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Abstract

Background: Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), known
to be the causative agent of COVID-19, has led to a worldwide pandemic. At pres-
entation, individual clinical laboratory blood values, such as lymphocyte counts or
C-reactive protein (CRP) levels, may be abnormal and associated with disease sever-
ity. However, combinatorial interpretation of these laboratory blood values, in the
context of COVID-19, remains a challenge.

Methods: To assess the significance of multiple laboratory blood values in patients
with SARS-CoV-2 and develop a COVID-19 predictive equation, we conducted a lit-
erature search using PubMed to seek articles that included defined laboratory data
points along with clinical disease progression. We identified 9846 papers, selecting
primary studies with at least 20 patients for univariate analysis to identify clinical
variables predicting nonsevere and severe COVID-19 cases. Multiple regression anal-
ysis was performed on a training set of patient studies to generate severity predictor
equations, and subsequently tested on a validation cohort of 151 patients who had a
median duration of observation of 14 days.

Results: Two COVID-19 predictive equations were generated: one using four vari-
ables (CRP, D-dimer levels, lymphocyte count, and neutrophil count), and another
using three variables (CRP, lymphocyte count, and neutrophil count). In adult and
pediatric populations, the predictive equations exhibited high specificity, sensitivity,
positive predictive values, and negative predictive values.

Conclusion: Using the generated equations, the outcomes of COVID-19 patients
can be predicted using commonly obtained clinical laboratory data. These predictive
equations may inform future studies evaluating the long-term follow-up of COVID-19

patients.
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1 | INTRODUCTION

In December 2019, a cluster of atypical pneumonia cases of un-
known etiology emerged. This phenomenon was epidemiologically
linked to a seafood and wet animal wholesale market in Wuhan,
Hubei Province, China.! The causative agent was isolated and se-
quenced from human airway epithelial cells from infected patients
and identified as a novel beta coronavirus, named 2019-nCoV.? To
date, this is the seventh member of the Coronaviridae family that is
known to infect humans. The 229E, OC43, NL63, and HKU1 strains
usually cause mild illness and are associated with the common cold.
SARS-CoV and MERS-CoV caused epidemic outbreaks of severe
respiratory distress in 2002-2003 and 2012, respectively.>* Full-
length sequencing of the 2019-nCoV? virus showed that 88% of
the genome was shared with the bat SARS coronavirus® and 80%
of the nucleotides were identified in the SARS-CoV that caused the
2002-2003 epidemic.® Based on published genomic information,
the nomenclature for the causative strain was changed to SARS-
CoV-2. After identification of this novel virus, the World Health
Organization (WHO) named the disease COVID-19. As of July 2020,
over 14 million cases have been identified attributing to approxi-
mately 600 000 deaths.” Due to the overwhelming burden this pan-
demic has caused on healthcare systems worldwide, there has been
a concerted effort to understand the etiology and epidemiology of
this disease. To date, there have been multiple articles published to
establish clinical features, severity, and mortality. However, it has

Number of articles from
electronic database search result
that had COVID, COVID-19, or
Sars-CoV-2 in the title: (n=9846
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been difficult to identify diagnostic data that could reliably predict
patient outcomes.

In both adult and pediatric patients, several studies have sug-
gested that hematological data may be key to determining severity
and outcomes in COVID-19. This is particularly attractive in the clin-
ical setting due to rapid availability of these tests in both inpatient
settings.s’9’10 Here, we perform a comprehensive meta-analysis of
globally reported laboratory data of hospitalized COVID-19 patients
to generate COVID-19 severity predictive equations. Clinical sever-
ity predictor equations may potentially help physicians more accu-

rately prognosticate outcomes of COVID-19 patients.

2 | MATERIALS AND METHODS

2.1 | Literature review, data collection, and
statistical analysis

Articles with information regarding COVID-19 were identified in
PubMed in May 2020 using COVID-19, COVID, and SARS-CoV-2
as search keywords yielding 9846 articles. We identified 160 ar-
ticles that were printed or translated into English, published after
December 1, 2019, and containing specific clinical blood laboratory
data values (Figure 1). Papers that did not have full CBC data, had
<20 patients, and were not original research papers were removed
through manual curation. We reviewed these papers for reported

references)

Further filtered to articles meeting the following criteria:

Published in English

Published post 12/1/2019

Keywords “clinical” and one of the following found
in the title or abstract: blood, eosinophil,
eosinopenia, CBC, monocytes, lymphocytes,
platelet, differential, neutrophil, PTT, PT

Number of articles considered
after filtering: (n =160 references)

Removed papers by manual curation

Exclusion criteria: no CBC data, < 20 patients,
duplicate data, unoriginal research publications)

Number of articles used for the
equation development: (n=10
references)

FIGURE 1 Summary of literature search, and articles reviewed and used for analysis
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Equation

1 y=0.97 - 0.92 x (LYM K/ul) + 0.070 x (NEU K/
ul) + 0.0038 x (CRP mg/L) + 0.033 x (DD mg/L)

2 y =0.79 - 0.82 x (LYM K/pl) + 0.090 x (NEU K/

pl) + 0.0045 x (CRP mg/L)

significant findings with regard to laboratory data and their univari-
ate significance in outcomes in SARS-CoV-2 patients. This yielded
the following possible parameters that were reported significant in
outcomes: lymphocyte count, neutrophil count, eosinophil count,
D-dimer values, procalcitonin, lactate dehydrogenase, creatinine,
albumin, and CRP. We narrowed the relevant variables and papers
to 51 remaining papers that had such data and were then evaluated
to see whether they contained four variables (D-dimer, neutrophil
count, lymphocyte count, and CRP) as these were identified as most
significant in univariate analyses in two or more papers in the litera-
ture. This resulted in a total of 10 papers, which were used to develop
SARS-CoV-2 severity prediction equations. Quantitative analysis,
t test, linear regression analysis, and multiple regression analysis
were performed using XLSTAT (Addinsoft) and Microsoft Excel™
(Microsoft Corporation. [2016]. Microsoft Excel.). P-values <.05 were
considered statistically significant. This study was approved by the

University of San Francisco's institutional review board (IRB-28225).

3 | RESULTS

3.1 | Development of COVID-19 severity prediction
equations

Laboratory data variables that were identified as significant in pre-
dicting outcomes of COVID-19 patients in two or more papers in
literature, which had 20 or more patients, and were from curated
studies as described in Materials and Methods were identified and
used to generate COVID-19 severity predictive equations (Table
S1). Ten studies from three different countries (China, Italy, and the
United States of America), with annotated patient data, were used to
develop COVID-19 severity predictive equations. In these cohorts,
severe patients were those that were managed in the intensive care
unit (ICU) with symptoms of organ failure or hypoxemic respira-
tory failure leading to intubation and ventilation, while those who
were nonsevere were either patients that did not require hospital
admissions or those that only placed on low supplemental oxygen
requirements. Using multiple regression analysis, two equations

were generated (Table 1). Equation 1 consisted of the four variables:

TABLE 1 COVID-19 severity prediction

. 2

Multiple R R equations
0.86 75

0.82 .68

absolute lymphocyte count (LYM; K/puL), absolute neutrophil count
(NEU; K/uL), CRP (mg/L), and D-dimer levels (DD; mg/L). Equation
1 was defined as y = 0.97 - 0.92 x (LYM) + 0.070 x (NEU) + 0.003
8 x (CRP) + 0.033 x (DD). Equation 2 included the variables LYM,
NEU, and CRP and was defined as y = 0.79 - 0.82 x (LYM) + 0.090
x (NEU) + 0.0045 x (DD). Numerical ranges for predicted sever-
ity outcomes were evaluated across all values at iterations of 0.1.
The optimal y value range for predicting outcomes was identified as:
y < 0.5 predicted to be nonsevere, y > 0.8 predicted to be severe,

and y between 0.5 and 0.8 considered inconclusive.

3.2 | Validation of the COVID-19 severity prediction
equations in adult patients

Both COVID-19 severity predictor equations were tested against
validation data sets in the adult population (Tables S2 and S3). The
validation set for Equation 1 included 62 adult patients with all four
values available for analysis. The median age was 62.5 years (range
24-91 years), with 28 females and 34 males. Evaluation of Equation
1 resulted in the following data: 0.76 sensitivity, 0.79 specificity,
0.73 positive predictive value (PPV), and 0.82 negative predictive
value (NPV) with a test yield of 79% (Table 2). Equation 2 was evalu-
ated against a data set that included 138 adult patients with all three
variables available for analysis. The median age was 60 years (range
24-94 years), with 68 females and 70 males. The test yield was 84%
(percentage of cases that could be classified and resulted in the fol-
lowing outcome data: 0.68 sensitivity, 0.83 specificity, 0.68 PPV, and
0.83 NPV.

3.3 | Assessment of the COVID-19 severity
prediction equations in pediatric patients

As pediatric populations have been shown to have altered responses
to SARS-CoV-2,'' we tested both equations that were generated
using adult data sets in pediatric cases (Tables S4 and S5). The vali-
dation set for Equation 1 included 18 patients where all four values

were available. The median age was 42 months (range 2-156 months),

TABLE 2 Evaluation of the

Test yield Positive Negative .
Equation (%) predictive value predictive value Sensitivity Specificity performan.ce of COVIP 19 predictor
equations in adult patients
1 79 0.73 0.82 0.76 0.79
2 84 0.68 0.83 0.68 0.83

Note: Test yield = percentage of cases that can be classified.
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TABLE 3 Evaluation of the
performance of COVID-19 predictor

. R - . Equation (%)
equations in pediatric patients

1 89
2 92

Test yield

WILEY——Z
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Positive Negative

predictive value predictive value Sensitivity  Specificity
1.00 0.64 0.29 1.00

1.00 0.68 0.13 1.00

Note: Test yield = percentage of cases that can be classified.

with nine females and nine males. Evaluation of Equation 1 re-
sulted in the following data: 0.29 sensitivity, 1.00 specificity, 1.00
PPV, and 0.64 NPV with a test yield of 89% (Table 3). Equation 2
was evaluated against a data set that included 25 patients where
all three variables were available. The median age was 48 months
(range 2-168 months), with 13 females and 12 males. The test yield
was 92% (percentage of cases that could be classified and resulted
in the following outcome data: 0.13 sensitivity, 1.00 specificity, 1.00
PPV, and 0.68 NPV.

4 | DISCUSSION

Over the past several months, clinicians and researchers have
been working to understand the 2019-nCoV that has afflicted
many countries and continues to spread throughout the com-
munity. Our study aimed to analyze presently published data
and compare clinical outcomes along with determining labora-
tory blood data that may be predictors of disease severity. There
have been many working theories on how to manage COVID-19-
positive patients and what biologic markers can be used to assess
these patients.lz’14 To date, there has not been a potential multiple
regression routine diagnostic equation purposed that could triage
patients and allow clinicians to determine management at day of
presentation to a healthcare facility with symptomatic COVID-19
infections and positive PCR results.

Here, we report a meta-analysis of all English-language pub-
lished articles including laboratory-confirmed COVID-19 patients
and their clinical data during hospitalization. In this cohort, we
extrapolated common hematological markers used to determine
clinical severity and disease progression based on current liter-
ature.’®?” We observed that common markers that influenced
patient outcomes were white blood cell values and acute phase re-
actants. Interestingly, we noted that neutrophil count, lymphocyte
count, CRP, and D-dimer levels showed trends on whether a pa-
tient would have a mild-to-moderate course of disease vs a severe
course or eventual death. Specifically, neutropenia, lymphopenia
along with elevated CRP, and D-dimer levels were associated with
progression, while moderate changes to these values were seen in
patients that had mild-to-moderate disease. Several studies have
looked at these values individually but have not compared them
in totality.

Based on these findings, we created two COVID-19 severity
predictor regression equations demonstrating relationships be-

tween the predictor variables (gathered laboratory data) and the

outcome variable (disease severity). The equations were tested
against an adult validation set. Power analysis of multiple regres-
sion equations showed significant power of >0.9 at an anticipated
effect size of 0.3, adequate for achieving statistical significance
<0.05. Testing showed that Equation 1 had a higher positive pre-
dictive value (73%) as compared to Equation 2 (68%). This finding
suggested that Equation 1 with four predicator values was more
accurate. However, Equation 2 had a higher test yield (84% vs
79%) in comparison with Equation 1, indicating that Equation 2
is more precise despite having only three predicator values. Of
note, given that there are no published data on comparing these
variables, we set arbitrary diagnostic cutoffs, which explains the
cases with inconclusive outcomes.

COVID-19 initially was thought to only affect the adult popu-
lation; however, as cases continued to rise throughout the world
it was quickly seen that more children were testing positive with
contrasting symptoms to that seen in adults.'® Given that this dis-
ease was not recognized in children or adolescents until recently,
there is a lack a published data regarding this patient population.
We were able to identify 43 reported cases and test our regres-
sion equation against these data to see whether age was not a fac-
tor in our predictive formula. Both equations had a 100% positive
predictive value along with specificity and a high-test yield, but
sensitivity was suboptimal. However, the data set we used here
was small, and as such, these results require evaluation in a larger
data set of pediatric patients.

Our results of predicative outcomes show that there is a relation-
ship between these commonly acquired laboratory values. As com-
pared to current outcome critical care predictors such as APACHE
Il and SOFA scores, our approach augments these models by com-
bining only blood laboratory values. Our results of predicative out-
comes from children and adults show that there is a relationship
between these commonly acquired laboratory values. These find-
ings could serve as a clinical diagnostic tool to triage patients and
determine whether patients would be eligible for specific treatments
given their severity score. To date, studies have shown that early
intervention in severe cases with newly approved drugs for treating
COVID-19 such as remdesivir'? and dexamethasone?® has shown to
statistically improve mortality rates.

Due to this study being a retrospective meta-analysis, there are
limitations that might lead to potential biases, such as standardized
average laboratory values over hospitalization course and intrahos-
pital laboratory variances. We also recognize that another limitation
may be on how our regression equation may be applied in an outpa-

tient basis given that most infections may be asymptomatic or do not
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require hospitalizations. However, we aim to define potentially hospi-
talized patients as they have shown to cause a burden on healthcare
systems along with filtering out patients that may have a nonsevere
clinical course. Our results do show that the regression equations
purposed can be performed in a controlled prospective environment
that would provide validation and eliminate these biases. Our se-
verity outcome score could also potentially link patients to ongo-
ing treatment trials. Furthermore, hospital systems could use this as
a screening tool to determine potential demand on the healthcare
infrastructure (ie, ICU-bed usage, ventilator capacity). In summary,
our study defines a novel diagnostic algorithm that when clinically
implemented at day O of presenting with COVID-19-like symptoms
or COVID-19 PCR-confirmed disease, these easily acquirable labo-
ratory data points along with our regression algorithm would impact
patient care and potentially reduce mortality in COVID-19 patients.
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