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Abstract
Background Accurate prognosis is important either after acute infection or during long-term follow-up of
patients infected by severe acute respiratory syndrome coronavirus 2. This study aims to predict
coronavirus disease 2019 (COVID-19) severity based on clinical and biological indicators, and to identify
biomarkers for prognostic assessment.
Methods We included 261 Vietnamese COVID-19 patients, who were classified into moderate and severe
groups. Disease severity prediction based on biomarkers and clinical parameters was performed by
applying machine learning and statistical methods using the combination of clinical and biological data.
Results The random forest model could predict with 97% accuracy the likelihood of COVID-19 patients
who subsequently worsened to the severe condition. The most important indicators were interleukin (IL)-6,
ferritin and D-dimer. The model could still predict with 92% accuracy after removing IL-6 from the
analysis to generalise the applicability of the model to hospitals with limited capacity for IL-6 testing. The
five most effective indicators were C-reactive protein (CRP), D-dimer, IL-6, ferritin and dyspnoea. Two
different sets of biomarkers (D-dimer, IL-6 and ferritin, and CRP, D-dimer and IL-6) are applicable for the
assessment of disease severity and prognosis. The two biomarker sets were further tested through machine
learning algorithms and relatively validated on two Danish COVID-19 patient groups (n=32 and n=100).
The results indicated that various biomarker sets combined with clinical data can be used for detection of
the potential to develop the severe condition.
Conclusion This study provided a simple and reliable model using two different sets of biomarkers to
assess disease severity and predict clinical outcomes in COVID-19 patients in Vietnam.

Introduction
The pandemic caused by the novel strain of coronavirus (severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2)) since December 2019 is still spreading over the world [1] with new variants causing at
least six or seven successive waves of infections to date [2]. Although vaccines for coronavirus disease
2019 (COVID-19) are available and vaccination has been administered in most parts of the world, the
number of COVID-19 cases is still increasing rapidly and numerous people are still losing their lives due
to the disease [3]. The course of COVID-19 disease ranges from mild self-limiting symptoms to severe and
lethal complications such as acute respiratory distress syndrome (ARDS) and multi-organ failure [1, 3, 4].
SARS-CoV-2 virus, especially delta and omicron variants, is likely to spread very quickly, and the
mortality rate due to SARS-CoV-2 is estimated at 2–3% and mainly in patients with certain disease
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backgrounds [4]. When infected with SARS-CoV-2, the viral particles enter the host cells via
angiotensin-converting enzyme 2 receptors. Subsequently, the host immune system responds to
SARS-CoV-2 infection through cascades of inflammation, cytokine storms and activation of coagulation.
These host responses may eventually lead to severe complications and death [5, 6]. Thus, looking for
laboratory parameters that could help forecast the progression of COVID-19 toward severity and/or
mortality is highly needed especially in at-risk patients and many studies have been conducted to serve this
purpose. A large number of biomarkers such as inflammatory factors (interleukins (ILs), C-reactive protein
(CRP), procalcitonin (PCT) and lactate dehydrogenase (LDH)), coagulative parameters (D-dimer and
fibrinogen) and blood counts have been identified for the management of COVID-19 patients [7]. Of these,
levels of IL-6, CRP, D-dimer, PCT and ferritin have been highlighted as potential prognostic and treatment
response biomarkers for clinical practice [7, 8].

The cytokine storm has been described in COVID-19 patients and is characterised by a massive secretion
of cytokines including IL-1, IL-6 and tumour necrosis factor-α, which are associated with disease severity
and death from COVID-19 [9]. IL-6 is secreted by a variety of immune cells in response to infection and
plays a central role in regulating the outcome of infectious diseases including SARS-CoV-2 infection [10].
IL-6 is important for regulating B- and T-cell responses, and for coordinating innate and adaptive
immunity [11]. IL-6 is able to regulate cell survival, proliferation and differentiation, and may direct both
pro-inflammatory and anti-inflammatory outcomes in infections [12]. IL-6 is strongly induced and serum
IL-6 levels are significantly elevated in inflammatory and infectious conditions. IL-6 is also observed to be
massively increased in a majority of COVID-19 patients [13], and is closely correlated with severity and
bilateral interstitial lung involvement [14]. Thus, IL-6 has been identified as a vital biomarker of disease
severity and predictor of mortality.

D-dimer, a product of fibrin degradation during fibrinolysis, is found in the circulatory system and is a
marker for coagulation disorders [15]. Recently, increased D-dimer levels have been commonly observed
in patients with COVID-19 and identified as a vital prognostic biomarker for disease severity and mortality
[16, 17]. CRP levels appear as one of the best markers for the prediction of development of severe disease
among non-severe COVID-19 cases [7]. Although the contribution of ferritin levels in COVID-19 patient
stratification is still debated, a study identified ferritin as an independent risk factor for severity in
COVID-19 patients [18]. In addition, a meta-analysis of 25 studies with 5350 patients showed that elevated
serum CRP, D-dimer and serum ferritin levels were associated with an increased risk of severe COVID-19
but not with mortality in COVID-19 patients [8].

The outcome of SARS-CoV-2 infection is largely dependent on viral virulence and variability as well as
the host’s genetic background [19]. Although serum levels of D-dimer, IL-6, CRP and ferritin have been
well documented as biomarkers for the prediction of disease progression and mortality, and guide the
management of COVID-19 patients in different world populations, there is no study describing the
prognostic values of combinations of these biomarkers with various clinical parameters in COVID-19
patients living in low- and middle-income countries (LMICs) such as Vietnam. The current study aims to
analyse the serum levels of these biomarkers and their association with clinical outcomes in Vietnamese
COVID-19 patients. The results could provide more evidence of the diagnostic and prognostic value of
these biomarkers for the management of COVID-19 patients hospitalised both in general and specialised
medical centres.

Methods
Ethical approval
The study was conducted in accordance with the principles of the Declaration of Helsinki. The study was
approved by Military Hospital 175 (Ho Chi Minh City, Vietnam) according to decision 4889 BV/NCKH
signed on 31 December 2021 and the North Denmark Region Committee on Health Research Ethics
(protocol N-20200031).

Patient selection and data collection
A retrospective study was performed on 261 Vietnamese patients with SARS-CoV-2 infection enrolled at
the COVID-19 Treatment Centre, Military Hospital 175, from 26 July to 22 November 2021. These 261
Vietnamese patients were confirmed positive with SARS-CoV-2 infection by real-time reverse transcriptase
(RT)-PCR and were classified into two groups (mild/moderate and severe/critical) based on medical
history, clinical symptoms and results of laboratory tests (figure 1). The classification was based on the
World Health Organization classification (WHO/2019-nCoV/clinical/2021.2) and adapted by the Vietnam
Ministry of Health according to decision 4689/QD-BYT on the issuance of “Guidelines for the diagnosis
and treatment of COVID-19” in Vietnam. The “severe” group included 200 patients who were diagnosed
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with severe/critical conditions, and were further classified into two subgroups based on mortality status
(“severe-alive” and “severe-dead)”. The “moderate” group included 61 patients who were diagnosed with
mild/moderate conditions.

Clinical symptoms classification
The clinical symptoms of severe disease include signs and symptoms of pneumonia accompanied by one
of the following signs: breathing >25 breaths·min−1, accessory respiratory muscle contraction, peripheral
oxygen saturation (SpO2

) <94% when breathing room air, circulatory symptoms such as fast or slow heart
rate, nervous symptoms such as restlessness or languor and fatigue. Other paraclinical manifestations
include: chest radiography and chest computed tomography (CT) scan showing lung lesions in >50% area
of the lungs, levels of arterial blood gas partial pressure of oxygen (PaO2

)/fraction of inspired oxygen (FIO2
)

of 200–300, and detection of multiple sonographic B-lines by ultrasound. Patients are considered to have
the critical condition if clinical symptoms include rapid breathing >30 breaths·min−1 or slow breathing <10
breaths·min−1, signs of severe respiratory failure with laboured breathing, abnormal breathing, decreased
consciousness or coma, fast or possibly slow heart rate, low blood pressure, or oliguria or anuria. Other
paraclinical manifestations include: chest radiography or chest CT scan showing >50% lung damage,
PaO2

/FIO2
<200, respiratory acidosis, blood lactate >2 mmol·L−1 and detection of multiple sonographic

B-lines by ultrasound.

Comorbidities were diagnosed based on medical history, clinical examination and results of laboratory
tests, regardless of age and gender. All related epidemiological and demographic information, clinical
symptoms and laboratory parameters were collected for further analyses from medical records.

All clinical data were extracted from the hospital database. Details of the laboratory tests are described in
the supplementary material.

Relative validation cohort
A relative validation cohort was chosen from 132 Danish patients with SARS-CoV-2 infection enrolled at
the COVID-19 Treatment Centre, Aalborg University Hospital (Aalborg, Denmark). These Danish
COVID-19 patients were divided into two groups (figure 1). Group 1 included 32 patients who were
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FIGURE 1 Flowchart of the study. sPLS-DA: spare partial least squares discriminant analysis.
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confirmed positive with SARS-CoV-2 infection by RT-PCR from 12 April 2020 to 5 May 2020, and were
classified into a severe/hospitalised (“severe”) subgroup based on medical history, clinical symptoms and
results of laboratory tests according to the WHO classification (WHO/2019-nCoV/clinical/2021.2).

Group 2 recruited 100 Danish COVID-19 patients from 25 March 2020 to 2 February 2021, divided into
two subgroups. The first subgroup included 66 patients who were diagnosed with severe/critical conditions
(“severe”) and were further classified into two subgroups based on mortality status (“severe-alive” and
“severe-dead”). The second subgroup included 34 patients who were diagnosed with mild/moderate
(“moderate”) conditions.

Patients from each validation group included several follow-up samples. All clinical data were extracted
from the LABKA database that holds information on blood samples from all hospital visits, including
emergency departments, outpatient consultations and admissions to the hospital.

Statistical analysis
Statistical evaluation, biomarker prognostic design and testing
We used the modified MetaboAnalystR 2.0 R package (https://github.com/biocyberman/MetaboAnalystR/
tree/dev) and R package for all univariate and multivariate statistical analysis, biomarker design and
validation.

Spare partial least squares discriminant analysis (sPLS-DA) was conducted to identify the biochemical
marker contributing to discrimination between groups. For evaluation of the classification performance of
the sPLS-DA model, a five-fold cross-validation was chosen. With this model, the error rate has been
calculated to evaluate the performances.

A classical univariate receiver operating characteristic (ROC) curve analysis was performed to assess the
strength of association between individual metabolites and stages of COVID-19 disease. The ROC curve
summarises the sensitivity and specificity of that single feature to accurately classify data, which can then
be used to compare the overall accuracy of different biomarkers.

Clinical outcome prediction
The random forest algorithm [20] was used to develop classification models and predict outcomes for the
patients. Data is divided randomly into a training set and a test set, with 80% of patients in the training set
and 20% in the test set. Hyperparameters (i.e. max_depth, max_features and n_estimators) were tuned by
using cross-validation search. The best set of parameters is chosen by setting the “scoring” parameter to
the combination of “accuracy”, “F1” and “precision” score. The combination of hyperparameters that
resulted in the highest score of the scoring criteria was selected and used for training the model. The test
dataset was then used to test prediction accuracy. The result was then summarised in a confusion matrix.
Features (i.e. columns of data) that have the most influence on the outcome are sorted as produced by the
importance list.

Results
Patient baseline, non-biochemical indicator outcome groups comparison
A total of 261 Vietnamese patients with confirmed COVID-19 were eligible for the final analysis, of
which 61 were stratified to the moderate group, 81 were stratified to the severe group and dead
(severe-dead) and 119 were stratified to the severe group who eventually survived (severe-alive) (figure 1).
The median age was 55 years (interquartile range 20 years; range 19–98 years) and 125 (47.9%) were
male. Of the 261 patients, 213 (81.6%) had ⩾1 coexisting medical conditions. Hypertension (104
(39.8%)), diabetes (77 (29.5%)), heart failure (28 (10.7%)) and overweight (56 (21.5%)) were the most
common coexisting conditions. The most common symptoms at onset of illness were fever (95 (36.4%)),
fatigue (47 (18%)), dry cough (130 (49.8%)), exhausted (33 (12.6%)) and dyspnoea (162 (62.1%))
(table 1). The number of comorbid diseases in severe patients (n=200) was significantly higher than that in
moderate patients, particularly for hypertension (102 (50.2%) versus 2 (3.3%)), diabetes (75 (37.5%)
versus 2 (3.3%)), heart failure (28 (14.0%) versus 0 (0.0%)), high risk (127 (63.5%) versus 13 (21.3%))
and overweight (56 (28.0%) versus 0 (0.0%)). Compared with the moderate group, severe patient groups
were more likely to report ARDS (130 (65.0%) versus 0 (0.0%)). There was a much higher number of
ARDS in the severe-dead group compared with the severe-alive group (72 (88.9%) versus 58 (48.7%)).
The severe patients were more likely to report dyspnoea (80.5% versus 2%, respectively).

There were no significant differences in age and sex of patients who belong to the moderate group and
patients who belong to the severe group.
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Biochemical profile variance from COVID-19 patients in different groups
We included all 12 common biochemical markers from COVID-19 samples for the analysis (figure 2). A
total of eight markers were significantly different between at least one pair of groups. Higher levels of
alanine transaminase (ALT), IL-6, D-dimer, CRP and ferritin were observed in the severe groups than in
the moderate group (p<0.05 for all). In addition, patients from the severe-dead group showed lower levels
of albumin and platelets compared with the severe-alive and moderate groups.

Through sPLS-DA, we could differentiate between moderate versus severe-dead groups and between
moderate versus severe-alive groups with an overall cross-validation accuracy of 82% and 79%,
respectively (figure 3a and b). sPLS-DA cannot distinguish severe-alive from severe-dead based on the 12
biochemical markers (data not shown).

We discovered that CRP, D-dimer, IL-6, ferritin and white blood cells were contributing biochemical
markers to separate moderate from severe-dead groups based on a combination of a p-value of <0.05 and a
fold change value. ROC curve analysis for individual biochemical markers demonstrated that D-dimer,
IL-6, CRP and urea had the highest area under the curve (AUC) of 0.95, 0.93, 0.83 and 0.70, respectively
(figure 4b).

The volcano plot analysis showed that CRP, D-dimer, IL-6 and ferritin were also top biochemical markers
changing between moderate and severe-alive groups (data not shown). Among them D-dimer, IL-6 and
ferritin showed the highest AUC values (figure 4a).

Clinical outcome prediction and marker selection
Based on the random forest analysis, IL-6 was the most important predictor of critical illness in patients
with COVID-19 pneumonia, followed by ferritin, dyspnoea, D-dimer and CRP (figure 5a). 10 variables
with the most significant values identified by random forest (IL-6, ferritin, dyspnoea, D-dimer, CRP,
cough, fever, hypertension, platelets and ALT) were then used for machine learning models to predict
critically ill patients with COVID-19 pneumonia. The model could predict with 96% accuracy the
likelihood of COVID-19 patients worsening to the severe condition. The random forest model achieved a
sensitivity of 92%, specificity of 100% and F1 score of 0.96% (figure 5b). When the model went deeper
for analysing the subgroups of severe patients, the random forest model could predict with 87% and 82%
accuracy for the severe-alive and severe-dead group, respectively (figure 5c). The model could still predict
with 92% accuracy for severe patients after removing IL-6 from the analysis to generalise the applicability

TABLE 1 Study characteristics, comorbidities and presenting symptom-related variables among Vietnamese
COVID-19 patients

Characteristics Total (n=261) Moderate (n=61) Severe (n=200)

Severe-alive (n=119) Severe-dead (n=81)

Age (years) 55±15 57±17 52±14 58±13
Male 125 (48) 26 (43) 68 (57) 31 (38)
Comorbidities
ARDS 130 (50) 0 (0) 58 (49) 72 (89)
CART 14 (5) 0 (0) 7 (6) 7 (9)
Diabetes 77 (30) 2 (3) 39 (33) 36 (44)
ECMO 7 (3) 0 (0) 7 (6) 0 (0)
Heart failure 28 (11) 0 (0) 15 (13) 13 (16)
High risk# 140 (54) 13 (21) 73 (61) 54 (67)
Hypertension 104 (40) 2 (3) 59 (50) 43 (53)
Postpartum 6 (2) 0 (0) 5 (4) 1 (1)

Clinical symptoms
Dry cough 130 (50) 2 (3) 82 (69) 46 (57)
Dyspnoea 162 (62) 1 (2) 96 (81) 65 (80)
Exhausted 33 (13) 0 (0) 15 (13) 18 (22)
Fatigue 47 (18) 1 (2) 28 (24) 18 (22)
Fever 95 (36) 0 (0) 61 (51) 34 (42)

Data are presented as mean±SD or n (%). ARDS: acute respiratory distress syndrome; CRRT: continuous renal
replacement therapy; ECMO: extracorporeal membrane oxygenation. #: people with health conditions that affect
their immune system such as lung disease.

https://doi.org/10.1183/23120541.00481-2022 5

ERJ OPEN RESEARCH ORIGINAL RESEARCH ARTICLE | H.T.T. NGUYEN ET AL.



1000

800

600

400

200

0

A
LT

 (
U

·L
–

1
)

Moderate Severe-alive Severe-dead

50

40

45

35

30

25

20

A
lb

u
m

in
 (

g
·L

–
1
)

Moderate Severe-alive Severe-dead

800

600

400

200

0

A
S

T
 (

U
·L

–
1
)

Moderate Severe-alive Severe-dead

800

700
600
500
400
300
200
100

0

C
re

a
ti

n
in

e
 (
�m

o
l·

L
–

1
)

Moderate Severe-alive Severe-dead

1500

1000

500

0

IL
-6

 (
p

g
·m

L
–

1
)

Moderate Severe-alive Severe-dead

100

60

80

40

20

0

D
-d

im
e

r 
(×

1
0

3
 m

g
·L

–
1
)

Moderate Severe-alive Severe-dead

500

400

300

200

100

0

C
R

P
 (

m
g

·L
–

1
)

Moderate Severe-alive Severe-dead

3000

3500

2000

2500

1500

1000

500

0

F
e

rr
it

in
 (
�g

·L
–

1
)

Moderate Severe-alive Severe-dead

700

500
600

400

300

100
200

0

P
LT

 (
×

1
0

3
 �

L
–

1
)

Moderate Severe-alive Severe-dead

200

150

100

50

P O
2 (

m
m

H
g

)

Moderate Severe-alive Severe-dead

50

30

40

20

10

0

U
re

a
 (

m
m

o
l·

L
–

1
)

Moderate Severe-alive Severe-dead

50

30

40

20

10W
B

C
 (

×
1

0
3
 �

L
–

1
)

Moderate Severe-alive Severe-dead
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of the model to hospital settings with limited capacity for IL-6 testing. However, the prediction model
without IL-6 could not predict so well with the subgroups of severe patients; the accuracy of each group
was 79% and 72% for the severe-alive and severe-dead group, respectively (data not shown).

Biomarker analysis using classical univariate ROC curve analysis also showed that four biomarkers that are
the most important predictors of critical illness with the random forest model (CRP, D-dimer, IL-6 and
ferritin) were related to the potential severe condition. Among those, a set of three biomarkers (D-dimer,
IL-6 and ferritin) was linked to the likelihood of recovery in patients with severe COVID-19. Another set
of four biomarkers (CRP, D-dimer, IL-6 and urea) could differentiate moderate from severe-dead patients.
Therefore, these four variables (D-dimer, CRP, ferritin and IL-6) were further used for machine learning
models. The random forest model could predict with 93% accuracy the likelihood of COVID-19 patients
worsening to the severe condition, with a sensitivity of 92%, specificity of 95% and F1 score of 88%
(figure 6a).

The model could still predict with 86% accuracy after removing IL-6 from the analysis to generalise the
applicability of the model to hospital settings with limited capacity for IL-6 testing (figure 6b).

When CRP was not included in the model due to its low value of importance, the random forest model
could predict with 98% accuracy the likelihood of COVID-19 patients worsening to the severe condition.
This model with only three factors (D-dimer, ferritin and IL-6) could achieve a sensitivity of 100%,
specificity of 95% and F1 score of 92% (figure 6c). We should emphasise that the four factors used in the
random forest model could not give high accuracy prediction for deeper group separation of severe
patients.

Relative biomarker validation
Two Danish COVID-19 patient groups (Group 1: n=32 (median age 80 years, range 54–84 years) and
Group 2: n=100 (median age 79 years, range 30–96 years)) were used to validate the potential of CRP,
D-dimer, ferritin and IL-6 markers for predicting the severe condition. In the first Danish COVID-19
patient group, when using all four markers (CRP, D-dimer, ferritin and IL-6) for predicting outcome, the
random forest model could predict the severe patient group with 84.8% accuracy (figure 7a). Significantly
higher levels of IL-6 were observed in the hospitalised COVID-19 patient subgroups than in the none
COVID-19 group with an AUC of 0.82 (figure 7b). A higher prediction value (88% accuracy) was
observed when only three factors (D-dimer, ferritin and IL-6) were used (figure 7c). However, when IL-6
was removed from the model, the accuracy of model prediction for the severe group was only 60% (figure
7d). A similar result was seen in the second Danish COVID-19 patient cohort. 76.5% accuracy was
obtained from the prediction model for the severe group when using only three markers (CRP, D-dimer
and ferritin) (data not shown).
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The results indicated the model based on four markers, i.e. CRP, D-dimer, ferritin and IL-6, had the
potential to predict the likelihood of the severe condition in patients with COVID-19.

Discussions
Outcome prediction is of high interest for many purposes, and even more during the COVID-19 pandemic,
especially in LMICs with overall limited medical resources such as Vietnam. It is useful for the planning
of resources and infrastructure in efforts to monitor and control the epidemic. It is a reference for doctors
to understand risk factors. For patients, however, the information should be handled with care due to the
personal and psychological impacts.

This study is the first of its kind to build outcome prediction models and prognostic biomarkers for
COVID-19 patients in Vietnam based on common biomarkers. In particular, four biological markers, i.e.
CRP, D-dimer, ferritin and IL-6, had the potential to predict the likelihood of severity in patients with
COVID-19 with high accuracy (up to 96%). Our analytical model could still predict with 92% accuracy
after removing IL-6 from the analysis to generalise the applicability of the model to hospitals with limited
or no capacity for IL-6 testing.

In the present study, patients who died were more likely to be middle aged and with a pre-existing
comorbidity. Our results are different from those published from large cohorts of patients hospitalised with
COVID-19 in the UK, USA and Denmark. The median age of patients who died in our study was
58 years, which is much younger compared with patients included in studies from the UK (median
80 years) [21] and Denmark (median 81 years) [22]. Another remarkable difference relates to our findings
of a greater proportion of deaths among female patients with pre-existing comorbidity. Differences are
most likely due to a variety of factors, including regional differences concerning demographics, healthcare
systems, preparedness and knowledge of COVID-19 at the time of the pandemic outbreak.

The pandemic caused by SARS-CoV-2 is still spreading over the world and has led to a tremendous
burden on healthcare systems in developing countries such as Vietnam, where resources are scarce,
including medical equipment and human resources. A simple and accurate prediction model based on
critical clinical parameters to classify patients and allocate scarce resources efficiently is needed. This is
especially important to identify vulnerable patients at risk of severe illness that may rapidly deteriorate,
requiring timely more aggressive support to reduce mortality. Hence, our study results may be applied as

FIGURE 4 Biomarkers of early COVID-19 severity diagnosis. Receiver operating characteristic (ROC) curve analysis of individual biomarkers for
distinguishing a) moderate and severe-alive groups and b) moderate and severe-dead groups. The computed 95% confidence interval for individual
biomarkers is highlighted in the shaded background over the ROC curve. The area under the ROC curve (AUC) is shown in red to highlight the
diagnostic potential of the corresponding biomarker. The box-and-whisker plots shown on the right side of each ROC curve plot revealed
significantly different levels of these biomarkers in the two compared groups. IL: interleukin; CRP: C-reactive protein.

a)

Factor                            Importance

IL-6 17.36

Ferritin 13.40

Dyspnoea 9.87

D-dimer 9.35

CRP 4.90

Cough 3.93

Fever  2.06

Hypertension 1.75

PLT 1.59

ALT 1.59

b)

Metric                                   Value

Sensitivity 0.92

Specificity 1.00

PPV 1.00

NPV 0.98

Precision 1.00

Recall 0.92

F1 0.96

Prevalence 0.24

Detection rate 0.22

Detection prevalence 0.22

Balanced accuracy 0.96

c)

Metric                               Moderate                 Severe-alive                 Severe-dead

Sensitivity 1.00 0.91 0.69

Specificity   1.00 0.82 0.94

PPV 1.00 0.81 0.85

NPV 1.00 0.92 0.87

Precision 1.00 0.81 0.85

Recall 1.00 0.91 0.69

F1 1.00 0.86 0.76

Prevalence 0.24 0.45 0.31

Detection rate 0.24 0.41 0.22

Detection prevalence 0.24 0.51 0.25

Balanced accuracy 1.00 0.87 0.82

FIGURE 5 Prediction model metrics using 10 factors: interleukin (IL)-6, ferritin, dyspnoea, D-dimer, C-reactive protein (CRP), cough, fever,
hypertension, platelets (PLT) and alanine transaminase (ALT). a) The 10 most important predictors of critical illness in patients with COVID-19
pneumonia identified by random forest analysis. b, c) Prediction model metrics using 10 factors for b) two groups (moderate and severe) and c)
three groups (moderate, severe-alive and severe-dead). PPV: positive predictive value; NPV: negative predictive value.
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helpful biomarkers building a simple prediction model in the early management of high-risk COVID-19
patients to improve prognosis and mortality rates. Despite the good results, the accuracy of the prediction
model obtained from the validation cohort was not as high as the accuracy obtained from the investigation

a)

Factor                            Importance

IL-6 30.99

Ferritin 24.61

D-dimer 13.27

CRP 6.16

                              Moderate     Severe

Moderate 11 2

Severe 1 38

Metric                                   Value

Sensitivity 0.92

Specificity 0.95

PPV 0.85

NPV 0.97

Precision 0.85

Recall 0.92

F1 0.88

Prevalence 0.23

Detection rate 0.21

Detection prevalence 0.25

Balanced accuracy 0.93

b)

Factor                            Importance

Ferritin 42.23

D-dimer 24.54

CRP 8.27

                              Moderate     Severe

Moderate 9 1

Severe 3 39

Metric                                   Value

Sensitivity 0.75

Specificity 0.98

PPV 0.90

NPV 0.93

Precision 0.90

Recall 0.75

F1 0.82

Prevalence 0.23

Detection rate 0.17

Detection prevalence 0.19

Balanced accuracy 0.86

c)

Factor                            Importance

IL-6 37.57

Ferritin 27.24

D-dimer 10.23

                              Moderate     Severe

Moderate 12 2

Severe 0 38

Metric                                   Value

Sensitivity 1.00

Specificity 0.95

PPV 0.86

NPV 1.00

Precision 0.86

Recall 1.00

F1 0.92

Prevalence 0.23

Detection rate 0.23

Detection prevalence 0.27

Balanced accuracy 0.98

FIGURE 6 a) Prediction model metrics using four factors (D-dimer, CRP, ferritin and interleukin (IL)-6), b) removal of IL-6 from analysis to generalise
the applicability of the model to hospital settings and c) prediction model metrics using three factors (IL-6, D-dimer and ferritin). PPV: positive
predictive value; NPV: negative predictive value.
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FIGURE 7 a) Confusion matrix: four factors (C-reactive protein (CRP), D-dimer, ferritin and interleukin (IL)-6)). b)
Receiver operating characteristic curve (ROC) for IL-6: hospitalised COVID-19 patient group versus non-COVID-19
patient group. The computed 95% confidence interval for IL-6 is highlighted in the shaded background over
the ROC curve. The area under the ROC curve (AUC) is shown in red to highlight the diagnostic potential of IL-6.
The box-and-whisker plots shown on the right side of the ROC curve plot revealed significantly higher levels
of IL-6 in the COVID-19 group compared with the non-COVID-19 group. c) Confusion matrix: three factors
(D-dimer, ferritin and IL-6). d) Confusion matrix: three factors (CRP, D-dimer and ferritin).
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cohort (84.8% versus 96%). However, the results are sufficient and helpful in developing policies for
prevention and responses to reduce critical adverse and poor outcomes of COVID-19.

Although the sPLS-DA model cannot differentiate severe-alive from severe-dead based on 12 biochemical
markers, alternative biomarker sets can still be used to detect patients who will potentially develop the
severe condition. The markers CRP, D-dimer, IL-6 and urea were associated with higher risk of death,
while the combination of D-dimer, IL-6 and ferritin was linked to the likelihood of recovery in patients
with severe COVID-19. Our study findings are consistent with those from same-size cohorts of COVID-19
patients hospitalised in China and Italy [23], and data reported in large meta-analyses and review papers
[24, 25]. GHAHRAMANI et al. [26] completed a meta-analysis in Asian populations looking at laboratory
features of severe versus non-severe COVID-19 patients and identified a range of abnormal biomarkers that
were elevated in severe patients, including high levels of neutrophils, ALT, aspartate transaminase, total
bilirubin, blood urea nitrogen, creatinine, erythrocyte sedimentation rate, CRP, PCT, LDH, fibrinogen,
prothrombin time, D-dimer, glucose and neutrophil-to-lymphocyte ratio, as well as reduced lymphocytes,
monocytes and eosinophils, haemoglobin, platelets, albumin, serum sodium, and lymphocyte-to-CRP ratio,
leukocyte-to-CRP ratio and leukocyte-to-IL-6 ratio. We were able to expand on these findings, reporting
that several laboratory parameters including elevated CRP, D-dimer, ferritin, IL-6 and ALT were associated
with the severe group. Albumin, platelets and urea were the only biomarkers associated with increased risk
of patient death. Although this association did not reach statistical significance as the AUC was <0.7, these
biomarkers might help in early triage selecting COVID-19 patients with high risk of death in whom more
extensive investigations and closer monitoring would be indicated. Abnormal values of biomarkers
reflecting organ damage, including urea and D-dimer, were associated with a higher risk of mortality.
Coagulopathy in severe COVID-19 is known to be associated with high morbidity and mortality [27].
COVID-19 coagulopathy is generally characterised by increased D-dimer (a fibrin degradation product
released when plasma cleaves cross-linked fibrin), increased LDH and mild thrombocytopenia [28].
Elevated D-dimer may in turn reflect respiratory failure among patients with COVID-19 related to
microvascular thrombotic processes [29]. High levels of urea observed in this study indicate the impact of
COVID-19 on renal functions. Blood urea nitrogen has been considered to be an independent risk factor
for mortality in COVID-19 patients [30]. COVID-19 patients with higher risk of mortality had higher
levels of CRP and IL-6, consistent with the known association between inflammatory pathways leading to
the cytokine storm resulting from severe infection and causing fatal end-organ damage [28].

Strengths and limitations
The main strength of this study is the multicentre nature, with a discovery cohort from Vietnamese patients
and a relative validation cohort from Danish patients. There are some limitations to this study that need to
be considered when interpreting the results. The main limitation of the study is its observational design
and the number of patients was relatively small to achieve a subgroup analysis. The timing of blood draws
is also a possible confounding factor. Some patients from the Vietnamese cohort may have had laboratory
biomarker assessment only at admission, but over time it may have provided more information about the
prognosis of variation in D-dimer, ferritin and IL-6. Moreover, various confounding conditions may have
affected the levels of laboratory biomarkers, including nutritional status, age, comorbidities and
insufficiently documented medications.

Conclusions
Our study results demonstrated that CRP, D-dimer, ferritin and IL-6 were significantly correlated with the
prognosis of severe COVID-19 patients. Furthermore, this study provided a simple and reliable model to
predict clinical outcomes for COVID-19 patients in Vietnam. Two different sets of biomarkers are
applicable for the assessment of disease severity and prognosis.
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