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A B S T R A C T

Background: Information regarding risk factors associated with severe coronavirus disease (COVID-19) is lim-
ited. This study aimed to develop a model for predicting COVID-19 severity.
Methods: Overall, 690 patients with confirmed COVID-19 were recruited between 1 January and 18 March
2020 from hospitals in Honghu and Nanchang; finally, 442 patients were assessed. Data were categorised
into the training and test sets to develop and validate the model, respectively.
Findings: A predictive HNC-LL (Hypertension, Neutrophil count, C-reactive protein, Lymphocyte count, Lac-
tate dehydrogenase) score was established using multivariate logistic regression analysis. The HNC-LL score
accurately predicted disease severity in the Honghu training cohort (area under the curve [AUC]=0.861, 95%
confidence interval [CI]: 0.800�0.922; P<0.001); Honghu internal validation cohort (AUC=0.871, 95% CI:
0.769�0.972; P<0.001); and Nanchang external validation cohort (AUC=0.826, 95% CI: 0.746�0.907;
P<0.001) and outperformed other models, including CURB-65 (confusion, uraemia, respiratory rate, BP, age
�65 years) score model, MuLBSTA (multilobular infiltration, hypo-lymphocytosis, bacterial coinfection,
smoking history, hypertension, and age) score model, and neutrophil-to-lymphocyte ratio model. The clinical
significance of HNC-LL in accurately predicting the risk of future development of severe COVID-19 was
confirmed.
Interpretation: We developed an accurate tool for predicting disease severity among COVID-19 patients. This
model can potentially be used to identify patients at risks of developing severe disease in the early stage and
therefore guide treatment decisions.
Funding: This work was supported by the National Nature Science Foundation of China (grant no. 81972897)
and Guangdong Province Universities and Colleges Pearl River Scholar Funded Scheme (2015).

© 2020 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
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1. Introduction

Coronavirus disease (COVID-19) is a communicable disease
caused by severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2). The first outbreak was reported in Wuhan, China in Decem-
ber 2019, and it was declared a pandemic on 11 March 2020 by the
World Health Organization [1]. Measures aimed at improving patient
care, increasing the efficiency of resource use, and decreasing the
mortality risk are urgently needed.
According to the reported data, the overall mortality rate was
2.3%, and no deaths were reported among non-severe cases [2]. An
estimated 19% of patients with SARS-CoV-2 infection developed
severe disease [2]. Furthermore, 61.5% of patients with the severe dis-
ease died within 28 days of admission [3]. In addition, treatment of a
large number of patients with severe COVID-19 constitutes a huge
strain on medical resources. Therefore, reducing the number of
patients with severe COVID-19 would contribute to decreasing the
associated mortality and the burden on medical resources. Although
symptomatic and supportive therapies are the mainstays of treat-
ment, these have limited efficacy since approximately 50% of patients
do not attain significant clinical and imaging remission after 10 days
in the hospital [4]. Therefore, early identification and triaging of
patients with potential severe COVID-19 and a high risk of mortality
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Research in context

Evidence before this study

Articles probing into risk factors of severe coronavirus disease
(COVID-19) and early identification of COVID-19 patients with
a high risk of disease progression were searched on PubMed on
25 May 2020 using the search terms (“SARS-Cov-2” OR “novel
coronavirus” OR “COVID-19”) AND (“progression” OR “deterio-
ration” OR “severe disease”) AND (“prediction” OR “predict” OR
“early identification”) without time or language restrictions. A
limited number of reports have identified age, Sequential Organ
Failure Assessment score, D-dimer level, coagulation dysfunc-
tion, and high neutrophil count as risk factors for severe
COVID-19. However, their application in predicting disease
severity has not been completely delineated. One study pro-
posed a clinical risk score, including 10 parameters, to predict
critical-type COVID-19. However, concise and effective clinical
models to predict disease progression with respect to severe
COVID-19 (including severe-type and critical-type) have not
been completely investigated and thus deserves intensive
research.

Added value of this study

In this retrospective multicohort study, the clinical characteris-
tics of 442 hospitalised COVID-19 patients were comprehen-
sively assessed. A predictive model (named the HNC-LL
[hypertension, neutrophil count, C-reactive protein, lympho-
cyte count, lactate dehydrogenase] score) was developed and
validated to enable early and accurate identification of COVID-
19 patients at a high risk of severe disease. Compared with the
CURB-65 score model, MuLBSTA score model, and neutrophil-
to-lymphocyte ratio model, the HNC-LL score performed better
in predicting COVID-19 severity. More importantly, the clinical
significance of the HNC-LL score in accurately predicting the
risk of future development of severe COVID-19 was confirmed
in subgroup analyses.

Implications of all the available evidence

There is a need to pay particular attention to the neutrophil
count, lymphocyte count, lactate dehydrogenase level, hyper-
tension, and C-reactive protein level when COVID-19 patients
are admitted to the hospital. Risk assessment based on the
HNC-LL score is recommended for all COVID-19 patients on
admission. For those mild- and moderate-type (non-severe)
patients who are classified as high-risk based on the HNC-LL
score, active treatment and close monitoring, with the intensity
higher than routine management for non-severe patients,
should be provided, so as to prevent disease progression.
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are effective strategies for improving the cure rate and alleviating the
burden on the healthcare system.

The risk factors for severe disease are not well-known. There is a
paucity of reliable tools based on risk factors that enable the early
identification of patients with severe COVID-19. A limited number of
reports have identified age, Sequential Organ Failure Assessment
score, D-dimer level, coagulation dysfunction, and high neutrophil
count as risk factors for severe disease [5�7]. Moreover, severe
COVID-19 may be associated with cytokine storm in some patients
[8]. Despite these findings, their application in the early prediction of
severity has not been investigated. In addition to the absence of effec-
tive and accurate predictive tools, few studies have focused on a spe-
cific patient population who had non-severe disease on admission
but progressed to severe disease after admission. This subgroup of
patients will benefit greatly from early identification and interven-
tion. Therefore, in the present study, we developed a COVID-19-spe-
cific predictive HNC-LL (Hypertension, Neutrophil count, C-reactive
protein, Lymphocyte count, and Lactate dehydrogenase) score that
could accurately identify patients with a high risk of severe disease
from this specific patient subgroup in the early stage.

2. Materials and methods

2.1. Patient cohort and study design

Data of a total of 690 patients with confirmed COVID-19 were ret-
rospectively collected between 1 January 2020 and 18 March 2020
from hospitals in Honghu and Nanchang. Overall, 574 patients in
Honghu were enrolled from the People’s Hospital of Honghu and 116
patients in Nanchang were recruited from the First Affiliated Hospital
of Nanchang University. All patients included in this study tested pos-
itive for SARS-CoV-2 nucleic acid and met the diagnostic criteria
according to the guideline. A flowchart regarding the selection of the
study participants for the training and validation cohorts is shown in
Fig. 1. The protocol of this retrospective study was approved by the
medical ethics committee of Nanfang Hospital of Southern Medical
University and the institutional ethics review boards of participating
hospitals. Written informed consent was obtained from all partici-
pants.

2.2. Definition

The spectrum of the severity of COVID-19 ranges from mild to
critical cases according to some recently reported literature and the
Diagnosis and Treatment Protocol for Novel Coronavirus Pneumonia
(Trial Version 7) [7,9-12]. Patients with mild disease refer to those
with mild clinical manifestations and no sign of pneumonia on imag-
ing. Patients with moderate disease refer to those with fever and
respiratory symptoms with radiological features of pneumonia.
Patients with severe disease refer to those who meet any of the fol-
lowing criteria: respiratory distress (respiratory rate �30 breaths/
min), oxygen saturation �93% at rest, arterial partial pressure of oxy-
gen/fraction of inspired oxygen �300 mmHg, and >50% obvious
lesion progression on chest imaging within 24�48 h. People with
critical disease refer to those who meet any of the following criteria:
respiratory failure and requiring mechanical ventilation, shock, and
other forms of organ failure that require intensive care. In the present
study, all patients were diagnosed and classified based on the afore-
mentioned definition. Patients with mild and moderate pneumonia
were included in the non-severe group, while those with severe and
critical disease on admission and those who had mild and moderate
pneumonia on admission but developed severe disease after admis-
sion were included in the severe group.

Using the above definition of severity as a foundation, severe ill-
ness-free survival was defined as the time from admission to disease
progression to a severe state.

2.3. Data collection and outcome evaluation

Clinical electronic medical records, laboratory findings, nursing
records, and radiological reports for all patients with confirmed
COVID-19 were reviewed. Detailed admission data, including demo-
graphic information, comorbidities, signs and symptoms, laboratory
test results, and imaging reports, of each patient were collected. After
admission, treatment, disease severity, outcomes, and length of stay
in hospital were also recorded. Two researchers independently
reviewed the electronic medical records manually and recorded the
disease severity on admission, daily assessment of disease severity
afterwards, progression from non-severe to severe disease, and date
of progression.



Fig. 1. Study flowchart.
A total of 690 patients with confirmed COVID-19 between 1 January and 18 March 2020 were included in this study. After excluding patients who had incomplete clinical data,

those who were coinfected with other respiratory viruses, and those who were discharged within 24 h after admission, 442 patients were retained in the final analysis. Of these,
333 were hospitalised in Honghu. Simple random sampling in a ratio of 7:3 was performed to assign 231 patients into a training cohort (the Honghu training cohort) and 101
patients into an internal validation cohort (the Honghu internal validation cohort). In addition, 110 patients hospitalised in Nanchang were used as an external validation cohort
(the Nanchang external validation cohort).
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The clinical data will be made available to others on reasonable
request after publication. A proposal along with a detailed descrip-
tion of the study objectives will be needed to evaluate the reasonabil-
ity of requests. After approval from the corresponding authors, the
First Affiliated Hospital of Nanchang University, and the People’s Hos-
pital of Honghu, de-identified patient data will be provided.

2.4. Statistical analysis

Continuous variables are presented as medians and interquartile
ranges. Categorical variables are presented as frequencies and pro-
portion. The comparison between the non-severe and severe groups
were performed using the Mann�Whitney U test, Pearson’s chi-
squared test, or Fisher’s exact test, as appropriate. To explore the risk
factors associated with severity, univariable and multivariable logis-
tic regression models were used. In the univariate logistic regression
analyses, variables with P<0.05 were regarded as potential risk fac-
tors and included in the multivariate regression analysis with a back-
ward elimination procedure (likelihood ratio test and elimination if
P>0.1).

To assign patients into different cohorts, for 332 hospitalised
patients in Honghu, simple random sampling in a ratio of 7:3 was
performed using the “Select Cases” function in SPSS version 25.0
(IBM Corp., Armonk, New York, USA) under the parameter of “Ran-
dom sample of cases”. The training cohort comprised 231 patients,
and the internal validation cohort comprised 101 patients. In addi-
tion, 110 hospitalised patients from Nanchang were included as a
testing cohort and further assessed as an external validation cohort.

Receiver operating characteristic (ROC) curve analysis and the
Hosmer�Lemeshow test were performed to assess the discrimina-
tion and calibration of the model. The area under the ROC curve
(AUC) was compared using DeLong’s test. The cut-off value of the
HNC-LL score was selected based on the maximum value of the You-
den index. Net reclassification improvement analysis was also
adopted to evaluate improvement to risk prediction.

Survival analysis was performed in the subgroup of patients who
were classified as having non-severe disease on admission. The
endpoint in this subgroup was defined as disease progression to a
severe state after admission. The survival curves of the low and high
risk groups were compared using the log-rank test, and hazard ratios
(HRs) were calculated using the Cox proportional hazards model.

Statistical analyses and plots were performed using SPSS version
25.0 and R version 3.5.2 (The R Development Core Team, Vienna, Aus-
tria). The pROC package was used to plot the ROC curves and calculate
the AUC. The survminer package was used to plot the severe illness-
free survival curves. All statistical tests were two-sided, and analysis
items with P values �0.05 were considered statistically significant.

3. Results

3.1. Patient characteristics and clinical differences between patients
with severe and non-severe COVID-19

A total of 690 patients with confirmed COVID-19 from hospitals in
Honghu and Nanchang were enrolled. According to the inclusion and
exclusion criteria, 442 patients were finally included and divided into
three cohorts (Fig. 1). The demographic and baseline clinical charac-
teristics of the patients in the Honghu and Nanchang cohorts are
shown in Table S1. The proportions of men were 47.0%, 60.0%, and
50.2% and the proportions of patients older than 60 years were 27.4%,
17.3%, and 24.9%, in the Honghu, Nanchang, and entire cohorts,
respectively. Common comorbidities included hypertension and dia-
betes mellitus. Relevant signs and symptoms included bacterial coin-
fection, cough, and fever. In total, 96.4%, 100%, and 97.3% of patients
were discharged from the hospital and 3.6%, 0.0%, and 2.7% of the
patients died in the Honghu, Nanchang, and entire cohorts, respec-
tively.

Overall, there were 339 and 103 patients in the non-severe and
severe groups, respectively. Patients in the severe group were older,
had lower lymphocyte counts, higher neutrophil counts, lower albu-
min levels, and higher urea nitrogen, lactate dehydrogenase (LDH),
and C-reactive protein (CRP) levels than those in the non-severe
group. The differences were significant in all three cohorts. In terms
of comorbidities and pneumonia-related signs and symptoms, the



Ta
bl
e
1

D
em

og
ra
ph

ic
s
an

d
La
bo

ra
to
ry

ch
ar
ac
te
ri
st
ic
s
of

pa
ti
en

ts
w
it
h
co

nfi
rm

ed
CO

V
ID

-1
9.

Ch
ar
ac
te
ri
st
ic

Tr
ai
ni
ng

co
ho

rt
In
te
rn

al
va

lid
at
io
n
co

ho
rt

Ex
te
rn

al
va

lid
at
io
n
co

ho
rt

N
on

-s
ev

er
e
(n

=
19

1)
Se

ve
re

(n
=
40

)
P
va

lu
e

N
on

-s
ev

er
e
(n

=
81

)
Se

ve
re

(n
=
20

)
P
va

lu
e

N
on

-s
ev

er
e
(n

=
67

)
Se

ve
re

(n
=
43

)
P
va

lu
e

D
em

og
ra
ph

ic
s

A
ge

(�
60

ye
ar
s)

43
(2
2.
51

)
22

(5
5.
00

)
<
0.
00

1
14

(1
7.
28

)
12

(6
0.
00

)
<
0.
00

1
6
(8
.9
6)

13
(3
0.
23

)
0.
00

4
M
al
e

84
(4
3.
98

)
19

(4
7.
50

)
0.
68

4
41

(5
0.
62

)
12

(6
0.
00

)
0.
45

2
32

(4
7.
76

)
34

(7
9.
07

)
0.
00

1
H
yp

er
te
ns

io
n

20
(1
0.
47

)
13

(3
2.
50

)
<
0.
00

1
6
(7
.4
1)

8
(4
0.
00

)
<
0.
00

1
7
(1
0.
45

)
7
(1
6.
28

)
0.
37

1
D
ia
be

te
s
m
el
lit
us

6
(3
.1
4)

5
(1
2.
50

)
0.
01

1
4
(4
.9
4)

1
(5
.0
0)

>
0.
99

9
4
(5
.9
7)

9
(2
0.
93

)
0.
01

8
H
ig
he

st
te
m
pe

ra
tu
re

(°
C)

36
.9
0
(3
6.
50

�3
7.
70

)
37

.6
5
(3
6.
55

�3
8.
45

)
0.
01

6
37

.9
5
(3
6.
95

�3
8.
50

)
37

.1
0
(3
6.
50

�3
8.
00

)
0.
01

5
37

.9
0
(3
7.
40

�3
8.
40

)
38

.2
0
(3
7.
80

�3
9.
00

)
0.
00

9
La
bo

ra
to
ry

fi
nd

in
gs

W
hi
te

bl
oo

d
ce
ll
co

un
t<

4
£

10
9
/L

29
(1
5.
18

)
5
(1
2.
50

)
0.
02

6
13

(1
6.
05

)
1
(5
.0
0)

0.
02

2
25

(3
7.
31

)
12

(2
7.
91

)
0.
41

9
<
10

£
10

9
/L

15
2
(7
9.
58

)
28

(7
0.
00

)
65

(8
0.
25

)
15

(7
5.
00

)
39

(5
8.
21

)
27

(6
2.
79

)
�1

0
£

10
9
/L

10
(5
.2
4)

7
(1
7.
50

)
3
(3
.7
0)

4
(2
0.
00

)
3
(4
.4
8)

4
(9
.3
0)

Ly
m
ph

oc
yt
e
co

un
t(
<
1.
1
£

10
9
/L

)
42

(2
1.
99

)
27

(6
7.
50

)
<
0.
00

1
15

(1
8.
52

)
12

(6
0.
00

)
<
0.
00

1
28

(4
1.
79

)
38

(8
8.
37

)
<
0.
00

1
N
eu

tr
op

hi
lc

ou
nt
(>

6.
3
£

10
9
/L
)

17
(8
.9
0)

11
(2
7.
50

)
0.
00

1
6
(7
.4
1)

9
(4
5.
00

)
<
0.
00

1
4
(5
.9
7)

8
(1
8.
60

)
0.
03

8
Pl
at
el
et

co
un

t(
<
15

0
£

10
9
/L
)

19
(9
.9
5)

11
(2
7.
50

)
0.
00

3
8
(9
.8
8)

3
(1
5.
00

)
0.
51

0
19

(2
8.
36

)
18

(4
1.
86

)
0.
14

4
A
lb
lu
m
in

(<
34

g/
L)

15
(7
.8
5)

16
(4
0.
00

)
<
0.
00

1
8
(9
.8
8)

9
(4
5.
00

)
<
0.
00

1
0
(0
.0
0)

6
(1
3.
95

)
0.
00

2
D
ir
ec
tb

ili
ru
bi
n,
m
m
ol
/L

2.
80

(2
.1
0�

3.
70

)
4.
00

(2
.9
5�

4.
90

)
<
0.
00

1
2.
90

(2
.4
0�

4.
00

)
4.
05

(3
.0
5�

4.
60

)
0.
07

7
2.
40

(1
.8
0�

3.
60

)
3.
60

(2
.4
0�

5.
60

)
0.
00

1
Cr
ea

ti
ni
ne

, m
m
ol
/L

60
.8
0
(5
0.
30

�7
3.
20

)
74

.2
0
(6
2.
55

�9
0.
55

)
<
0.
00

1
62

.3
0
(5
1.
80

�7
2.
30

)
63

.6
5
(5
8.
35

�9
2.
45

)
0.
10

4
61

.8
0
(4
9.
20

�6
9.
90

)
72

.8
0
(6
2.
40

�8
6.
50

)
0.
00

1
U
re
a
ni
tr
og

en
,m

m
ol
/L

4.
07

(3
.2
6�

5.
07

)
5.
19

(3
.6
1�

8.
33

)
0.
00

2
3.
89

(3
.2
4�

4.
47

)
5.
81

(4
.2
1�

7.
23

)
<
0.
00

1
3.
90

(3
.2
0�

4.
90

)
4.
90

(3
.9
0�

6.
30

)
0.
00

1
La
ct
at
e
de

hy
dr
og

en
as
e
(>

24
5
U
/L
)

44
(2
3.
04

)
25

(6
2.
50

)
<
0.
00

1
17

(2
0.
99

)
16

(8
0.
00

)
<
0.
00

1
17

(2
5.
37

)
33

(7
6.
74

)
<
0.
00

1
C-
re
ac
ti
ve

pr
ot
ei
n
(�

10
m
g/
L)

46
(2
4.
08

)
31

(7
7.
50

)
<
0.
00

1
17

(2
0.
99

)
16

(8
0.
00

)
<
0.
00

1
26

(3
8.
81

)
32

(7
4.
42

)
<
0.
00

1

Co
nt
in
uo

us
va

ri
ab

le
da

ta
ar
e
pr
es
en

te
d
as

m
ed

ia
n
(i
nt
er
qu

ar
ti
le

ra
ng

es
,I
Q
R)
.

Cl
as
si
fi
ed

va
ri
ab

le
da

ta
ar
e
pr
es
en

te
d
as

n(
%)
.

4 L.-s. Xiao et al. / EBioMedicine 57 (2020) 102880
proportions of patients with hypertension and bacterial coinfection
were significantly higher in the severe group than in the non-severe
group (Tables 1 and S2).

3.2. Development of the HNC-LL score for the prediction of disease
severity

To effectively identify patients with potentially severe disease, a
clinical characteristic-based predictive model was developed. Univar-
iate logistic regression analysis revealed significant predictors
(Table 2). The multivariate logistic regression analysis identified neu-
trophil count (odds ratio [OR] = 2.82, 95% confidence interval [CI]:
1.01�7.88; P = 0.049), lymphocyte count (OR = 0.29, 95% CI:
0.12�0.69; P = 0.005), CRP level (OR = 4.13, 95% CI: 4.13�10.32;
P = 0.002), LDH level (OR = 2.90, 95% CI: 1.26�6.68; P = 0.012), and
hypertension (OR = 2.64, 95% CI: 1.00�6.95; P = 0.050) as indepen-
dent risk factors for disease severity, and the model was built using
these five variables (Table 2). The HNC-LL score was calculated for
each patient using a formula derived from values of these five clinical
variables weighted by their regression coefficients, as follows:

HNC-LL score = 1.035 £ neutrophil count (1: �6.3 £ 109/L; 0: <6.3 £
109/L) � 1.237 £ lymphocyte count (1: �1.1 £ 109/L; 0: <1.1 £
109/L) + 1.419 £ CRP level (1: �10 mg/L; 0: <10 mg/L) + 1.066 £
LDH (1: >245 U/L; 0: �245 U/L) + 0.969 £ hypertension (1: with;
0: without) � 2.425

The HNC-LL score had a P value of 0.882 in the Hosmer�Lemeshow
test. According to the ROC analysis, the HNC-LL score performed excep-
tionally in categorizing patients into the severe and non-severe groups
(AUC = 0.861, 95% CI: 0.800�0.922; P< 0.001) (Fig. 2a).

Based on the largest Youden’s index, we determined an optimal
cut-off value (�1.508) to stratify hospitalised patients into the HNC-
LLhigh (��1.508) and HNC-LLlow (<�1.508) groups in the Honghu
training cohort. The sensitivity and specificity of the model were 0.85
and 0.76, respectively. Patients in the HNC-LLhigh group were esti-
mated to have a high risk of severe disease, while those in the HNC-
LLlow group were estimated to have a low risk. The HNC-LL score clas-
sified 34 (85.0%) of 40 patients with severe COVID-19 into the HNC-
LLhigh group and 6 (15.0%) of 40 patients with severe COVID-19 into
the HNC-LLlow group in the Honghu training cohort. The estimated
risk of severe disease, specificity, and sensitivity of the corresponding
HNC-LL score are presented in Table S3.

3.3. Validation of the HNC-LL score for predicting disease severity
among COVID-19 patients

To examine the generalisability of the HNC-LL score in predicting
disease severity, validation and verification of the model were neces-
sary. The HNC-LL score was validated in the Honghu internal valida-
tion cohort, and it maintained its good predictive performance
(AUC = 0.871, 95% CI: 0.769�0.972; P < 0.001) (Fig. 2b). To further
confirm the predictive efficacy, the score was validated in the Nan-
chang external validation cohort, in which it performed well consis-
tently (AUC = 0.826, 95% CI: 0.746�0.907; P < 0.001) (Fig. 2c).

3.4. Comparison of different predictive models

The effectiveness and efficiency of the HNC-LL score were further
assessed by comparing different predictive models. When compared
with each independent risk factor within the entire cohort, the HNC-
LL score demonstrated a superior predictive capability with the high-
est AUC, which was statistically significant (Fig. 3a). The CURB-65
(confusion, uraemia, respiratory rate, blood pressure, age �65 years)
score is a predictive model used to stratify patients with community-
acquired pneumonia (CAP) into different management groups [13].



Table 2
Risk factors associated with severe illness among patients with confirmed COVID-19.

Characteristic Univariate Multivariate

OR (95% CI) P value OR (95% CI) P value

Age (�60 years) 4.207 (2.069�8.552) <0.001
Sex 0.868 (0.438�1.718) 0.684
Current smokers 2.423 (0.214�27.388) 0.474
Hypertension 4.117 (1.836�9.232) 0.001 2.635 (0.999�6.945) 0.050
Diabetes mellitus 4.405 (1.274�15.230) 0.019
Highest temperature ( °C) 1.697 (1.181�2.440) 0.004
White blood cell count, £ 109/L

4�10 ref
<4 0.983 (0.548�1.761) 0.953
>10 3.429 (1.616�7.276) 0.043

Lymphocyte count (<1.1 £ 109/L) 0.136 (0.064�0.286) 0.002 0.290 (0.123�0.686) 0.005
Neutrophil count (>6.3 £ 109/L) 3.882 (1.652�9.122) 0.002 2.815 (1.005�7.884) 0.049
eosinophilcount, £ 109/l 0.155 (0.011�2.128) 0.163
hemoglobin, g/dl 0.996 (0.977�1.015) 0.671
Platelet count (<150 £ 109/L) 0.291 (0.126�0.675) 0.004
Albumin (<34 g/L) 0.128 (0.056�0.291) <0.001
Total bilirubin 1.036 (0.991�1.083) 0.121
Alanine aminotransferase (>40 U/L) 0.595 (0.218�1.622) 0.310
Prothrombin time (�16 s) 2.423 (0.214�27.388) 0.474
Gamma-glutamyl transferase, U/L 1.000 (0.998�1.002) 0.974
Direct bilirubin,mmol/L 1.094 (1.004�1.193) 0.041
Lactate dehydrogenase (>245 U/L) 5.568 (2.701�11.478) <0.001 2.903 (1.262�6.679) 0.012
Creatinine, mmol/L 1.021 (1.009�1.033) <0.001
Urea nitrogen, mmol/L 1.203 (1.081�1.338) 0.001
Creatinine kinase (>120 U/L) 1.498 (0.650�3.457) 0.343
C-reactive protein (�10 mg/L) 10.857 (4.816�24.477) <0.001 4.133 (1.655�10.320) 0.002
Ground-glass opacity 0.929 (0.470�1.837) 0.833
Local patchy shadowing 0.705 (0.232�2.145) 0.538
Bilateral patchy shadowing 1.517 (0.753�3.055) 0.244
Interstitial abnormalities 0.791 (0.093�6.753) 0.83
Multi-lobular infiltration 1.655 (0.743�3.690) 0.218

OR, odds ratio; CI, confidence interval.
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The neutrophil-to-lymphocyte ratio (NLR) is reported to be an inde-
pendent risk factor for patients with severe COVID-19 [14]. The
MuLBSTA (multilobular infiltration, hypo-lymphocytosis, bacterial
coinfection, smoking history, hypertension, and age) score is used to
stratify patients with viral pneumonia into relevant risk groups [15].
The HNC-LL score was compared with these models. Only patients in
the Nanchang cohort had complete clinical information that was
required to calculate the CURB-65 score. The HNC-LL and CURB-65
score models were thus compared using the Nanchang cohort. The
HNC-LL score outperformed the NLR and MuLBSTA score models in
Fig. 2. Receiver operating characteristic (ROC) curves for evaluating the predictive ability of t
ROC curve of the HNC-LL score in (a) the Honghu training cohort, (b) the Honghu interna
AUC, area under the ROC curve; CI, confidence interval.
both the Nanchang and entire cohorts (Fig. 3b, c) and demonstrated
better predictive performance than the CURB-65 score in the Nan-
chang cohort (Fig. 3c).

Net reclassification improvement (NRI) analysis was also adopted
for comparison. Results showed that HNC-LL can provide >12% net
reclassification improvement (P = 0.019) when compared to NLR and
>17% net reclassification improvement when compared to MuLBSTA
(P = 0.001) (Table S4). It revealed that HNC-LL outperformed the other
two models in predicting COVID-19 severity, appreciating the incre-
mental predictive value of the HNC-LL furtherly.
he HNC-LL score for disease severity in different cohorts.
l validation cohort, and (c) the Nanchang external validation cohort.



Fig. 3. Comparison of predictive performance for disease severity among the HNC-LL score and independent risk factors, MuLBSTA score, CURB-65, and NLR using ROC curves.
(a) ROC curves of the HNC-LL score and independent risk factors in the entire cohort. (b) ROC curves of the HNC-LL, NLR, and MuLBSTA scores in the entire cohort. (c) ROC curves

of the HNC-LL and CURB-65 scores in the Nanchang external validation cohort.
Neutrophil, neutrophil count; Lymphocyte, lymphocyte count; CRP, C-reactive protein; LDH, lactate dehydrogenase; NLR, neutrophil-to-lymphocyte ratio model; ROC, receiver

operating characteristic curve; MuLBSTA score, a model based on multilobular infiltrates, lymphocyte �0.8 £ 109/L, bacterial coinfection, acute smoking, smoking cessation, hyper-
tension, and age �60 years; CURB-65, a model based on age, confusion, urea, respiratory rate, and blood pressure. P values were calculated using DeLong’s test.
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In addition, we explored the performance of the HNC-LL score in
predicting mortality. Compared with independent risk factors consti-
tuting the HNC-LL score (Figure S1a), the HNC-LL score had the high-
est AUC value, significant for all factors except the CRP level. When
compared with the NLR and MuLBSTA score models (Figure S1b), the
HNC-LL score consistently yielded the highest AUC, although the dif-
ferences in AUC were not significant.
Fig. 4. Severe illness-free survival curves for high and low severity risk groups.
Patients in three cohorts diagnosed with non-severe disease on admission were

included in this analysis. Based on their HNC-LL scores, they were stratified into the
high and low severe risk groups according to the cut-off value of �1.508.

HR, hazard ratio; CI, confidence interval. P value was calculated using the log-rank
test.

*A patient was excluded from this analysis for lack of follow-up information.
3.5. Clinical significance of the HNC-LL score in predicting the risk of
future development of severe COVID-19 among patients

We further investigated whether the HNC-LL score could predict
the risk of future development of severe COVID-19. Subgroup analy-
sis was performed among patients diagnosed with non-severe dis-
ease on admission, including 285 and 80 patients from the Honghu
and Nanchang cohorts, respectively. Moreover, 339 patients main-
tained their non-severe disease status and 26 progressed to severe
disease after admission. The clinical characteristics of this specific
patient population and the differences between the non-severe and
severe groups are shown in Table S5. The five variables constituting
the HNC-LL score remained significantly different between the
groups even in this population. The HNC-LL score classified 259
(71.2%) and 105 (28.8%) patients into the high severe risk and low
severe risk groups, respectively. The severe illness-free survival
curves showed that patients in the high risk group had an unfavor-
able severe illness-free survival compared with those in the low risk
group (HR = 6.17, 95% CI: 2.54�14.99, P < 0.001), thereby confirming
the excellent discrimination ability of the HNC-LL score and suggest-
ing that the HNC-LL score can identify patients with potentially
severe COVID-19 in the early stage (Fig. 4).

Furthermore, the predictive power was compared between the
HNC-LL score and other models to verify its clinical utility. ROC curve
analysis revealed that the HNC-LL score outperformed independent
risk factors that constituted the HNC-LL score (Fig. 5a) as well as the
MuLBSTA score model and NLR model (Fig. 5b) in distinguishing
patients with a high risk of disease progression with the highest AUC.
Compared with the CRP level, NLR model and the MuLBSTA score, the
performance of the HNC-LL score was preferable, although it yielded
non-significant results. These results may indicate the clinical signifi-
cance of HNC-LL from another perspective.
4. Discussion

In this retrospective multicohort study, the clinical characteristics
of 442 hospitalised patients with COVID-19 were comprehensively
assessed. A predictive model (named the HNC-LL score) was devel-
oped and validated to enable early and accurate identification of
COVID-19 patients at a high risk of severe disease.

To our knowledge, this is the first study to develop a predictive
model for the assessment of COVID-19 severity using a three-step
approach (training, internal validation, and external validation) and
to focus on a specific population of patients who presented with non-
severe disease on admission but progressed to severe disease after
admission. The HNC-LL score was capable of accurately stratifying
COVID-19 patients diagnosed with non-severe disease on admission



Fig. 5. Comparison of the ability to predict severe disease between the HNC-LL score and independent risk factors, MuLBSTA score, and NLR using ROC curves.
Patients in the entire cohort diagnosed as non-severe on admission were included in this analysis. (a) Comparison of clinical utility between the HNC-LL score and independent

risk factors. (b) Comparison of clinical utility among the HNC-LL, NLR, and MuLBSTA scores. P values were calculated using DeLong’s test.
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into the high severe risk and low severe risk groups from a mixed
cohort of 365 patients. This model can facilitate the triage of hospital-
ised COVID-19 patients on admission and help identify patients who
require observation in the intensive care unit and special care to pre-
vent disease progression. Therefore, this model may reduce the mor-
tality owing to severe COVID-19. In addition, the predictors in the
HNC-LL score are easily available in clinical practice and can be read-
ily obtained; thus, it holds promise for large-scale use.

Risk factors for patients with severe COVID-19 were identified. A
low lymphocyte count is very common among patients with severe
COVID-19 [3,16,17]. Increased neutrophil count was observed among
patients with severe COVID-19 in our study and a previous study [3].
However, low neutrophil counts were reported to be correlated with
initial SARS-COV-2 infection [18]. Since bacterial coinfection was
more prevalent among patients with severe disease than among
patients with non-severe disease in our study and a previous study
[3], it may be reasonable to speculate that bacterial coinfection would
aggravate the condition and increase the neutrophil count. It was
hypothesised that patients with hypertension have a high risk of
developing severe and fatal COVID-19 because those patients tend to
have a high level of angiotensin-converting enzyme 2, which would
facilitate the infection with SARS-COV-2 [19]. The CRP level is associ-
ated with the state of infection and inflammation among patients
with severe COVID-19 [20]. Elevated LDH levels in patients with
severe COVID-19 suggested that SARS-COV-2 can damage organs
such as cardiac muscles and the liver. The predictive role of CRP and
LDH levels for severe COVID-19 has been previously reported
[21,22,7]. Overall, these studies revealed that the five indicators
included in our model had critical clinical significance, and they fur-
ther affirm the practical value of the HNC-LL score.

To prove the accuracy of prediction, we compared the HNC-LL
score with other potentially useful predictive scores. The CURB-65
score is an accurate predictor of disease severity and mortality among
patients with CAP. The HNC-LL score performed better than the
CURB-65 score in predicting disease severity among COVID-19
patients. This may be due to the fact that the CURB-65 score was ini-
tially designed for CAP and not for COVID-19. In addition, we com-
pared the HNC-LL score to other recently developed score systems.
The MuLBSTA score can be used as an early predictor of mortality
among patients with viral pneumonia. It was proposed that the
MuLBSTA score could play a role in the early prediction of mortality
owing to COVID-19 [15]. The NLR model [14] was able to determine
severe illness among COVID-19 patients in the early stage according
to age and NLR. However, the HNC-LL score outperformed both mod-
els in predicting disease severity. One possible reason is that the
HNC-LL score was derived from a multicentre and multicohort study,
had undergone training and validation, and considered the heteroge-
neity of COVID-19 to a large extent, while the NLR model and MuLB-
STA scoring model were based on single-center cohort studies. These
results indicated that the HNC-LL score may be an accurate and reli-
able predictive tool that can be widely used. Furthermore, we com-
pared the HNC-LL score to a recently proposed risk score (COVID-
GRAM) based on a nationwide cohort to predict critical COVID-19
disease at admission by Liang et al. On one hand, the target popula-
tion for the HNC-LL score was patients with severe COVID-19, includ-
ing those with severe and critical disease, unlike the COVID-GRAM,
which merely targeted critically ill patients. Thus, we believe that the
HNC-LL and COVID-GRAM models targeted different clinical settings
and yielded significantly different values. On the other hand, com-
pared with some relatively subjective markers such as haemoptysis
and dyspnea in COVID-GRAM, the five predictors assessed in the
HNC-LL score (hypertension, CRP level, neutrophil count, lymphocyte
count, and LDH level) were more objective. Subjective markers were
highly practice based, and we did not identify markers with sufficient
statistical power to be included. Objective markers were the major
focus of the present study. The fewer markers assessed in the HNC-LL
score also make it easier to apply in clinical practice.

We also compared HNC-LL to a recently proposed risk score [23]
(COVID-GRAM) which was designed to predict critical type of COVID-
19. It had to be pointed out that the two studies predict outcomes of
two different target groups and are useful in different clinical set-
tings. Our study aimed to predict disease severity, in an attempt to
estimate future risk of developing of severe COVID-19 (including
severe and critical type of COVID-19). Of course, we tried to evaluate
the power of COVID-GRAM to predict risk of progression from non-
severe type to severe type within our study population. The assess-
ment did not pass the feasibility analysis phase for following reasons:
first, hemoptysis, a predictor in COVID-GRAM, was rare within our
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cohort; second, all the patients included in our study underwent an
initial CT scan, and no abnormal X-ray data was available. It is a pity
that we were unable to conduct this performance assessment. How-
ever, considering that the two models are useful within distinct clini-
cal settings, we do not feel that this detracts from findings of either
study. Use of a combination of the tools at different decision-making
checkpoints throughout the clinical management of disease will ben-
efit patients with COVID-19, especially since so much remains
unknown regarding disease progression. Further, we would like to
address the strength of the HNC-LL model in clinical practice, since
factors incorporated are objective, easy to acquire, time-saving and
cost-effective. Evaluation of risk is based on objective markers,
which decreases variation between individuals, increases reliability
and improves quality control. The ease in which factors may be
determined in routine clinical practice and the low cost of the assess-
ment will facilitate performing risk predictions in daily practice,
which is extremely important for COVID-19 management as a
result of the severe limitations that occur with regard to healthcare
resources.

Clinical significance is of profound importance in model assess-
ment. Early identification of patients with severe COVID-19 and early
intervention by clinicians are important for saving lives. Therefore,
the initial purpose of the HNC-LL score was to distinguish patients
with potentially severe COVID-19 at admission. The HNC-LL score
has a good discrimination power for classifying patients into the high
severe risk and low severe risk groups and has significantly better
predictive performance than the NLR model in this setting. The NLR
model utilised age and the ratio of neutrophil count to lymphocyte
count to predict severe illness. The neutrophil and lymphocyte counts
were also included in the HNC-LL score. Age is a “general” factor,
which involves the effect of many risk factors such as hypertension
and diabetes mellitus. Age was excluded from the final model based
on multivariate logistic regression analysis in this study, suggesting
that it was not an independent risk predictor. The HNC-LL score
includes more independent risk factors than the NLR model; thus, it
may better reflect the microenvironment in patients with severe
COVID-19 than the NLR model and may facilitate early and accurate
identification. These results further support the clinical utility of the
HNC-LL score.

The present study had several limitations. First, the number of
patients included in the analysis was small, and this may limit the
interpretation of our model. Additional data from different regions
should be collected to expand the sample size and further validate
the predictive value of the HNC-LL score. Second, some clinical indi-
cators such as D-dimer and cytokine levels were not included owing
to the unavailability of data or a large amount of missing data
(>15%). The predictive effect of these indicators may be underesti-
mated. Third, it is true that we included individuals who progressed
to severe COVID-19 after admission, and also some patients who
were diagnosed with severe COVID-19 upon admission, within the
severe group. But the results of our subgroup analyses still firmly
demonstrated the predictive power of HNC-LL in predicting disease
progression. Additional comprehensive research is needed to clarify
the mechanism underlying severe COVID-19, and studies with large
cohorts are needed to improve this model and increase its interpret-
ability from both biological and population perspectives.

In conclusion, we developed an effective predictive model (called
the HNC-LL score) to stratify hospitalised patients into high severe
risk and low severe risk groups. We suggest that when patients with
COVID-19 are admitted to the hospital, it is important to pay atten-
tion to the five indicators in the HNC-LL model (neutrophil count,
lymphocyte count, LDH level, CRP level, and hypertension). Risk
assessment based on the HNC-LL score is recommended for all
COVID-19 patients on admission. For those mild- and moderate-type
(non-severe) patients who are classified as high-risk based on the
HNC-LL score, active treatment and close monitoring, with the
intensity higher than routine management for non-severe patients,
should be provided, so as to prevent disease progression. We hope
that the HNC-LL score can provide clinical guidance to doctors in con-
trolling the pandemic.
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