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Abstract

Although some studies tried to identify risk factors for COVID-19, the evidence comparing COVID-19 and community-acquired
pneumonia (CAP) is inconclusive, and CAP is the most common pneumonia with similar symptoms as COVID-19. We conducted
a case—control study with 35 routine-collected clinical indicators and demographic factors to identify predictors for COVID-19
with CAP as controls. We randomly split the dataset into a training set (70%) and testing set (30%). We built Explainable Boost-
ing Machine to select the important factors and built a decision tree on selected variables to interpret their relationships. The top
five individual predictors of COVID-19 are albumin, total bilirubin, monocyte count, alanine aminotransferase, and percentage of
monocyte with the importance scores ranging from 0.078 to 0.567. The top systematic predictors for COVID-19 are liver function,
monocyte increasing, plasma protein, granulocyte, and renal function (importance scores ranging 0.009-0.096). We identified
five combinations of important indicators to screen COVID-19 patients from CAP patients with differentiating abilities ranging
83.3-100%. An online predictive tool for our model was published. Certain clinical indicators collected routinely from most hos-
pitals could help screen and distinguish COVID-19 from CAP. While further verification is needed, our findings and predictive
tool could help screen suspected COVID-19 cases.

Keywords COVID-19 - Predictor - Machine learning - Community-acquired pneumonia

1 Introduction was the case for severe acute respiratory syndrome corona-
virus. By February of 2022, the global cumulative cases and
deaths of COVID-19 have been more than 411,000,000 and
5,810,000, respectively [1]. Thus far, the worldwide pan-

demic situation of COVID-19 has not been well-controlled.

Coronavirus disease 2019 (COVID-19) is a serious clinical
and public health challenge. The speed of the spread and
severity of this new coronavirus are faster and greater than
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A key factor for effective prevention and control of this
disease spread is to have early and rapid diagnosis. The clini-
cal symptoms of early COVID-19 are not quite specific and
it has similar symptoms as most forms of pneumonia. The
real-time reverse transcription-PCR (RT-PCR) test is rec-
ommended as the gold standard test for diagnosis, but there
are several limitations to this test. According to previous
reports [2], the false negative rate (1-sensitivity) of this test
could be as high as 62%. False negative results of RT-PCR
testing mean that the patients with COVID-19 are easily
misdiagnosed as having community-acquired pneumonia
(CAP) because of their similar clinical characteristics. In
addition, the cost of expensive testing is one of the reasons
why RT-PCR testing cannot be widely adopted.

In order to improve the accuracy of diagnosis, computed
tomography was used in several studies to differentiate
COVID-19 from CAP because various types of pneumonias
have certain typical imaging features [3]. However, imag-
ing alone still made it difficult to differentiate COVID-19
from CAP. Additionally, large numbers of clinical indica-
tors, which are routinely collected for each patient and stored
in each hospital for a long time, have rarely been used for
COVID-19 research. A few studies investigated the clinical
laboratory data of patients with COVID-19 and found that
some hematological parameters can be the warning indicators
of patients that may experience more severe symptoms [4,
5]. These studies, however, are limited to COVID cases only
without a control group and rely on few clinical indicators.

On the other hand, community-acquired pneumonia (CAP)
is an ideal control group, which is defined as an acute lung
infection acquired outside of the hospital setting. Among all
pneumonia types, CAP is the most prevalent pneumonia,
with a total incidence rate of 7.13 per 1000 person-years. In
2016, over 9.5 million cases occurred in China [6], and in
the USA, approximately 5 million cases occur each year [7].
The most common pathogen of CAP is pneumoniae, followed
by Mycoplasma, Chlamydia, H influenzae, and respiratory
viruses. COVID-19 is one unique type of CAP, an infectious
disease with a viral pathogen rather than a bacterial one and
needs different treatments. In addition, both COVID-19 and
CAP share similar symptoms of fever, cough, dyspnea, and
chest radiograph of parenchymal or interstitial infiltration.
Therefore, we used CAP in this study as the control group in
order to identify the unique predictors of COVID-19.

The selection and analysis of many highly correlated clinical
indicators also present challenges. In recent years, machine
learning has been widely used in the medical field and has
made breakthrough progress [8, 9]. Wang S et al. created a fully
automatic deep learning system for COVID-19 diagnosis and
prognosis using a chest computed tomography image [10]. In
Wynants’s review paper (2020), they included seven studies
for COVID-19 predictions with clinical indicators [11]. For
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instance, Feng et al. (2021) only included 26 suspected and
not confirmed COVID cases as the COVID outcome [12].
In Wu’s study (2020), only 27 out of 105 COVID cases were
truly confirmed as COVID cases [13]. Martine et al. (2020)
used WHO guidelines to simulate 4096 artificial cases; their
analyses relied on no real cases [14]. In another three studies, CT
information from doctors’ reports composed the predictors, in
addition to the sample sizes being smaller [15—17]. In summary,
previous studies suffered from methodological problems,
including outcome misclassification, requiring CT or image
reports, validation issues, and using non-representative controls.

This study fills these knowledge gaps and aims to iden-
tify important laboratory clinical markers of COVID-19
and uses machine learning models to distinguish patients
with COVID-19 from CAP, which may assist in the screen-
ing, diagnosis, and monitoring of COVID-19 cases by
evaluating large amounts of clinical indicators routinely
collected.

2 Methods
2.1 Study design and patients

We used a case—control study design from February 16 to
March 16, 2020, with patients diagnosed with COVID-19
as the cases and patients diagnosed with CAP as the con-
trols. All patients with COVID-19 and CAP were directly
enrolled from The People’s Hospital of Guangxi Zhuang
Autonomous Region, in Nanning, China, which is the larg-
est and best hospital in Guangxi Region and represents
the target population well in this region. This hospital was
appointed by the Chinese government as the only desig-
nated hospital that treated all patients with COVID-19 in
Guangxi in 2020. The patients who visit this hospital are
also well representative of most ethnic and minority groups
in China. The CAP patients were randomly selected from
The People’s Hospital of Guangxi Zhuang Autonomous
Region and were frequency matched with the COVID-19
patients by gender and age.

The ethics committee of The People’s Hospital of
Guangxi Zhuang Autonomous Region approved this study
and granted a waiver of informed consent from patients.
Written informed consent was obtained from all controls.

2.2 Definitions of outcomes

The COVID-19 patients were diagnosed according to the
guidelines by the National Health Commission of China
and were confirmed by positive SARS-CoV-2 RNA with
throat swab samples (Sansure Biotechnology, Changsha,
Hunan, China) [18].
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According to The Guidelines For Diagnosis And
Treatment Of Community Acquired Pneumonia In Chi-
nese Adults (version 2016), CAP is defined by acute
symptoms, the presence of signs of a lower respiratory
tract infection and new pulmonary infiltrate on a chest
radiograph without other obvious causes [19]. SARS-
CoV-2 RNA with throat swab samples must be negative
to differentiate CAP from COVID-19.

2.3 Definitions of clinical indicators

We included 379 patients (62 patients with COVID-19; 317
patients with CAP). We extract 35 variables including demo-
graphic factors such as age and sex, and another 33 clinical indi-
cators from laboratory results. These clinical indicators included
albumin, total bilirubin, monocyte count, the coefficient of
variation of red blood cell distribution width (RDW-CV), total
protein, platelet count, neutrophil count, blood urea nitrogen
(BUN), lymphocyte count, percentage of lymphocyte, per-
centage of monocyte, hemoglobin level, creatinine level, mean
corpuscular volume, white blood cell count (WBC), globulin,
alanine aminotransferase (ALT), percentage of neutrophil, red
blood cell count (RBC), basophil count, percentage of acidophil,
mean corpuscular hemoglobin (MCH), mean corpuscular hemo-
globin concentration (MCHC), mean platelet volume, uric acid,
creatine kinase, urinary occult blood, proteinuria, urobilinogen,
bilirubin in urine, and urate crystal. These factors were catego-
rized based on the clinical reference range in Chinese (please
see Appendix 1).

We used Explainable Boosting Machine (EBM) to select
important contributing factors from these clinical indicators
and demographic factors including age and sex. Seventeen
factors were selected, and only these selected factors were
further grouped into nine categories based on the clinical
information of their biological functions. These nine
categories are (1) plasma protein including albumin, globulin,
and total protein; (2) liver function including total bilirubin
and ALT; (3) monocyte increasing including increasing
monocyte count and increasing percentage of monocyte; (4)
anemia indicators including RDW-CV, mean corpuscular
volume, and hemoglobin level; (5) granulocyte including
WBC, neutrophil count, and percentage of neutrophil; (6)
renal function including creatinine level and BUN; (7)
lymphocyte including lymphocyte count and percentage
of lymphocyte; (8) platelet including platelet count; (9)
urinalysis including proteinuria.

2.4 Statistical analysis
First, we randomly split the dataset into a training set

(70%) and a testing set (30%) and adopted the ALLKNN
under-sampling technique [20] to overcome an imbalance

problem present in the training set. ALLKNN is one of
the sampling strategies used when facing imbalanced
datasets. Compared with other over-sampling or under-
sampling methods, including SMOTE, SMOTEENN,
SMOTETomek, and ADASYN, and random sampling,
ALLKNN performed better when building the model.
By adding a random term into the training set, we used
a recently developed EBM to build a model based on the
training set [21]. EBM was preferred because this model
is derived from the generalized additive model (GAM);
uses techniques from random forest and boosted tree mod-
els; and could be easier to interpret. The major differences
between EBM and traditional GAMs include the following:
(1) each feature function in EBM is determined using mod-
ern ML techniques, such as bagging and gradient boosting,
with round-robin cycles; (2) EBM can automatically detect
and include pairwise interaction terms and improves accu-
racy; and (3) EBM plots the feature function to examine
the association between each variable and the outcome (see
Appendix 2). Previous studies suggest that EBM performs
better on health datasets than other established ML models,
including the light gradient boosting model, regularized
logistic regression, random forest, and xgboost [21]. Con-
sistently, our previous study predicting congenital heart
diseases also found that EBM had a better performance
[22]. We also compared the prediction performance of
EBM with other ML models in Appendix 3.

A random term was used to identify the threshold of relative
importace score of the random effect [9, 23]. Hence, only the
variables with importance scores greater than the random term
were selected as important contributing variables. By using a
fivefold cross-validation strategy and a grid search for hyper-
parameters, we rebuilt the EBM model with only the selected
variables as our final predictive model (final EBM). The optimal
parameters included the out of bags, inner bags, learning rate,
and the maximum and minimum number of tree leaves. The
model performance was evaluated with receiver operating char-
acteristic (ROC) curves based on both the training and testing
sets and the calibration curve for the whole dataset.

After obtaining the predictive results from the final EBM,
we chose the optimal cut-off value by using the point clos-
est to the top-left part of the ROC curve with the perfect
sensitivity or specificity.

Optimal criterion = min((1 — sensitivities)2 + (1 — specif icities)z)

We dichotomized the predictive values by using the
optimal cut-off point. Then, the adjusted odds ratios (aOR)
of contributing variables were calculated by multivariate
logistic regressions using the dichotomized predictive values
from the final EBM. We grouped these selected variables into
nine categories by using average importance scores based on
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the clinical information of biological functions they could
provide. Therefore, the score of each category indicates the
level of changed biological functions among patients with
COVID-19.

To assess the inter-relationships among selected vari-
ables, a decision tree model was built on selected vari-
ables from EBM. The decision tree model was only used
to explore the relationships among the selected variables
and tried to find out the combinations of the predictors.
This decision tree model also went through a grid search
with fivefold cross-validation on the entire dataset. We
also developed an online predictive tool (https://xdeng3.
shinyapps.io/COVID-19/) for patients, clinicians, and other
researchers to use.

3 Results

We selected the important contributing variables according to
the importance scores with a random term (Fig. 1). The top
15 selected variables included albumin (0.567), total biliru-
bin (0.341), monocyte count (0.336), ALT (0.246), percent-
age of monocytes (0.197), RDW-CV (0.180), WBC (0.142),
neutrophil count (0.139), creatinine level (0.125), globulin
(0.102), BUN (0.100), lymphocyte count (0.096), percent-
age of lymphocyte (0.094), total protein (0.085), and percent-
age of neutrophil (0.078) (Fig. 1). In addition, the risk effect
trends of the top 15 variables from the EBM were presented in

Fig.1 Relative importance
score of selected variables from
EBM

Albumin 1

Total bilirubin 1

Monocyte count 1

ALT 1

Percentage of monocytes 1
RDW-CV A1

WBC

Neutrophil count A
Creatinine level

Globulin 1

BUN A

Lymphocyte count 1
Percentage of lymphocyte 1
Total protein

Percentage of neutrophil 1

Appendix 2. Based on the risk effect trends, we conclude that
the typical characteristics of patients with COVID-19 may
include the following six different categories: (a) low/normal
levels of albumin and percentage of neutrophil; (b) low levels
of total bilirubin, creatinine level, globulin, and total protein;
(c) high levels of percentage of monocyte, BUN, and per-
centage of lymphocyte; (d) normal levels of RDW-CV, WBC,
monocyte count, and neutrophil count; (e) low/high levels of
lymphocyte count; and (f) negative ALT.

We grouped selected variables into nine categories
by using average importance scores (Fig. 2). The aver-
age importance scores were used to indicate the level of
changed biological functions among patients with COVID-
19. The most prominent category was liver function, and
the average weight or importance score was 0.096, fol-
lowed by monocyte increasing (0.087), plasma protein
(0.083), granulocyte (0.039), renal function (0.037), ane-
mia (0.033), lymphocyte (0.031), platelet (0.024), and uri-
nalysis (0.009) (Fig. 2).

Figure 3a shows the calibration of our predictive model.
The predictive probability aligned with the observed prob-
ability well from 15 to 100%. There was a little underestima-
tion when the probability was lower than 15%. In addition,
the areas under the curves (AUC) of ROC for this model
were 0.948 on the training set and 0.932 on the testing set
(Fig. 3b). With both AUCs above 0.7 and very close to each
other, we conclude that this predictive model overcame the
over-fitting problem.
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Fig.3 Calibration curve and ROC curves for the predictive model. a The calibration curve. b The ROC curves

We calculated the adjusted OR of the clinical indi-
cators from the logistic regression that used EBM
predictions (Table 1). Albumin (<40 g/L, aOR
(95%CI)=10.26(4.78,23.96)), globulin (<20 g/L, aOR
(95%CI)=14.28(3.84,62.68)), creatinine level (<59 umol/L,
aOR (95%C1)=10.26(1.00,3.49)), percentage of lymphocyte

(>40%, aOR (95%C1)=6.51(1.51,32.39)), and percent-
age of monocyte (> 8%, aOR (95%CI)=2.93(1.52,5.75))
were significantly associated with increasing odds
of COVID-19. Monocyte count (> 0.8 X 109/L, aOR
(95%CI)=0.08(0.03,0.18)), RDW-CV (> 15%, aOR
(95%CI)=0.09(0.03,0.24)), and percentage of neutrophil
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jl'ab.le 1 Adjusted OR of clinical Indicators Levels Observed number® OR® (95%CI)
indicators based on EBM
predictions CAP COVID
Albumin (g/L) <40 237 43 10.26 (4.78, 23.96)
>40 80 19 1.00 (Ref.)
Globulin (g/L) <20 4 14 14.28 (3.84, 62.68)
>20 313 48 1.00 (Ref.)
Monocyte count (10°/L) >0.8 109 7 0.08 (0.03, 0.18)
<0.8 208 55 1.00 (Ref.)
RDW-CV (%) >15 70 3 0.09 (0.03, 0.24)
<15 247 59 1.00 (Ref.)
Creatinine level (umol/L) <59 90 28 10.26 (1.00, 3.49)
59-104 29 2 0.08 (0.33,3.52)
> 104 198 32 1.00 (Ref.)
Percentage of lymphocyte (%) <20 145 10 0.91 (0.30, 2.80)
>40 20 16 6.51 (1.51, 32.39)
20-40 152 36 1.00 (Ref.)
Percentage of monocyte (%) >8 188 45 2.93(1.52,5.75)
<8 129 17 1.00 (Ref.)
Percentage of neutrophil (%) <50 37 20 0.29 (0.07, 1.05)
>70 125 10 0.27 (0.08, 0.87)
50-70 155 32 1.00 (Ref.)

“The observed number of patients with CAP or COVID
®Calculated based on the predictions from EBM

(>70%, aOR (95%CI)=0.27(0.08,0.87)) were found to be
related to reduced odds of COVID-19. Due to limited sample
size, other important contributing variables were not statisti-
cally significant or had infinite estimation from the multivari-
ate logistic regression.

Figure 4 shows the inter-relationship among selected
variables obtained from the decision tree model. Gener-
ally, five combinations showed a good ability to differen-
tiate patients with COVID-19 from those with CAP. The
first combination was globulin (< 20 g/L) and percentage
of neutrophil (<50%). This suggested that the prevalence
of patients having these two indicators was 100%. The
second combination was globulin (<20 g/L), percentage
of neutrophil (>50%), percentage of monocyte (> 8%),
and neutrophil count (<7 X 109/L). The prevalence for
patients within the second combination was 83.3%. The
third combination was globulin (> 20 g/L), total bilirubin
(<5.1 umol/L), percentage of monocyte (<8%), and lym-
phocyte count (>4 x 109/L). The prevalence for patients
within the third combination was 100%. The fourth com-
bination was globulin (>20 g/L), total bilirubin (< 5.1
umol/L), percentage of monocyte (> 8%), and hemoglobin
level (> 105 g/L). The prevalence for patients within the
fourth combination was 90%. The last combination was
globulin (>20 g/L), total bilirubin (>5.1 umol/L), and
albumin (40-55 g/L). The prevalence for patients within
the last combination was 100%.
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4 Discussion
4.1 Individual risk indicators of COVID-19

The top five most important contributing indicators are
albumin, total bilirubin, monocyte count, ALT, and percent-
age of monocyte. Decreased serum albumin levels could
be observed in acute and chronic infectious diseases [24].
Our study found that hypoalbuminemia was one of the top
indicators for COVID-19, likely indicating higher albumin
catabolism in patients with COVID-19 than CAP (1= —2.34,
P=0.02). Hypoalbuminemia was also described in a previ-
ous retrospective study of 99 patients with COVID-19 led by
Liu etc. [4]. Liu’s study found that the incidence of hypoal-
buminemia among COVID-19 patients was as high as 98%
and that hypoalbuminemia, the most common laboratory
abnormality for patients with COVID-19, may be a vital
predictor of disease severity [4]. Rod et al. identified 60 risk
factors for COVID-19 severity by reviewing 17 articles and
analyzing the consistency of the association between risk
factors and a composite end-point of severe-fatal COVID-19,
among which serum albumin was one of the factors with a
high consistency of association [5].

Low levels of total bilirubin were also found to be one
of the most important contributing variables for COVID-
19 screen in our study. The evidence provided by prior
studies is inconsistent. A few reports [25, 26] showed that



Medical & Biological Engineering & Computing (2022) 60:1763-1774

1769

Globulin <20 g/L

Percentage of Neutrophil
< 50%

Percentage of Neutrophil
2 50%

Percentage of Monocyte
<8%

Percentage of Monocyte
>8%

Lymphocyte Count

Neutrophil Count <4%10°/L

<7*10%/L

Neutrophil Count
> 7*10°/L

Fig.4 The inter-relationship among selected clinical indicators

10.5-18% of patients with COVID-19 had a total bilirubin
level elevated slightly at the time of admission, but most of
the previous studies [27-29] demonstrated that the median
of total bilirubin level in patients was in the normal range,
and severe cases possessed higher levels than non-severe
cases.

More importantly, a high percentage of monocyte and
normal clinical levels of the monocyte count (compared to
CAP) were found to be significant predictors of COVID-
19 infection in our study. In the case of virus infection, the
count and proportion of leukocytes might alter, includ-
ing granulocytes, lymphocytes, and monocytes. Although
the recognized hematologic abnormality of COVID-19 is
currently lymphopenia, more literature has focused on the
monocytes in the patients with COVID-19, especially the
contribution of monocytes to immune response and the
development of vaccines. Chen etc. analyzed the hematolog-
ical changes of 113 deceased patients with COVID-19 and
found the median monocyte count was in the normal range
(0.4 x 10°/L) [27]. In another study, there was no significant
difference in the total number of monocytes between patients
with COVID-19 and healthy individuals [30]. However, they
discovered an increased proportion of activated monocytes
in patients with COVID-19 by performing a detailed flow
cytometric analysis of peripheral blood samples, which is
consistent with our finding.

Our study also showed lower or normal ALT level in the
patients with COVID-19 compared to CAP. However, some
previous studies showed that 12-32% of the COVID-19

Total Bilirubin
< 5.1 umol/L

Percentage of Monocyte

Lymphocyte Count
>4*10%/L

Globulin 220 g/L

Total Bilirubin
2 5.1 umol/L

Albumin > 55 g/L

Albumin €55 g/L

Percentage of Monocyte
>8% Albumin < 40 g/

Hemoglobin Level
>105g/L

Albumin 240 g/L

Hemoglobin Level
<105g/L

patients had elevated ALT levels at the time of admission
[26, 29, 31]. Actually, these results are not contradictory.
Our study focuses on the mean ALT level instead of the pro-
portion of abnormal cases. All of the previous studies dem-
onstrated the median or mean of total COVID-19 patients
was in the normal range, which is consistent with our result.

4.2 Contributors grouped by system

To observe the predictive power of the joint effects of mul-
tiple predictors identified more intuitively and to improve
the interpretability of the prediction model, we categorized
and scored each variable according to systems. The top five
prominent systematic predictive factors for COVID-19 are
liver function, increasing monocyte, plasma protein, granu-
locyte, and renal function. These results might be related
to the pathophysiological mechanism of COVID-19. Some
recent studies [32, 33] demonstrated that liver damage in
patients with severe COVID-19 may be caused by direct
injury of SARS-CoV-2 through binding to the angiotensin-
converting enzyme 2 (ACE2) receptor, the key receptor for
SARS-CoV-2 cell entry, on cholangiocytes [34]. A cross-
sectional study collected the liver function tests of 417
COVID-19 cases at admission and during hospitalization
[32]. This study found that the presence of abnormal liver
function testing after hospitalization for 2 weeks became
more pronounced than that at admission; therefore, liver
injury of the patient with COVID-19 was mainly related to
medication used during hospitalization.
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In addition, most prior studies identified significant
morphological and functional differences in monocytes in
COVID-19 [30]. Besides count and proportion, the mor-
phological and function of monocytes varied in an obvious
manner in the immune mechanism of COVID-19. Zhang
etc. detected the phenotype of monocytes of COVID-19
patients by flow cytometry and found that those monocytes
are expressed with CD11b, CD14, CD16, CD68, CD80,
CD163, and CD206 and secrete IL-6, IL-10, and TNF-alpha
[30]. At the same time, the patients with COVID-19 had
larger monocytes under the microscope than the normal pop-
ulation. The possible mechanism is that the monocytes and
macrophages in patients with COVID-19 may be infected
by SARS-CoV-2, but after that, they can produce various
cytokines and chemokines that can contribute to cytokine
storm [35].

Furthermore, immunoglobulin is the most important
component of globulin and along with albumin and total pro-
tein consists of plasma protein. Humoral immunity played a
vital role in the immune responses during the SARS-CoV-2
infection. A prospective cohort followed 67 COVID-19
patients and found that patients with lower IgG titer had a
higher rate of viral clearance [36]. As a result, we specu-
lated that the decrease of globulin in our patients might be
related to the depletion of immunoglobulin responsible for
clearing the virus. As documented by other studies, a key
difference between bacterial and viral pneumonia is found
in the counts of granulocyte, which was also consistent with
our result that granulocyte was one of the top five systematic
indicators.

Finally, in accordance with our findings of elevated
creatinine and BUN levels among the COVID cases [37],
renal abnormalities and dysfunction have been reported to
be closely associated with COVID-19, and the majority of
patients with COVID-19 presented with proteinuria, hema-
turia, and acute kidney injury at the early stage of their infec-
tion [38]. More clinically important, the renal complications
were reported to be related to high mortality among patients
with COVID-19 [38].

4.3 Inter-relationship among risk factors

Our decision tree model identified five combinations of the
inter-relationships among the selected variables. The most
important combinations of the COVID-19 predictors with
100% prevalence at the end include (1) globulin <20 g/L. and
percentage of neutrophil < 50% and (2) globulin >20 g/L,
total bilirubin > 5.1 umol/L, and albumin 40-55 g/L. Addi-
tionally, the combination with 90% prevalence comprises
globulin >20 g/L, total bilirubin < 5.1 umol/L, percentage
of monocyte > 8%, and hemoglobin level > 105 g/L; and
the combination with 83.3% prevalence consists of globu-
lin <20 g/L, percentage of neutrophil > 50%, percentage of
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monocyte > 8%, and neutrophil count <7 x 10%/L. These
combinations are very convenient for physicians to use and
could provide a key reference in early clinical screening.
Hence, the predictive EBM model built in this study could
provide a better prediction and minimize the potential mis-
classification error.

4.4 Machine learning models for COVID-19 screen

Our study aimed to help early screening for COVID-19 cases
easier and affordable by using the existing and routinely
collected clinical data, which could fill current knowledge
gaps. In addition, there were some studies trying to use
machine learning to help screen COVID-19, but these stud-
ies suffered from potential problems, including small sample
sizes and outcome misclassification [12—14], requiring CT
or image reports [15—17], validation issues [17], and non-
representative controls [39]. To address the methodologic
problems or uncertainty issues from the previous studies, we
have used the methods to increase methodological validity
as described below: (1) used all existing and routinely col-
lected laboratory data to maximize feasibility and practi-
cal use of our findings; (2) reduced case misclassification
bias by using clinically confirmed COVID-19 cases only;
(3) used CAP patients as the controls; (4) in addition to
using cross-validation for selecting the best combination of
model hyperparameters, we split the data into training set
and testing set and validated our model via testing set; and
(5) published our model online at https://xdeng3.shinyapps.
i0/COVID-19/ for easy access, practical usage, or research
purpose. Overall, the predictive probability from our model
aligned with observed probability very well from 0.2 to 1.0,
which demonstrated a good agreement between prediction
and observation when the probabilities ranged between 20
and 100%. However, when the observed probability was less
than 20%, our model had a little underestimation, which sug-
gested the observed probability could be 2—-7% higher than
the predicted probability.

4.5 Clinical implications

Our study and model aimed to help the early screening
for COVID-19 cases from CAP when the patient had
initial symptoms including fever, respiratory symptoms,
malfunctions of the liver or renal, or any suspected
pneumonia symptoms. Clinicians could use our findings to
screen cases earlier, tell if the patient should be quarantined
based on fast blood tests, and then arrange these suspected
cases for further diagnosis testing. It could help doctors’
instructions on suspected patients before the RT-PCR testing
results. Also, it could help patients self-determine if they
should be quarantined or isolated based on the blood tests.
To implement our model in practical settings, we developed
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an online predictive tool for differentiating patients with
COVID-19 from CAP (https://xdeng3.shinyapps.io/COVID-
19/). On this website, probabilities of having COVID-19
infection will be calculated after entering the values of top
predictors. In this way, early screening and quarantine of
patients with COVID-19 could be achieved. Our findings
may also help provide a basis to set the priority of arranging
nucleic acid detection for suspected cases according to their
clinical indicators.

4.6 Strengths and limitations

Our study had several strengths. First, we had innovatively
used CAP patients as a control group for COVID-19. This
control group had not been used in previous studies. Sec-
ond, our study analyzed 35 routinely tested clinical indica-
tors instead of just single, individual factors. All the indi-
cators that we analyzed were the most used and collected
routinely in clinical setting, which provide an effective tool
by leveraging the resources and clinical markers routinely
tested by clinical laboratories as the first step to screen-
ing COVID-19 infection from other common pneumonia.
In addition, the advantages of machine learning models
are that they are highly accurate and can easily handle
multiple correlated variables. By building this diagnostic
model, clinicians can screen patients with COVID-19 at
an early stage, resulting in optimized use of test kits, help-
ing early diagnosis, and early isolation or quarantine. Our
study also had some potential limitations. A limitation that
should be acknowledged was that we can only differenti-
ate COVID-19 from CAP instead of all other respiratory
diseases. However, CAP is the most common pneumonia
which has similar symptoms as COVID-19. Another limi-
tation was the small sample size we had. We would like to
incorporate more cases in our model; however, due to the
sensitivity of the COVID-19 data, it was difficult to obtain
the same clinical indicators from previous studies. Addi-
tionally, as most prior literature did not involve similar
clinical data as we did, it is difficult to compare and vali-
date our findings. However, our finding on the associations
of hypoalbuminemia, total bilirubin, monocyte, and ALT
levels with COVID-19 was consistent with prior studies [4,
5,25-27,29-31]. In other words, we still identified some
similar risk factors as found in previous studies even with
the limited sample size, but we might have missed some
other important risk factors due to our small sample size.
Therefore, the findings obtained from our studies should
be validated by future studies with larger sample sizes of
COVID-19 cases. On the other hand, our predictive model
could only help early screening for COVID-19 rather than
make the early diagnosis, which is a common issue faced
by most all predictive models.

5 Conclusion

We found that the top five contributing indicators of
COVID-19 are albumin, total bilirubin, monocyte count,
ALT, and percentage of monocyte, and these factors could
help screen COVID-19 from CAP. Additionally, the top
systematic predictors of COVID-19 are liver function,
monocyte increasing, plasma protein, granulocyte, and
renal function. We also identified the most optimal com-
binations of the selected predictors to interpret their inter-
relationships. These findings and innovative EBM methods
may provide new directions to screen and distinguish sus-
pected COVID-19 cases from common pneumonia.
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characteristic; OR: Odds ratio; EBM: Explainable Boosting Machine
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