 16732427188
Sleep apnea 158 (9.5) Clinical course
Transplant 27 (1.6) ICU admission 610 (36.5)
Immunocompromised 54 32) Days in ICU 9948
Presenting symptoms Mechanical ventilation 436 (26.1)
Fever 1,132 (68.0) Ventilator days 99+74
Cough 1214 (72.7) Acute myocardial injury 307 (284)
Myalgia 460 (27.5) DVT 23 (1.4)
Diarrhea 472 (28.3) PE 45 (2.7)
Nausea 353 (21.1) Stroke 62 (37)
Vomiting 205 (12.3) New dialysis 110 (6.6)
Anorexia 690 (41.3) Acute kidney injury 439 (26.3)
Shortness of breath 1,301 (77.9) Acute hepatic injury 55 (33)
Presenting vitals Death 403 (24.2)
Heart rate, bea‘lts/mm UL les ALT, alanine transaminase; AST, aspartate transaminase; BMI,
Oxygen saturation, 9% 949+2.6 body mass index; CAD, coronary artery disease; CHF,
Systolic blood pressure, mm Hg 13154192 congestive heart failure; CKD, chronic kidney disease; COPD,

Diastolic blood pressure, mm Hg 7214104 chronic obstructive pulmonary disease; DM, diabetes mellitus;
DVT, deep vein thrombosis; ESRD, end-stage renal disease;
Temperature, °F 100.3£1.7 HIV, human immunodeficiency virus; HLP, hyperlipidemia;
SOFA admission score 24428 HTN, hypertension; ICU, intensive care unit; PE, pulmonary
Presenting lab values embolism; SOFA, sequential organ failure assessment.
Values are n (%) or median £ SD as appropriate.

Hemoglobin, g/dL [2.6+2.1
White cell count, cells/L 75+38 h d . basi
who were treated on an outpatient basis
Lymphocyte count, cells/L |.1+0.6 . . . b
S— 1900491 0 were not included in this study.
atelet, cells y / L X
B Clinical outcomes tracked included:
Creatinine, mg/dL 1.84+2.2

intensive care unit patient management,

. / _ _
Continued on next column number of ventilator days, maximal number
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of pressors/inotropes, sequential organ fail-
ure assessment score, and significant clinical
organ-specific events encompassing cardiac
events (myocardial injury, reductions in
contractility, and arrhythmias), renal injury,
hepatic injury, thrombotic events, and death.
Major organ dysfunction was defined as the
presence of kidney injury, myocardial injury,
hepatic  injury, or respiratory injury
requiring mechanical ventilation. Acute
myocardial injury was considered present if
troponin I levels were elevated above the up-
per limit of normal (ULN), with a 50%
change in subsequent level (either increase
or decrease) at an interval of 3 to 6 hours.
For the model to work as a triage tool,
troponin I should have been collected at first
contact with acute care settings. Non—acute
myocardial injury was defined as troponin
elevation above the ULN, but with less
than 50% change in subsequent values.
Cardiogenic shock was defined as heart fail-
ure requiring inotropic or mechanical sup-
port. Renal injury was defined based on
The Kidney Disease: Improving Global Out-
comes criteria for acute kidney injury."’ He-
patic injury was considered to be present in
patients with elevation in the aminotrans-
ferase levels greater than two times the
ULN or international normalized ration

40.00% -
35.00%
30.00%
25.00%
20.00%
15.00% -
10.00% A
5.00% -
0.00% -
Mortality  ICU  Mechanical Myo-  Venous  Renal
admission ventilation cardial thrombosis injury
injury
FIGURE 2. Clinical course in hospitalized coronavirus disease 2019 patients.
ICU, intensive care unit.

New  Hepatic ~ Stroke

dialysis injury

greater than 1.5 in the absence of underlying
liver disease (Table 1).

Laboratory information was collected on
admission and included inflammatory
markers, D-dimer, lactate dehydrogenase,
ferritin, lactic acid, renal function, and a
complete blood count. Arterial and venous
blood gas results were recorded when pre-
sent. Maximum values of these markers dur-
ing the admission were recorded.

TABLE 3. Demographic and Clinical Differences Between Deceased and Living Patients®

Variable Alive n=1260 (%) Deceased n=403 (%) P Unadjusted Hazard ratio” 95% ClI
Age, years 61.1£159 704=+13.5 <.001 1.03 1.02-1.03
Female 684 (54.3) 152 (37.7) <.001 0.68 0.55-0.83
Black 895 (72.5) 265 (67.6) 16 0.86 0.7-1.04
BMI, kg/m? 33.0+88 31.5£82 003 098 0.97-0.99
Diabetes 539 (42.8) 210 (52.1) 02 1.26 1.03-1.53
Hypertension 967 (76.8) 335 (83.1) 03 1.33 1.02-1.72
Dyslipidemia 530 (42.1) 204 (50.6) Ol 1.29 1.06-1.57
Smoking 808 (67.5) 174 (46.9) <.001 |.54 1.27-1.87
CAD 170 (13.5) 90 (22.3) <.001 1.58 1.25-2.00
CHF 160 (12.7) 86 (21.3) <.001 I.53 1.21-1.95
COPD 126 (10.0) 71 (17.6) <.001 [.61 1.25-2.08
CKD 221 (17.5) 128 (31.8) <.00l |.64 1.33-2.02

*BMI, body mass index; CAD, coronary artery disease; CHF, congestive heart failure; CKD, chronic kidney disease; COPD, chronic

obstructive pulmonary disease.

PUnadjusted hazard ratio for mortality with 95% during hospital stay. Significance values from Student t test and 2« Age not categorized

for hazard regression.

Mayo Clin Proc. ® December 2021:96(12):3030-3041 ®m https://doi.org/10.1016/j.mayocp.2021.09.002
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TABLE 4. Medication Differences Between Deceased and Living Patients®

Variable Alive n=1260 (%) Deceased n=403 (%) P Unadjusted hazard ratio”  95% Cl
Entresto 10 (0.8) 6 (1.5) 21 I.18 0.53-2.66
Aldosterone antagonist 52 (4.1) 27 (6.7) Ol |.65 I.1'1-244
Ibuprofen 259 (20.6) 44 (10.9) <.00l 0.58 0.42-0.79
Statins 755 (59.9) 270 (67.0) 0l 0.99 0.81-1.23
OAC 195 (15.5) 76 (18.4) A3 0.76 0.59-0.98
Other NSAIDs 338 (26.8) 98 (23.8) A7 0.83 0.66-1.04
Remdesivir 6 (0.5) 5(12) .10 0.71 0.29-1.72
HCQ 745 (59.1) 326 (80.9) <.001 1.00 0.78-1.23
Zmax 1010 (80.2) 355 (88.1) <.00l 1.01 0.75-1.37
HCQ with Zmax 764 (53.5) 303 (75.2) <.001 097 0.77-1.22

*HCQ, hydroxychloroquine; NSAID, nonsteroidal anti-inflammatory drugs; OAC, oral anticoagulant; Zmax, azithromycin. Dosing regi-

mens not available.

PUnadjusted hazard ratio for mortality with 95% confidence interval during hospital stay. Significance values of % analysis.

Hospital days were calculated from the
date of urgent/emergency presentation
culminating in an admission to an inpatient
facility until the patient was discharged.
Transfers for escalation of care were consid-
ered as part of the index admission.
Mortality was evaluated during the index
hospitalization only. Mortality shortly after
discharge from inpatient settings was not
included in analysis.

Statistical Analysis

Statistical analysis was performed using SPSS
v27.0 (IBM, Armonk, NY, USA), Stata v17.0
(StataCorp, College Station, TX, USA) and
RStudio v1.4.1717 (PBC, Boston, MA,
USA). Continuous variables were analyzed
using two-tailed Student t test or analysis
of variance, using an a of 0.05. Proportions
were compared using ¥’ tests. Multiple
logistic regression models and Cox

TABLE 5. Multivariable Logistic Regression Modelling Mortality Associations With Adjusted Odds Ratio®

Variable Adjusted odds ratio” 95% Cl p-value Assigned weight*
AKI 23 1.8-3.00 003 2
Age 60-70 years 22 1.5-3.03 <00l 2
Age >70 years 4.6 34-6.1 <00l 5
Male 207 1.63-2.62 <00l 2
Smoking 142 I.11-1.83 .005 |
CHF 1.38 1.02-1.88 03 |
COPD 141 1.01-1.96 04 |
CKD 1.58 1.2-2.07 <.00l 2
Hypoxemia (oxygen saturation <92%) 37 2.6-54 00l 4
Lymphopenia 1.8 1.2-25 05 2
Thrombocytopenia 1.6 1.3-22 001 2
AST elevation 1.8 1.3-24 002 2
Lactate elevation 24 |.8-3.2 001 2
Hypoalbuminemia 22 1.56-32 <00l 2
Elevated procalcitonin 29 2.2-39 003 3
Myocardial Injury 1.78 1.3-24 03 2

*AKI, acute kidney injury; AST, aspartate transaminase; CHF, congestive heart failure; CKD, chronic kidney disease; COPD, chronic

obstructive pulmonary disease.

PWeights assigned according to adjusted odds ratio rounded off to the nearest integer.

Mayo Clin Proc. ® December 2021;96(12):3030-3041 ® https://doi.org/10.1016/j.mayocp.2021.09.002
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TABLE 6. AAALLPPPACA Risk Stratification

Score®

Factor

Age
>60 to <70 years 2
> 70 years 5
Acute kidney injury 2
Creatinine > 1.5 times baseline
Acute myocardial injury 2
Troponin | variation
of 50% at admission
(trend up or down) with at
least one value above ULN
Lactate >2 mmol/L
Lymphopenia <500 u/uL
Pulse oximetry <92%
Platelet count <150,000 u/uL
Procalcitonin >0.25 ng/mL
Albumin <2.5mg/dL
Comorbities
CHF
CKD
COPD
Male

AST >80 u/L (or 2 times ULN) 2

N W N A NN

N = N —

*AST, aspartate transaminase; CHF, congestive heart failure;
CKD, chronic kidney disease; COPD, chronic obstructive
pulmonary disease; ULN, upper limit of normal.

proportional hazards models were used for
univariate and multivariate analyses of
outcome predictors. Continuous predictor
variables were converted to categories for
an easier application to the risk prediction
model. Cutoffs were derived using receiver
operating characteristic (ROC) curve anal-
ysis using Youden’s index. Missing values
for candidate variables were handled using
multiple imputation with chained equations
under missing at random assumption.

Model Development

Patients admitted between March 1, 2020,
and April 30, 2020, were included in the deri-
vation cohort. The risk model was built using
stepwise elimination of variables from a
comprehensive multivariable model. Poten-
tial predictor variables were identified from
review of literature and based on availability
at first contact with acute care settings. Vari-
ables with greater than 50% missing values

were removed as the first step (Supplemental
Table, available online at
mayoclinicproceedings.org). In the second
step, univariate analysis was performed and
variables with significance value greater
than 0.1 were removed. Next, we checked
for collinearity and any factor with variance
inflation factor greater than 1.5 was removed.
In the final step, a least absolute shrinkage
and selection operator (LASSO) regression
was applied to minimize overfitting and
further minimize potential collinearity of var-
iables using 10-fold cross validation. The
LASSO regression was performed to fit
models for all lambdas as well as using the
one standard error rule to select lambda.
Final regularization model with A (0.017) us-
ing the one standard error rule was selected
(Figure 1). Adjusted odds ratio was used to
calculate weights of variables by rounding
off the nearest integer. All included variables
were adjusted based on age and sex except for
age and sex. An ROC curve was constructed
to evaluate the discrimination power of the
score. The optimal cutoff score was chosen
using Youden’s index. Validation of the
model was performed using a separate cohort
of patients admitted between June 1, 2020,
and December 31, 2020. Although the valida-
tion cohort was checked for duplicates, we
chose to omit patients admitted during May
2020 to minimize inadvertent overlap.

http://www.

RESULTS

The mean age for our patient cohort was
63£16 years. The population was evenly
split between males (830, 49.6%) and fe-
males (842, 50.4%) and was predominantly
African American (1168, 71.4%). In this pa-
tient population, 1556 (93.1%) of individ-
uals had comorbidity; the most common
diagnosis was hypertension (1309, 78.3%),
but other conditions such as obesity (973,
58.2%), diabetes (754, 45.1%), and hyperlip-
idemia (738, 44.1%) also affected a large pro-
portion of hospitalized patients. Tobacco use
was present in 589 (37.4%) individuals, and
coronary artery disease, chronic kidney dis-
ease, heart failure, and chronic obstructive
pulmonary disease were each present in
10-20% of the population. The mean

Mayo Clin Proc. ® December 2021:96(12):3030-3041 ®m https://doi.org/10.1016/j.mayocp.2021.09.002
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FIGURE 3. AAALLPPPACA receiver operating curves (ROCs) for the (A)
derivation cohort and the (B) validation cohort. AUC, area under the curve.
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sequential organ failure assessment score on
admission was 2.334+2.78 (Table 2).'*

The average length of hospitalization
was 11+10 days, and in-hospital mortality
was 24.2% (403 patients). Of all admitted
patients, 36.5% (610) required intensive
care. Major organ dysfunction was present
in 42.0% (703) of patients. Renal injury,
myocardial injury, and lung injury
requiring mechanical ventilation were the
most common type of organ dysfunction
present, each present in 25% to 30% of the
patient sample. Venous thrombosis and he-
patic injury were each present in approxi-
mately 4% (Figure 2). Mortality among

patients who required critical care was
48.1% (293 patients), and their mean length
of stay was 17412 days. Mechanical ventila-
tion was required by 26.1% (436) of the pa-
tients. In patients requiring mechanical
ventilation, the mortality rate and mean
length of stay were 59.2% and 20£12
days, respectively. In hospitalized patients,
6.6% (110) required new initiation of dial-
ysis; these patients had a mortality rate of
50% and a mean hospital stay of 18+12
days. Of these patients, 72.7% (80) required
mechanical ventilation, mortality was
67.5% (74), and mean hospital length of
stay was 20£12 days. Those with acute
myocardial injury (ie, troponin greater
than the ULN and >50% variation) had a
mortality of 40.0% (123) and mean length
of stay of 16413 days. Those with acute he-
patic injury (aminotransferases >2 times
the ULN) had a mortality of 72.4% (40)
and mean length of stay was 13+9 days.
Variables associated with shorter time
from admission to death were age 60 years
and older, acute kidney injury at admission,
admission lab values of lactate greater than
2 mmol/L, and procalcitonin >0.25 ng/mL.

Significant mortality-based differences in
baseline characteristics were present in most
of the categories recorded, with the notable
exception of race (Table 3). Deceased pa-
tients were significantly more likely to be
taking most of the medications surveyed,
except for ibuprofen (Table 4). Additionally,
those who died were more likely to have
been started on therapy with one of the three
agents hypothesized to modify mortality
during the early pandemic period (ie,
hydroxychloroquine, azithromycin, and
remdesivir).**

Multivariable logistic regression model-
ling examining associations between patient
characteristics  and  mortality  found
confirmed predictive value of several factors
that have been found in previously modeled
data.” Significant factors associated with
death included age older than 60 years,
smoking, hypoxemia, thrombocytopenia,
acute liver injury, acute myocardial injury,
and elevated lactate or procalcitonin
(Table 5). The final model, termed the

Mayo Clin Proc. ® December 2021;96(12):3030-3041 ® https://doi.org/10.1016/j.mayocp.2021.09.002
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TABLE 7. Comparison of Validation and Derivation Cohorts®

Derivation Validation P
Age, years 63.39+15.80 61.58+1751 0.001
Female Gender 842 (50;4%) 1025 (49.6%) 0.80
CAD 261 (15.6%) 305 (15%) 0.39
CHF 247 (14.8%) 280 (14%) 0.35
COPD 199 (11.9%) 238 (12%) 0.74
CKD 350 (20.9%) 422 (20.4%) 0.10
AKI 439 (26.3%) 521 (26.4%) 092
ACS 307 (28.4%) 109 (11.9%) <0.001
Liver Injury 55 (3.3%) 248 (12.8%) <0.001
Oxygen saturation % 94.931+2.63 94.86+2.97 043
Lactate, mmol/L 1.584+0.99 [.57£095 0.72
Leukocytes, u/ul 7.52+38l 841+£8.34 <0.00l1
Platelets, u/ul 219.97+91.00 223.74+£98.6 0.23
Procalcitonin, ng/mL |.37£11.45 [.794+21.47 0.56
Albumin, mg/dL 3.16+0.54 3341063 <0.001
LOS, days 10.91£10.02 7.394£8.00 <0.001
ALPACA score 742+4.17 7344523 06l
Organ Injury 690 (41.3%) 867 (41.9%) 0.68
Death 405 (24.2%) 198 (9.6%) <0.00l

°ACS, acute coronary syndrome; AKI, acute kidney injury; CAD, coronary artery disease; CHF, congestive heart failure; CKD, chronic
kidney disease; COPD, chronic obstructive disease; LOS, length of stay.

ALPACA (AAALLPPPACA) score, is shown
in Table 6. The maximal possible score in
the model is 33, the minimum score is O.
At a score of 0, sensitivity is greater than
99% and specificity is less than 10%. At a
score of 21, specificity reaches 100% and
sensitivity is 5%. As shown in Figure 3A, a
cut-off of 8.5 maximized Youden’s index:
74% sensitivity and 69% specificity, with
area under the curve of 0.783 (95% CI,
0.76 to 0.81) (Figure 3A).

The validation cohort comprised 2067
patients (61.5£17.5 years old, 50% women)
who were admitted with a positive COVID-
19 test between June 1, 2020, and December
31, 2020. The average length of stay was
7.448.0 days and in-hospital mortality was
9.6% (198 patients). Among the 95% of
these patients for whom renal function data
were available, 26.4% (521) had renal injury;
and in these individuals, mortality was
17.2% (85 patients). Evidence of myocardial
injury was present in 11.9%, but data were

incomplete for more than 50% of patients
(ie, troponin levels were only measured in
912 patients). Mortality in patients with

Observed

0 2 4 6
Expected

FIGURE 4. Calibration belt plotting observed and expected mortality.
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FIGURE 5. Decision curve analysis with ALPACA score and individual
predictor variables. AKl, acute kidney injury; AMI, acute myocardial infarc-
tion; AST, aspartate aminotransferase; CKD, chronic kidney disease; CHF,
chronic heart failure; COPD, chronic obstructive pulmonary disease.

cardiac injury was 29.3% (267 patients), and
the mean length of hospitalization was 12.5
days. Major organ dysfunction was present
in 41.9% (867). In comparison with the deri-
vation cohort, this population was signifi-
cantly younger and had higher rates of
liver injury, lower rates of cardiac injury, a
significantly higher albumin, and signifi-
cantly lower mortality and length of stay
(Table 7). The difference in mortality be-
tween derivation and validation cohort re-
flected the national and international trends
in decreasing mortality with COVID-19
illness.'™'” This was likely due to a combi-
nation of factors including younger patient
population, lower community prevalence,
and use of corticosteroids.'®"”

However, the populations’ mean
ALPACA score and rates of any organ injury
were not significantly different, and pre-
existing comorbidities were similar between
the two cohorts.

The ALPACA score was at least as effec-
tive for predicting mortality in the validation
cohort as it was in the derivation cohort. The
ROC analysis showed an area under the
curve of 0.81 (95% CI, 0.78 to 0.84), and
maximal discrimination was achieved with
a score of 9.5 which yielded sensitivity 0.76
and specificity 0.73 (Figure 3B). A calibra-
tion belt plotting the observed outcome
against the predicted mortality showed
good calibration (Figure 4)?° A decision
curve analysis was also performed to esti-
mate a clinical net benefit for the prediction
model and all the included variables in com-
parison to default strategies of treating all or
no patients (Figure 5). Finally, a nomogram
was created as a visual model summary tool
(Figure 6).”! The Brier score was excellent
(0.073), and the Hosmer-Lemeshow test
was nonsignificant (P=.18), indicating
good fit of the prediction model.

DISCUSSION

In this investigation, we used a wealth of in-
formation available from the beginning of
the COVID-19 pandemic to construct a risk
model for mortality, the ALPACA score.
The ALPACA model also performed very
well in a subsequent validation cohort.
Modeling mortality risk in the COVID-
19—infected population is an important
aspect of triage in the hospitalized popula-
tion. Understanding prognosis can be useful
to clinicians for bed management, care deliv-
ery, and palliative discussions in a disease
that has affected an enormous number of pa-
tients throughout the world.

In examining patterns of illness between
the early pandemic and subsequent waves of
illness, several interesting patterns emerge.'”
The first is that the mean age of the popula-
tion is lower. In numerous studies, the
concern was that this indicated that younger
patients were increasingly developing more
severe infections with COVID-19.”* Howev-
er, the fact that the prevalence of comorbid-
ities was mnot significantly different also
suggests that those who were ill enough for
hospitalization were already suffering from
chronic illnesses, and that younger healthy
individuals may not  have  been
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FIGURE 6. Easy to use nomogram with included predictor variables and assigned scores. Probability for mortality at the bottom can
be calculated using total score. AKl, acute kidney injury; AMI, acute myocardial infarction; AST, aspartate aminotransferase; CKD,
chronic kidney disease; CHF, chronic heart failure; COPD, chronic obstructive pulmonary disease.

disproportionately more affected in later
stages of the pandemic. Another interesting
observation from our data is that the preva-
lence of end-organ injury did not signifi-
cantly decrease in the validation cohort,
despite decreases in mortality and length of
stay. One way to interpret this finding would
be that severe infection of organ systems is

not an age-dependent phenomenon. In addi-
tion, the lower mortality rate may indicate
improvements in care that allowed patients
to survive COVID-19 infection despite sig-
nificant end-organ damage during infection.

Our relatively simple prediction model,
derived from a manually curated patient-
level database, makes ALPACA unique in

Mayo Clin Proc. ® December 2021:96(12):3030-3041 ®m https://doi.org/10.1016/j.mayocp.2021.09.002

www.mayoclinicproceedings.org



https://doi.org/10.1016/j.mayocp.2021.09.002
http://www.mayoclinicproceedings.org

MAYO CLINIC PROCEEDINGS

comparison to others developed over the
course of the pandemic. Our independently
derived risk factors for mortality, repre-
sented in ALPACA, are similar to those
used in other COVID-19 risk calcula-
tors.'”'® Additionally, the excellent perfor-
mance of this model for estimating
mortality in the validation cohort, despite
changes in age, length of stay, mortality,
and other variables, suggests that ALPACA
is a robust predictive method. The validation
cohort included patients admitted both dur-
ing “surge” and “non-surge” conditions in
Louisiana, and our model performed well.

A systematic review of COVID-19 pre-
diction models found that all available pre-
diction models were at high risk of bias.” A
low event rate in the studies’ validation co-
horts was one of the major concerns in the
majority of these prediction models.”
Another study evaluated 22 models
(including 17 models developed specifically
for COVID-19) and found that no prog-
nostic model offered higher net benefit
than univariable predictors (specifically,
age and admission oxygen saturation).''
Moreover, 10 of 17 models were developed
in the Chinese population; therefore, they
may not be as robust in a different
population.

Study Limitations

The ALPACA COVID-19 mortality risk strat-
ification score appears effective and robust.
However, our data are limited to a single
geographic region in the Southeastern
United States. Furthermore, although the
number of patients examined was signifi-
cant, this risk model still falls far short of
several other studies using much higher
numbers of patients, with data sourced via
automated algorithms. Another limitation
of the study was that we chose not to include
mortality shortly after discharge from acute
care settings to simplify data collection pro-
cess. This limits the ability of this model to
predict mortality beyond hospital discharge.
Lastly, the variation in data collection
between the derivation and validation co-
horts (specifically, a significantly reduced
proportion of troponin testing in the

validation cohort) may have introduced
some bias. However, the fact that the model
performed almost identically in both cohorts
does suggest that it is robust.

With the emergence of new SARS-CoV-2
variants and significant time left before wide-
spread vaccination, there still is ample time
for developing tools to better triage and
manage hospitalized COVID-19 patients.
With additional validation, the ALPACA
score could be a potent tool to help manage
hospital bed shortages, identify proper pa-
tient placement, and hopefully to help eval-
uate novel treatment strategies for seriously
ill COVID-19 patients.

CONCLUSION

The ALPACA score, derived early in the
COVID-19 pandemic and validated in late
2020, is a valuable tool for risk-stratifying
COVID-19—infected  patients for the
endpoint of in-hospital mortality.
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