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Abstract 

Background: This is the first study on prognostication in an entire cohort of laboratory-confirmed COVID-19 patients 
in the city of Hong Kong. Prognostic tool is essential in the contingency response for the next wave of outbreak. This 
study aims to develop prognostic models to predict COVID-19 patients’ clinical outcome on day 1 and day 5 of hospi-
tal admission.

Methods: We did a retrospective analysis of a complete cohort of 1037 COVID-19 laboratory-confirmed patients in 
Hong Kong as of 30 April 2020, who were admitted to 16 public hospitals with their data sourced from an integrated 
electronic health records system. It covered demographic information, chronic disease(s) history, presenting symp-
toms as well as the worst clinical condition status, biomarkers’ readings and Ct value of PCR tests on Day-1 and Day-5 
of admission. The study subjects were randomly split into training and testing datasets in a 8:2 ratio. Extreme Gradi-
ent Boosting (XGBoost) model was used to classify the training data into three disease severity groups on Day-1 and 
Day-5.

Results: The 1037 patients had a mean age of 37.8 (SD ± 17.8), 53.8% of them were male. They were grouped under 
three disease outcome: 4.8% critical/serious, 46.8% stable and 48.4% satisfactory. Under the full models, 30 indica-
tors on Day-1 and Day-5 were used to predict the patients’ disease outcome and achieved an accuracy rate of 92.3% 
and 99.5%. With a trade-off between practical application and predictive accuracy, the full models were reduced into 
simpler models with seven common specific predictors, including the worst clinical condition status (4-level), age 
group, and five biomarkers, namely, CRP, LDH, platelet, neutrophil/lymphocyte ratio and albumin/globulin ratio. Day-1 
model’s accuracy rate, macro-/micro-averaged sensitivity and specificity were 91.3%, 84.9%/91.3% and 96.0%/95.7% 
respectively, as compared to 94.2%, 95.9%/94.2% and 97.8%/97.1% under Day-5 model.

Conclusions: Both Day-1 and Day-5 models can accurately predict the disease severity. Relevant clinical manage-
ment could be planned according to the predicted patients’ outcome. The model is transformed into a simple online 
calculator to provide convenient clinical reference tools at the point of care, with an aim to inform clinical decision on 
triage and step-down care.
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Background
The World Health Organization (WHO) had declared 
a pandemic outbreak of a new coronavirus, named 
COVID-19, on 12 March 2020. As of 30 April 2020, 
Hong Kong (HK) had a total of 1037 confirmed cases as 
compared to a global caseload of over three million and 
mortality of over 210,000 at the same snapshot [1]. Four 
deaths [2] were reported locally. All patients were admit-
ted to the Hospital Authority (HA) hospitals for man-
agement. HK has adopted the “early identification, early 
isolation and early treatment” infection control approach. 
She is ranked top to effectively curb COVID-19 trans-
mission in the study comparing containment measures 
among different nations [3], given that HK has a popu-
lation of 7.5 million residing in one of the most densely 
populated cities in the world [4].

HA is statutory, publicly funded organization to pro-
vide public medical care to all the citizens in HK. The 
services are organized via seven hospital clusters com-
prising of 43 hospitals, 49 specialist outpatient and 73 
primary care clinics. It provides over 90% of hospital bed 
days in the territory through a total of 29,435 beds [5]. 
HA provides a single electronic health record system via 
the integrated Clinical Management System (CMS) [6], 
so that data of patients utilizing the service are automati-
cally captured. Since the SARS epidemic in 2003, HA has 
made available over 1200 airborne infection isolation 
(AII) beds across 16 public hospitals to support outbreak 
of infectious diseases. In view of the unprecedented rap-
idly growing number of infections in the neighbouring 
Mainland China in mid-February 2020, the HA manage-
ment implemented a proactive response plan to convert 
some acute general wards into “retrofit wards” [7] of neg-
ative pressures and directed airflow.

In pursuit of the early identification strategy, Hong 
Kong has been incrementally widening the surveil-
lance coverage to identify and contact trace suspected 
cases through various channels. All suspected cases are 
referred to the HA for management. Samples will be sent 
to the public laboratory in the Department of Health for 
confirmation: two positive consecutive reverse-transcrip-
tion polymerase chain reaction (RT-PCR) tests [8, 9] are 
required, as suggested by the WHO [10]. The patients 
can only be discharged from the hospital care when the 
isolation order is lift, given that their clinical conditions 
improve and they are afebrile with two negative RT-PCR 
results taken at least 24 h apart [8, 9].

Starting from mid-March, there was second wave 
with a surge in imported cases from overseas via airport 

arrivals. In early April, the occupancy rate of our AII 
rooms and beds peaked at 78% and 70% respectively, 
which was approaching saturation. The demand pressure 
on first-tier isolation beds could be partly relieved by the 
timely conversion and operation of some 400 second-tier 
isolation beds in 10 hospitals. Patients with stable clinical 
features but yet to fulfill the discharge criteria are trans-
ferred to the second-tier ward for further management. 
A prognostic model was developed with an aim to early 
identify those cases with satisfactory or stable clinical 
outcome for step-down care.

The outbreak in HK slows down since the end of April, 
with 1047 confirmed cases as of 10 May, which is the 
cut-off date of data analytics for this study. However, 
learning the experience from nearby countries like Sin-
gapore, HK remains vigilant and is preparing for the pos-
sible third wave of infection once the international travels 
resume normal. The research team repeated the prognos-
tic model based on the entire COVID-19 cohort, aim-
ing to predict their clinical outcome as early as day 1 of 
admission.

Methods
Study population, data collection and definition
All 1037 confirmed cases as of 30 April 2020 were 
included in this study, and their observational data were 
traced up to 10  May. Data sources come from internal 
systems, CMS and eNID of NDORS. “NDORS” is an 
electronic platform for both HA and the Department of 
Health, to digitally report all suspected and confirmed 
statutory notifiable diseases and other infectious diseases 
of public health concern. A designated “eNID” mod-
ule for reporting COVID-19 cases and clinical manage-
ment was specifically built and interfaced to NDORS [8, 
9]. This study was a retrospective data analysis on de-
identified patient-based electronic medical records from 
CMS and eNID. Person-based information on history of 
chronic diseases was retrieved from an established HA’s 
chronic disease virtual registry that contains 25 pre-
defined chronic diseases. The registry was electronically 
built and based on all past CMS’ medical records using 
some operational counting and classification rules spe-
cific to each non-cancer disease, together with cancer 
cases sourced from Hong Kong’s Cancer Registry [11].

All 16 HA hospitals that treated COIVD-19 cases 
adopted a unified classification scheme on clinical con-
ditions. The in-charge physicians would continuously 
update the condition status whenever the patient dete-
riorated or improved. The four clinical conditions are (1) 
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critical: require intubation, or extracorporeal membrane 
oxygenation (ECMO) or in shock; (2) serious: require 
oxygen supplement of 3 L or more per minute; (3) stable: 
with mild influenza-like illness (ILI) symptoms; (4) satis-
factory: progressing well and likely to be discharged soon. 
Based on their clinical condition(s) along the entire clini-
cal course, all cases were further amalgamated into three 
distinct outcome groups to delineate a grading for disease 
severity. The groups are “critical/serious”, “stable” and 
“satisfactory”. The patients must have ever been assessed 
as either “critical” or “serious” clinical condition for one 
or more days in the “critical/serious” group; otherwise 
being classified into the second group if ever assessed 
as “stable”. The remaining third group must be entirely 
assessed as “satisfactory” along the clinical course.

Statistical analysis
Descriptive statistical analyses were performed for the 
entire cohort with respect to epidemiological, clinical 
and laboratory data. In addition, chi-square test for cat-
egorical variables and Kruskal–Wallis test for continuous 
variables were performed to evaluate if there were any 
differences in a host of prognostic factors on day 1 and 
day 5 of hospital admission among the three outcome 
groups. For development as well as evaluation of the 
model, the entire 1037 study subjects were, proportional 
to outcome distribution, randomly split into a training 
dataset comprising of 829 subjects and a testing dataset 
of the remaining 208 subjects. Having explored two alter-
native classification algorithms together with median 
imputation to handle missing data, the Extreme Gradient 
Boosting (XGBoost) model, which is a boosting decision 
tree machine learning framework allowing missing values 
for individual predictor variables, was finally selected to 
classify the training data into one of the three outcome 
groups, after taking into account a host of 30 predictors 
which included age, gender, chronic disease(s) history, 11 
presenting symptoms as well as the worst clinical condi-
tion status, 15 biomarkers’ readings and Ct value of RT-
PCR tests (based on E-Gene of the TIB MIBIOL kit) on 
day 1 and day 5 of admission. These predictors were cho-
sen with reference to studies on COVID-19 [12–23] and 
SARS [24–26].

The XGBoost classifiers were trained and tuned using 
a fivefold cross-validation approach with the training 
data to obtain the optimal hyperparameters [27]. All 30 
features were ranked according to their relative impor-
tance using F-score, which guided a variable selection 
process to reduce the full model into a simpler one for 
practical application. The model output for each subject 
a probability across each of the three outcome groups, 
summing up to one, and with the highest probability 
group as the predicted outcome class. After applying the 

trained model to the testing dataset, it was then analysed 
in a 3X3 confusion matrix, based on which the model’s 
overall accuracy rate was computed. In view of the imbal-
anced outcome group distribution, by outcome class and 
macro- and micro-averaged sensitivity and specificity of 
the three outcome groups were derived to evaluate the 
model performance. Decision tree of the simplified clas-
sifiers was also output for each outcome group. Partial 
dependency plots were output to depict the marginal 
effect of each model feature on the predicted outcome 
(Appendix Fig. 3). The XGBoost models were carried out 
by using Python’s XGBoost version 1.10 whereas other 
statistical analyses by SAS version 9.4 software.

Results
Epidemiological and clinical profile
Table  1 provides a complete epidemiological and clini-
cal profile of all 1037 laboratory confirmed COVID-19 
cases, 95.2% had been discharged (including 4 deceased 
cases) and the remaining 50 (4.8%) cases have stayed 
for 19–70  days as at data analytics cut-off date. All the 
subjects were post-stratified into three pre-defined out-
come groups: 50 (4.8%) in the critical/serious group, 485 
(46.8%) stable group and 502 (48.4%) satisfactory group, 
which can then be compared against their respective clin-
ical condition (4-level) on day 1 and day 5 of admission.

The study subjects were aged from 1 month to 96 years. 
Critical/serious group was significantly older (mean 
60.6  years, SD ± 14.0) than stable (mean 37.6  years, 
SD ± 17.5) and satisfactory (mean 35.6 years, SD ± 16.8) 
group (p < 0.0001). Over half (53.8%) of total caseload 
was male, comparatively higher in critical/serious group 
(64.0%) than stable (47.8%) and satisfactory (58.6%) 
groups (p = 0.001).

Chronic disease(s) were present in 11.8% of this study 
cohort, with most common ones being hypertension, 
hyperlipidemia and diabetes. A significant difference 
(p < 0.0001) in chronic disease(s) prevalence was found: 
42.0%, 12.4% and 8.2% in critical/serious, stable and satis-
factory group respectively.

81.4% of all the cases were symptomatic upon COVID-
19 confirmation. Cough and fever were the top two 
symptoms prevalent in almost half of total confirmed 
cases, whereas sore throat in around one-quarter. Among 
the symptomatic cases, the mean duration between 
symptom onset and admission was 5.8  days (SD ± 5.4). 
Comparatively, the satisfactory outcome group had a sig-
nificantly (p < 0.0001) longer duration (6.4 days, SD ± 6.2) 
than the stable and critical/serious groups’ (5.2  days, 
SD ± 4.7; 5.5 days, SD ± 3.7).

Table  1 shows the proportion of patients on anti-
viral and corticosteroid drugs. ICU care and intubation 



Page 4 of 19Tsui et al. BMC Med Inform Decis Mak          (2020) 20:323 

Ta
bl

e 
1 

Pa
ti

en
t p

ro
fil

e 
of

 1
03

7 
CO

V
ID

-1
9 

co
nfi

rm
ed

 c
as

es
 a

s 
of

 3
0 

A
pr

il 
20

20
 (w

it
h 

da
ta

 d
ur

in
g 

ho
sp

it
al

is
at

io
n 

up
da

te
d 

ti
ll 

10
 M

ay
 2

02
0)

O
ve

ra
ll 

(n
 =

 1
03

7)
W

or
st

 c
on

di
tio

n 
up

on
 d

is
ch

ar
ge

 o
r t

ill
 1

0 
M

ay
 2

02
0

p-
va

lu
e*

Cr
iti

ca
l/s

er
io

us
 (n

 =
 5

0)
St

ab
le

 (n
 =

 4
85

)
Sa

tis
fa

ct
or

y 
(n

 =
 5

02
)

D
em

og
ra

ph
ic

s

 A
ge

 (y
ea

rs
)

  M
ea

n 
±

 S
D

37
.8

 ±
 1

7.
8

60
.6

 ±
 1

4.
0

37
.6

 ±
 1

7.
5

35
.6

 ±
 1

6.
8

 <
 0

.0
00

1

  M
ed

ia
n

35
62

34
32

  R
an

ge
0–

96
25

–9
6

0–
93

0–
89

 G
en

de
r

  M
al

e
55

8 
(5

3.
8%

)
32

 (6
4.

0%
)

23
2 

(4
7.

8%
)

29
4 

(5
8.

6%
)

0.
00

11

  F
em

al
e

47
9 

(4
6.

2%
)

18
 (3

6.
0%

)
25

3 
(5

2.
2%

)
20

8 
(4

1.
4%

)

C
hr

on
ic

  d
is

ea
se

s†

 N
il 

(W
ith

ou
t a

ny
 

of
 2

5 
se

le
ct

ed
 

di
se

as
es

)

91
5 

(8
8.

2%
)

29
 (5

8.
0%

)
42

5 
(8

7.
6%

)
46

1 
(9

1.
8%

)
 <

 0
.0

00
1

 W
ith

 a
ny

 o
f 

25
 s

el
ec

te
d 

di
se

as
es

12
2 

(1
1.

8%
)

21
 (4

2.
0%

)
60

 (1
2.

4%
)

41
 (8

.2
%

)

 H
yp

er
te

ns
io

n
87

 (8
.4

%
)

16
 (3

2.
0%

)
46

 (9
.5

%
)

25
 (5

.0
%

)
 <

 0
.0

00
1

 H
yp

er
lip

id
em

ia
62

 (6
.0

%
)

12
 (2

4.
0%

)
30

 (6
.2

%
)

20
 (4

.0
%

)
 <

 0
.0

00
1

 D
ia

be
te

s
33

 (3
.2

%
)

6 
(1

2.
0%

)
15

 (3
.1

%
)

12
 (2

.4
%

)
0.

00
11

So
ur

ce
 o

f i
nf

ec
tio

n

 L
oc

al
 c

as
es

42
2 

(4
0.

7%
)

30
 (6

0.
0%

)
21

9 
(4

5.
2%

)
17

3 
(3

4.
5%

)
 <

 0
.0

00
1

 Im
po

rt
ed

 c
as

es
61

5 
(5

9.
3%

)
20

 (4
0.

0%
)

26
6 

(5
4.

8%
)

32
9 

(6
5.

5%
)

Sy
m

pt
om

s

 W
ith

 p
re

se
nt

in
g 

sy
m

pt
om

s 
up

on
 C

O
VI

D
-

19
 c

on
fir

m
a-

tio
n

84
4 

(8
1.

4%
)

48
 (9

6.
0%

)
40

6 
(8

3.
7%

)
39

0 
(7

7.
7%

)
0.

00
13

D
ur

at
io

n 
be

tw
ee

n 
sy

m
pt

om
 o

ns
et

 a
nd

 a
dm

is
si

on

 M
ea

n 
±

 S
D

 
(D

ay
s)

5.
8 
±

 5
.4

5.
5 
±

 3
.7

5.
2 
±

 4
.7

6.
4 
±

 6
.2

0.
16

50

 L
es

s 
th

an
 5

 d
ay

s
44

7 
(5

3.
0%

)
22

 (4
5.

8%
)

22
5 

(5
5.

4%
)

20
0 

(5
1.

3%
)

0.
05

14

 5
–9

 d
ay

s
24

6 
(2

9.
1%

)
17

 (3
5.

4%
)

12
4 

(3
0.

5%
)

10
5 

(2
6.

9%
)

 1
0 

da
ys

 o
r 

ab
ov

e
15

1 
(1

7.
9%

)
9 

(1
8.

8%
)

57
 (1

4.
0%

)
85

 (2
1.

8%
)



Page 5 of 19Tsui et al. BMC Med Inform Decis Mak          (2020) 20:323  

Ta
bl

e 
1 

(c
on

ti
nu

ed
)

O
ve

ra
ll 

(n
 =

 1
03

7)
W

or
st

 c
on

di
tio

n 
up

on
 d

is
ch

ar
ge

 o
r t

ill
 1

0 
M

ay
 2

02
0

p-
va

lu
e*

Cr
iti

ca
l/s

er
io

us
 (n

 =
 5

0)
St

ab
le

 (n
 =

 4
85

)
Sa

tis
fa

ct
or

y 
(n

 =
 5

02
)

Sy
m

pt
om

s 
(in

cl
. d

at
a 

ca
pt

ur
ed

 d
ur

in
g 

ho
sp

ita
lis

at
io

n)

 C
ou

gh
51

4 
(4

9.
5%

)
41

 (8
2.

0%
)

24
6 

(5
0.

7%
)

22
7 

(4
5.

2%
)

 <
 0

.0
00

1

 F
ev

er
49

5 
(4

7.
7%

)
40

 (8
0.

0%
)

24
2 

(4
9.

9%
)

21
3 

(4
2.

4%
)

 <
 0

.0
00

1

 S
or

e 
Th

ro
at

27
2 

(2
6.

2%
)

9 
(1

8.
0%

)
14

2 
(2

9.
3%

)
12

1 
(2

4.
1%

)
0.

07
24

 H
ea

da
ch

e
15

9 
(1

5.
3%

)
7 

(1
4.

0%
)

74
 (1

5.
3%

)
78

 (1
5.

5%
)

0.
95

75

 D
ia

rr
he

a
11

7 
(1

1.
3%

)
9 

(1
8.

0%
)

61
 (1

2.
6%

)
47

 (9
.4

%
)

0.
08

56

 F
at

ig
ue

11
0 

(1
0.

6%
)

9 
(1

8.
0%

)
53

 (1
0.

9%
)

48
 (9

.6
%

)
0.

17
26

 M
ya

lg
ia

10
9 

(1
0.

5%
)

9 
(1

8.
0%

)
51

 (1
0.

5%
)

49
 (9

.8
%

)
0.

19
38

 D
ys

pn
oe

a
88

 (8
.5

%
)

23
 (4

6.
0%

)
37

 (7
.6

%
)

28
 (5

.6
%

)
 <

 0
.0

00
1

 C
hi

lls
77

 (7
.4

%
)

9 
(1

8.
0%

)
42

 (8
.7

%
)

26
 (5

.2
%

)
0.

00
16

 P
ne

um
on

ia
36

 (3
.5

%
)

13
 (2

6.
0%

)
14

 (2
.9

%
)

9 
(1

.8
%

)
 <

 0
.0

00
1

 V
om

iti
ng

13
 (1

.3
%

)
2 

(4
.0

%
)

5 
(1

.0
%

)
6 

(1
.2

%
)

0.
19

65

 O
th

er
s 

no
t 

lis
te

d 
ab

ov
e

26
8 

(2
5.

8%
)

9 
(1

8.
0%

)
12

4 
(2

5.
6%

)
13

5 
(2

6.
9%

)
0.

38
43

W
or

st
 c

on
di

tio
n 

up
 to

 D
ay

 n
 

of
 a

dm
is

si
on

D
ay

 1
D

ay
  5

‡
D

ay
 1

D
ay

  5
‡

D
ay

 1
D

ay
  5

‡
D

ay
 1

D
ay

  5
‡

C
rit

ic
al

4
19

4
19

0
0

0
0

Se
rio

us
14

21
14

21
0

0
0

0

St
ab

le
46

1
48

1
15

5
44

6
47

6
0

0

Sa
tis

fa
ct

or
y

55
0

51
5

16
5

34
8

50
0

50
2

M
is

si
ng

8
1

1
0

5
1

2
0

Tr
ea

tm
en

ts

 A
nt

i-v
ira

l d
ru

gs
 (K

al
et

ra
/

rib
av

iri
n/

in
te

rf
er

on
)

63
7 

(6
1.

4%
)

49
 (9

8.
0%

)
31

7 
(6

5.
4%

)
27

1 
(5

3.
9%

)
 <

 0
.0

00
1

 C
or

tic
os

te
rio

d 
dr

ug
s

72
 (6

.9
%

)
30

 (6
0.

0%
)

26
 (5

.4
%

)
16

 (3
.2

%
)

 <
 0

.0
00

1

 IC
U

 c
ar

e
53

 (5
.1

%
)

39
 (7

8.
0%

)
10

 (2
.1

%
)

4 
(0

.8
%

)
 <

 0
.0

00
1

 In
tu

ba
tio

n
23

 (2
.2

%
)

23
 (4

6.
0%

)
0 

(0
.0

%
)

0 
(0

.0
%

)
-

D
is

ch
ar

ge
 s

ta
tu

s 
(a

s 
of

 1
0 

M
ay

 2
02

0)

 S
til

l h
os

pi
ta

liz
ed

50
 (4

.8
%

)
10

 (2
0.

0%
)

25
 (5

.2
%

)
15

 (3
.0

%
)

 <
 0

.0
00

1

 D
is

ch
ar

ge
d 

al
iv

e
98

3 
(9

4.
8%

)
37

 (7
4.

0%
)

46
0 

(9
4.

8%
)

48
6 

(9
6.

8%
)

 D
ec

ea
se

d
4 

(0
.4

%
)

3 
(6

.0
%

)
0 

(0
.0

%
)

1 
(0

.2
%

)



Page 6 of 19Tsui et al. BMC Med Inform Decis Mak          (2020) 20:323 

Ta
bl

e 
1 

(c
on

ti
nu

ed
)

W
or

st
 c

on
di

tio
n 

up
 to

 D
ay

 n
 

of
 a

dm
is

si
on

D
ay

 1
D

ay
  5

‡
D

ay
 1

D
ay

  5
‡

D
ay

 1
D

ay
  5

‡
D

ay
 1

D
ay

  5
‡

Le
ng

th
 o

f s
ta

y 
(d

ay
s)

 (i
nc

l. 
no

t y
et

 d
is

ch
ar

ge
d 

ca
se

s)

 M
ea

n 
±

 S
D

21
.7

 ±
 1

1.
7

32
.7

 ±
 1

4.
4

22
.1

 ±
 1

1.
5

20
.1

 ±
 1

1.
0

 <
 0

.0
00

1

 0
–7

 d
ay

s
80

 (7
.7

%
)

1 
(2

.0
%

)
26

 (5
.4

%
)

53
 (1

0.
6%

)
 <

 0
.0

00
1

 8
–1

4 
da

ys
24

0 
(2

3.
1%

)
3 

(6
.0

%
)

11
0 

(2
2.

7%
)

12
7 

(2
5.

3%
)

 1
5–

21
 d

ay
s

24
4 

(2
3.

5%
)

4 
(8

.0
%

)
12

2 
(2

5.
2%

)
11

8 
(2

3.
5%

)

 2
2 

da
ys

 o
r a

bo
ve

47
3 

(4
5.

6%
)

42
 (8

4.
0%

)
22

7 
(4

6.
8%

)
20

4 
(4

0.
6%

)

*p
 v

al
ue

 b
as

ed
 o

n 
ch

i-s
qu

ar
e 

te
st

 fo
r c

at
eg

or
ic

al
 v

ar
ia

bl
es

 a
nd

 K
ru

sk
al

–W
al

lis
 te

st
 fo

r c
on

tin
uo

us
 v

ar
ia

bl
es

†  R
ef

er
 to

 2
5 

ch
ro

ni
c 

di
se

as
es

 (I
nc

lu
di

ng
 D

ia
be

te
s, 

H
yp

er
te

ns
io

n,
 H

yp
er

lip
id

em
ia

, C
hr

on
ic

 o
bs

tr
uc

tiv
e 

pu
lm

on
ar

y 
di

se
as

e,
 C

or
on

ar
y 

H
ea

rt
 D

is
ea

se
, C

hr
on

ic
 H

ea
rt

 F
ai

lu
re

, C
hr

on
ic

 K
id

ne
y 

D
is

ea
se

, S
tr

ok
e,

 G
la

uc
om

a,
 H

ip
 

fr
ac

tu
re

, H
ep

at
iti

s 
B,

 D
em

en
tia

, D
ep

re
ss

io
n,

 P
ar

ki
ns

on
is

m
, N

on
-H

od
gk

in
 L

ym
ph

om
a,

 C
an

ce
r o

f l
un

g,
 c

ol
or

ec
tu

m
, b

re
as

t, 
liv

er
, p

ro
st

at
e,

 s
to

m
ac

h,
 c

er
vi

x,
 c

or
pu

s, 
ov

ar
y 

an
d 

na
so

ph
ar

yn
x)

 in
 th

e 
H

A
 c

hr
on

ic
 d

is
ea

se
s 

vi
rt

ua
l 

re
gi

st
ry

 u
p 

to
 2

01
8,

 a
nd

 th
e 

la
te

st
 in

fo
rm

at
io

n 
of

 D
ia

be
te

s, 
H

yp
er

te
ns

io
n 

an
d 

H
yp

er
lip

id
em

ia
‡  F

or
 th

os
e 

di
sc

ha
rg

ed
 b

ef
or

e 
D

ay
 5

, t
he

 w
or

st
 c

on
di

tio
n 

up
 to

 d
ay

 o
f d

is
ch

ar
ge

 is
 ta

bu
la

te
d



Page 7 of 19Tsui et al. BMC Med Inform Decis Mak          (2020) 20:323  

treatments were respectively provided to 78.0% and 
46.0% in critical/serious outcome groups.

Laboratory readings on day 1 and day 5 of admission
This study defines day 0 according to the time of admis-
sion recorded at admission offices from 00:00 to 23:59. A 
higher proportion of missing values on day 0 is expected 
because three-quarters of the study subjects had admit-
ted for less than 12 h. Therefore, Table 2 shows the latest 
laboratory readings as of day 1 and day 5. For those tests 
whose normal reference ranges vary across HA laborato-
ries, they are expressed as multiples of the upper normal 
reference.

Across the 15 biomarkers and two derived ratios (albu-
min-globulin ratio, neutrophil–lymphocyte ratio), no 
statistically significant between-group differences were 
found in mean platelet volume (MPV) and alkaline phos-
phatase (ALP) on both days 1 and 5, white blood count 
cell (WBC) on day 1 whereas platelet on day 5. Other-
wise, statistical significance was stronger on day 5 than 
day 1 for all other tests except lactate dehydrogenase 
(LDH) which had a reverse pattern. Five biomarkers had 
strongest statistical significance (p < 0.0001) in terms 
of between-group differences on both days, namely 
C-reactive protein (CRP), lymphocyte counts, albumin 
(A), globulin (G) and total protein tests. Their respective 
readings in terms of mean and standard deviation across 
the three outcome groups are shown in Table 2. Based on 
the same blood specimen, N/L and A/G ratios can amal-
gamate and amplify the effects of each pair of biomarkers 
whose scale in opposite direction, contributed to a much 
stronger discriminatory effect on both days (p < 0.0001).

Ct value of RT-PCR tests for E-Gene of the TIB 
MIBIOL kit indicates the viral load, with low value rep-
resenting high viral load and a theoretical maximum of 
40. Significant between-group differences in Ct value 
were found, on day 1 with lowest mean reading in criti-
cal/serious group (24.3 ± 6.1), followed by stable group 
(25.1 ± 7.1) and then satisfactory group (27.2 ± 7.8) 
(p = 0.0001); and their corresponding values on day 5 
were 25.3 ± 6.4, 27.7 ± 7.8 and 29.5 ± 7.7 (p < 0.0001).

Prediction model performance and application
The full model
For the XGBoost decision tree model on day 1 and day 5, 
all 30 predictors were ranked according to their relative 
importance based on F-score in Fig. 1. Based on the test-
ing dataset (n = 208), an extremely strong concordance 
between the predicted and actual outcome classification 
in the confusion matrix was found for both models. The 
overall accuracy rate of the Day-1 model was 92.3%, with 
the macro-/micro-averaged sensitivity at 82.6%/92.3% 
and specificity at 96.0%/96.1%. As for the Day-5 model, 

the overall accuracy rate was 99.5%, with the correspond-
ing macro-/micro-averaged sensitivity at 99.7%/99.5% 
and specificity at 99.5%/99.5% (Table  3). The XGBoost 
model consistently edged over the alternative Decision 
Tree and Random Forest classification models on these 
predictive performance measures (Appendix Table 4).

The simplified model associated with a calculator tool
With reference to their relative importance as indicated 
by F-scores, the next step was to optimize the selec-
tion of a smaller set of variables for training alternative 
simpler models at an opportunity cost of a reduction in 
accuracy rate. As a result, of the top 10 important fea-
tures under Day-1 and Day-5 models (Fig.  1), the same 
seven model features were selected and incorporated into 
two simplified models. They included the worst clinical 
condition status (4-level), age group, and five biomark-
ers, namely, CRP, LDH, platelet, N/L ratio and A/G 
ratio. Their discriminating effect across the three out-
come groups is graphically shown in Appendix Fig.  3. 
Onset-to-admission duration and Ct value of RT-PCR 
test were not selected due to concern of recall bias and 
limited applicability at other settings respectively. The 
alanine aminotransferase (ALT) and ALP biomarkers 
were also dropped as they were relatively less impor-
tant and only appeared in either one model. The overall 
accuracy rate of this simplified Day-1 model was 91.3%, 
with the macro-/micro-averaged sensitivity and specific-
ity respectively at 84.9%/91.3% and 96.0%/95.7%. For the 
Day-5 model, the overall accuracy rate was 94.2%, with 
the corresponding macro-/micro-averaged sensitivity at 
95.9%/94.2% and specificity at 97.8%/97.1% (Table 3) The 
decision trees for each outcome group of the Day-1 sim-
plified model are visualized in Fig. 2.

From Table 1, among the 32 patients who deteriorated 
from satisfactory or stable to critical/serious condition 
after day 1, the simplified Day-1 model has correctly pre-
dicted outcome group for 22 of them (4 out of 7 in the 
testing data and 18 out of 25 in the training data). For 
another 10 patients who deteriorated after day 5, all of 
them can be correctly classified by the Day-5 model.

Discussion
The aim of the study is to provide additional information 
for early clinical decision-making in transferring COVID-
19 patients to step-down care. This model utilizes the 
demographic, presenting symptoms, clinical and labora-
tory findings of the entire Hong Kong cohort to provide 
the best available analysis for developing the prognostic 
models.

It is suggested that HK was facing a different cohort 
of COVID-19 patients as compared to China. As com-
pared to Zhang’s study [13] on disease severity of 663 
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Table 2 Laboratory readings on Day 1 and Day 5 of admission among 1037 COVID-19 confirmed cases as of 30 April 2020

LDH lactate dehydrogenase, ALP alkaline phosphatase, ALT alanine aminotransferase, MPV mean platelet volume
# CT value is set to 40 if PCR test is "not detected"

On Day 1 of admission p value

Critical/serious (n = 50) Stable (n = 485) Satisfactory (n = 502)

n Mean ± SD n Mean ± SD n Mean ± SD

Laboratory readings

 CT  value# 47 24.29 ± 6.05 436 25.10 ± 7.05 474 27.17 ± 7.79 0.0001

 C-reactive protein (mg/L) 45 101.71 ± 93.66 403 10.81 ± 23.42 440 7.98 ± 19.84  < 0.0001

 Albumin (g/L) 50 34.34 ± 6.72 474 41.96 ± 4.58 483 41.57 ± 4.87  < 0.0001

 Globulin (g/L) 48 35.71 ± 6.76 446 32.65 ± 5.11 416 32.71 ± 4.97 0.0054

 Albumin-globulin ratio 48 1.01 ± 0.30 446 1.33 ± 0.30 416 1.33 ± 0.30  < 0.0001

 Total protein (g/L) 50 70.40 ± 6.86 474 74.98 ± 5.37 482 74.97 ± 5.36  < 0.0001

 Neutrophil count  (109/L) 48 5.12 ± 3.61 466 3.46 ± 1.60 470 3.57 ± 1.69 0.0004

 Lymphocyte count  (109/L) 48 0.93 ± 0.36 466 1.53 ± 0.75 470 1.53 ± 0.59  < 0.0001

 Neutrophil–lymphocyte ratio 48 6.43 ± 4.75 466 2.72 ± 1.90 470 2.65 ± 1.62  < 0.0001

 White blood cell count  (109/L) 50 6.54 ± 3.62 473 5.61 ± 1.93 484 5.70 ± 1.98 0.1906

 Bilirubin (μmol/L) 50 10.72 ± 5.13 474 9.20 ± 5.96 482 9.18 ± 5.83 0.0130

 Potassium (mmol/L) 50 3.78 ± 0.48 474 3.88 ± 0.38 480 3.89 ± 0.37 0.1846

 Creatinine (as times of upper normal 
reference)

50 0.83 ± 0.35 474 0.77 ± 0.14 481 0.75 ± 0.12 0.1474

 LDH 44 1.59 ± 0.68 435 0.84 ± 0.25 464 0.85 ± 0.23  < 0.0001

 ALP 50 0.58 ± 0.29 474 0.57 ± 0.23 483 0.58 ± 0.19 0.1511

 ALT 50 0.92 ± 0.64 474 0.61 ± 0.48 482 0.63 ± 0.51  < 0.0001

 Platelet 50 0.54 ± 0.19 470 0.58 ± 0.20 483 0.60 ± 0.19 0.0094

 MPV 48 0.88 ± 0.10 393 0.87 ± 0.15 429 0.88 ± 0.12 0.9139

On Day 5 of admission p value

Critical /serious (n = 50) Stable (n = 485) Satisfactory (n = 502)

n Mean ± SD n Mean ± SD n Mean ± SD

Laboratory readings

 CT  value# 47 25.27 ± 6.43 464 27.69 ± 7.80 496 29.50 ± 7.68  < 0.0001

 C-reactive protein (mg/L) 50 104.10 ± 98.75 458 11.60 ± 23.90 466 7.99 ± 17.79  < 0.0001

 Albumin (g/L) 50 29.26 ± 6.94 478 40.94 ± 5.05 489 40.40 ± 5.02  < 0.0001

 Globulin (g/L) 48 37.03 ± 5.82 453 33.34 ± 5.21 426 33.06 ± 5.12  < 0.0001

 Albumin-globulin ratio 48 0.83 ± 0.28 453 1.27 ± 0.30 426 1.28 ± 0.31  < 0.0001

 Total protein (g/L) 50 66.55 ± 6.27 478 74.55 ± 5.40 489 74.03 ± 5.05  < 0.0001

 Neutrophil count  (109/L) 50 5.97 ± 3.23 477 3.22 ± 1.51 487 3.21 ± 1.35  < 0.0001

 Lymphocyte count  (109/L) 50 0.85 ± 0.47 477 1.65 ± 0.72 487 1.65 ± 0.57  < 0.0001

 Neutrophil–lymphocyte ratio 50 8.63 ± 6.02 477 2.31 ± 1.90 487 2.19 ± 1.37  < 0.0001

 White blood cell count  (109/L) 50 7.39 ± 3.50 478 5.49 ± 1.85 489 5.50 ± 1.65 0.0005

 Bilirubin (μmol/L) 50 24.54 ± 20.53 478 15.98 ± 10.75 489 14.06 ± 9.30  < 0.0001

 Potassium (mmol/L) 50 3.69 ± 0.42 478 3.82 ± 0.38 488 3.86 ± 0.40 0.0182

 Creatinine (as times of upper normal 
reference)

50 0.86 ± 0.46 478 0.81 ± 0.18 489 0.78 ± 0.15 0.0231

 LDH 50 1.65 ± 0.67 473 0.83 ± 0.27 484 0.83 ± 0.25  < 0.0001

 ALP 50 0.57 ± 0.29 478 0.56 ± 0.23 489 0.56 ± 0.18 0.2098

 ALT 50 0.94 ± 0.65 478 0.58 ± 0.48 489 0.61 ± 0.75  < 0.0001

 Platelet 50 0.67 ± 0.28 475 0.62 ± 0.23 488 0.63 ± 0.21 0.6444

 MPV 48 0.87 ± 0.11 401 0.86 ± 0.15 434 0.87 ± 0.12 0.6910
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patients in Wuhan (14% critical, 48% severe, 38% mod-
erate, 0.5% mild), HK had a totally reverse pattern with 
only 5% critical/serious cases (Table  1) with regard to 
similar clinical criteria defining “critical” and “seri-
ous” between China [13, 28] and HK. This huge differ-
ence can be partly explained by a younger age profile 
in Hong Kong’s entire cohort relative to Zhang’s study 
cohort (mean age of 38 years versus 56 years).

Most studies predicted fatal outcome of mortal-
ity [12–14, 17, 19, 21] and critical illness [17, 19, 20] 
of COVID-19 cases, except two published studies in 
China [13, 18] and 9 pre-printed studies reviewed by 
Wynants et  al. [29] on risk factors for disease severity 
spectrum. Since the mortality of HK COVID-19 cases 
is low (four deaths among 1037 patients), the above 
predicted fatal outcome is not applicable to stratify the 
needs of our patients nor to inform subsequent man-
agement decision for step-down care. Local study is 

necessary to provide additional insight to the disease 
management.

Our study finds significant correlation of patients’ pre-
disposing risk factors like older age, male sex and pres-
ence of chronic diseases, in particular those related to 
cardiovascular diseases, with adverse outcome in uni-
variate analysis. Similar findings were reported in other 
studies [12, 13, 16, 17, 20, 22]. The presenting symptoms 
of dyspnoea and fatigue were significant indicator for 
poorer outcome in other COVID-19 studies [12, 13, 17, 
20]; whereas only dyspnoea was found significant in uni-
variate analysis but relatively less important as compared 
to biomarkers in this study.

For the biomarkers (individually or in ratios) in the 
top 20 important model features list (Fig.  1), they 
could predict disease severity; and most of them are 
also reported as independent prognostic factors of 
COVID-19 in other studies (13.17–22). We did not 
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Fig. 1 Top 20 Features* ranked according to importance in the XGBoost model. *Feature importance of total protein, gender, pneumonia, chronic 
disease, sore throat, fatigue, myalgia, chills, headache, and vomiting under Day-1 model and that of total protein, myalgia, pneumonia, fever, 
vomiting, chronic disease, headache, fatigue, sore throat, chills under Day-5 model were excluded from this figure
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include aspartate aminotransferase (AST), procalici-
tonin (PCT) and D-dimer as in other COVID-19 stud-
ies [12–14, 17, 22] because only 16%-23% of our study 
subjects had such biomarkers tested. A few impor-
tant prognosticators of this study are also in common 
with three previous local studies on prognostication 

in SARS patients, in which elevated CRP, LDH, neu-
trophil count, ALT, creatinine and platelet counts pre-
dictive of mortality, ICU care or oxygenation failure 
[24–26].

The study showed that clinical conditions on day 
1 and day 5 could predict the subsequent clinical 

Table 3 Predictive performance of the full model and the simplified model

* Model performance based on testing dataset (n = 208)
# upon discharge if hospital discharged before Day 5

Full Model* (based on 30 features)

On Day 1 of admission On Day 5 of  admission#

Predicted class Predicted class

Critical/serious Stable Satisfactory Critical/serious Stable Satisfactory

Actual class

 Critical/serious 6 0 4 10 0 0

 Stable 6 86 5 0 96 1

 Satisfactory 1 0 100 0 0 101

Sensitivity

 By class 60.0% 88.7% 99.0% 100.0% 99.0% 100.0%

 Macro averaged 82.6% 99.7%

 Micro averaged 92.3% 99.5%

Specificity

 By class 96.5% 100.0% 91.6% 100.0% 100.0% 99.1%

 Macro averaged 96.0% 99.5%

 Micro averaged 96.1% 99.5%

Accuracy 92.3% 99.5%

Simplified model* (based on 7 features)

On Day 1 of admission On Day 5 of  admission#

Predicted Class Predicted Class

Critical/serious Stable Satisfactory Critical/serious Stable Satisfactory

Actual class

 Critical/serious 7 1 2 10 0 0

 Stable 7 86 4 9 87 1

 Satisfactory 4 0 97 2 0 99

Sensitivity

 By class 70.0% 88.7% 96.0% 100.0% 89.7% 98.0%

 Macro averaged 84.9% 95.9%

 Micro averaged 91.3% 94.2%

Specificity

 By class 94.4% 99.1% 94.4% 94.4% 100.0% 99.1%

 Macro averaged 96.0% 97.8%

 Micro averaged 95.7% 97.1%

Accuracy 91.3% 94.2%
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outcome, particularly in the stable and satisfactory 
patient groups in addition to their biomarkers’ read-
ings. Patients having ‘satisfactory clinical condition’ in 

Day-1 and 5 are more likely to have a stable or satisfac-
tory outcome. However, this feature is less prominent 
in critical/serious group’s decision rules (Fig. 2).

Fig. 2 Decision rules using the key features under the Day-1 simplified model and their thresholds
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Based on the testing dataset, the current XGboost 
classifier (“the full model”) achieved a very high predic-
tive accuracy rate of 92% and 99% to classify study sub-
jects into three outcome groups on day 1 and day 5 of 
admission, which is on average equivalent to day 6 and 
day 10 of symptom onset given the median/mean onset-
to-admission duration being 4/5.8  days. In this big data 
era, it’s technically feasible to automate predicted prob-
abilities of three outcome classes as predicted from this 
methodology which simultaneously considers a multi-
tude of factors readily available in HA’s CMS. This study’s 
XGBoost algorithm by default can support missing data 
values in study subjects, commonly encountered when 
using observational data at service settings.

In order to provide quick and accurate prediction at the 
point of care, simplification of the predictive modelling 
is suggested. Through a robust variable selection process 
of the two full models on day 1 and day 5 of admission, 
a simpler model with seven common specific predictors 
were identified. They included the worst clinical con-
dition status (4-level), age group, and five biomarkers, 
namely, CRP, LDH, platelet, N/L ratio and A/G ratio. By 
using these modified models at the point of care, physi-
cians will have additional and convenient information on 
the prognostic analysis of the COVID-19 patients at early 
presentation to hospitals. This will increase the turna-
round time of our precious inpatient facilities and thus 
the efficiency of infection control measures.

Experts worldwide warn that COVID-19 may persist 
into this winter. For Hong Kong to continue with the cur-
rent “early identification, early isolation and early treat-
ment” strategy, this prognostic modelling is part of the 
corporate strategy in the preparedness for the potential 
third wave of outbreak in Hong Kong. Learning from the 
examples in nearby countries, like Singapore, Hong Kong 
is preparing the emergency response in case over hun-
dreds or thousands of new cases presented per day, which 
will overwhelm our existing isolation bed capacity in the 
public hospital system. Planning for community isolation 
and treatment facilities is underway. In order to ensure 
patient safety and quality care, a tool to identify patients 
with lesser severity and better outcome is necessary. This 
group of patients probably will be safely managed at the 
community settings. This study provides a robust analy-
sis on prognostication for COVID-19 cases. The trans-
formation into a simple calculator tool to predict clinical 

outcome on day 1 and day 5 of admission makes it more 
convenient for clinicians to apply in their daily settings. It 
allows early identification of newly confirmed cases upon 
presentation and triage to appropriate places for isolation 
and treatment at appropriate timing.

When this manuscript is being revised in response to 
reviewers’ comments in mid-August 2020, Hong Kong 
is under the third wave of epidemic. The Day-1 and 
Day-5 simplified models were tested against an addi-
tion of 2984 cases newly confirmed within the following 
three months after this study’s data cut-off date, recon-
firming that its predictive performance among this new 
cohort (Appendix Table  5) remained similar as the ear-
lier cohort’s (Table 3). HA has started applying the tool at 
Hong Kong’s newly set up Community Treatment Facil-
ity which isolates and treats clinically stable cases aged 
below 60 upon confirmation. An automated daily patient 
list with model predictions together with latest predic-
tors’ values is sent to on-site clinicians as a clinical ref-
erence to early identify potential deterioration cases for 
transfer back to acute hospitals for treatment.

Limitation of the study includes the lack of inclusion of 
data from radiological imaging. Patients with COVID-19 
are found to have lung infection with ground glass and 
consolidative opacities with peripheral and lower lung 
distribution and bilateral involvement [30]. We are going 
to include all chest X-ray images up to day 5 in the next 
study through AI approach of image analytics.

Conclusion
This study provides comprehensive analysis on epi-
demiological, clinical and laboratory data within the 
first five days of admission among the entire Hong 
Kong cohort of 1037 laboratory-confirmed COVID-19 
patients. Having considered a multitude of prognostic 
factors, the model could accurately predict the clini-
cal outcome of a COVID-19 case on day 1 and day 5 
of admission, namely, critical/serious, stable and satis-
factory. It aims to serve as a management tool as well 
as a clinical reference tool in order to plan ahead for 
response measures on triage and step-down care to 
cope with the next unprecedented wave of COVID-19 
epidemic. With a trade-off between practical applica-
tion and predictive accuracy, the full model consist-
ing of 30 features were reduced into a simpler model 
with seven specific features in tandem with a simple, 
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easy-to-understand and transparent calculator tool for 
applications locally and open access globally.

Abbreviations
A: Albumin; A/G ratio: Albumin-globulin ratio; AI: Artificial Intelligence; 
AII: Airborne infection isolation; ALP: Alkaline phosphatase; ALT: Alanine 
aminotransferase; AST: Aspartate aminotransferase; CMS: Clinical Manage-
ment System; COVID-19: Coronavirus Disease 2019; CRP: C-reactive protein; 
ECMO: Extracorporeal membrane oxygenation; eNID: Electronic Notification 
of Infectious Disease; G: Globulin; HA: Hospital Authority; HK: Hong Kong; ICU: 
Intensive care unit; ILI: Influenza-like illness; LDH: Lactate dehydrogenase; MPV: 
Mean platelet volume; N/L ratio: Neutrophil–lymphocyte ratio; NDORS: Notifi-
able Diseases and Outbreak Reporting System; PCT: Procalcitonin; RT-PCR: 
Reverse-transcription polymerase chain reaction; SARS: Severe Acute Respira-
tory Syndrome; SD: Standard deviation; WBC: White blood cell count; WHO: 
World Health Organization; XGBoost: Extreme Gradient Boosting.
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Fig. 3 Relationship between each key feature under Day 1 and Day 5 of admission and the SHAP value for each outcome group (Red: Critical / 
Serious, Yellow: Stable, Green: Satisfactory)
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Fig. 3 continued
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Fig. 3 continued
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Fig. 3 continued
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Table 4 Comparison on  predictive performance of  three alternative machine learning classification algorithms using 
the same features under the full model

* Model performance based on testing dataset (n = 208)
# median imputation method was adopted to handle missing data values in study subjects

Algorithm Full model* (based on 30 features)

On Day 1 of admission

Sensitivity Specificity Accuracy (%)

Macro averaged (%) Micro averaged (%) Macro averaged (%) Micro averaged (%)

Decision Tree # 76.1 90.4 78.3 90.4 90.4

Random forest # 77.8 90.9 69.6 90.9 90.9

As compared against the study’s chosen model

 XGBoost 82.6 92.3 96.0 96.1 92.3

Algorithm Full model* (based on 30 features)

On Day 5 of admission

Sensitivity Specificity Accuracy (%)

Macro averaged (%) Micro averaged (%) Macro averaged (%) Micro averaged (%)

Decision Tree # 91.3 97.1 98.0 97.1 97.1

Random forest # 92.3 97.6 95.3 97.6 97.6

As compared against the study’s chosen model

 XGBoost 99.7 99.5 99.5 99.5 99.5

Table 5 Predictive performance of the simplified model for an extended testing data (COVID-19 confirmed cases during 1 
May–9 Aug 2020), which was supplemented to this study when the manuscript was revised in mid-August 2020

* Model performance based on testing dataset (n = 2984)

Simplified model* (based on 7 features)

On Day 1 of admission On Day 5 of  admission#

Predicted class Predicted class

Critical/serious Stable Satisfactory Critical/serious Stable Satisfactory

Actual class

Critical/serious 187 13 23 207 7 9

Stable 227 1389 62 187 1480 11

Satisfactory 7 0 1076 18 0 1065

Sensitivity

By outcome class 83.9% 82.8% 99.4% 92.8% 88.2% 98.3%

Macro averaged 88.9% 92.2%

Micro averaged 88.9% 92.2%

Specificity

By outcome class 91.5% 99.0% 95.5% 92.6% 99.5% 98.9%

Macro averaged 97.2% 98.8%

Micro averaged 94.4% 96.1%

Accuracy 88.9% 92.2%



Page 19 of 19Tsui et al. BMC Med Inform Decis Mak          (2020) 20:323  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

Received: 8 June 2020   Accepted: 17 November 2020

References
 1. WHO Coronavirus Disease (COVID-19) Dashboard. World Health Organi-

zation. 2020. https ://covid 19.who.int/. Accessed 20 May 2020.
 2. Latest situation of cases of COVID-19 (as of 11 May 2020). Centre for 

Health Protection, HKSAR. 2020. https ://www.coron aviru s.gov.hk/eng/
index .html. Accessed 20 May 2020.

 3. Gibney E. Whose coronavirus strategy worked best? Scientists hunt most 
effective policies. Nature. 2020;581:15–6.

 4. Countries by density 2020. World population review. 2020. https ://world 
popul ation revie w.com/count ries/count ries-by-densi ty/. Accessed 20 
May 2020.

 5. Introduction. Hospital Authority, HKSAR. 2020. https ://www.ha.org.hk/
visit or/ha_visit or_index .asp?Conte nt_ID=10008 &Lang=ENG&Dimen 
sion=100&Paren t_ID=10004 &Ver=HTML. Accessed 20 May 2020.

 6. Cheung N-T, Fung V, Kong JHB. The Hong Kong Hospital Authority’s infor-
mation architecture. Stud Health Technol Inform. 2004;107(2):1183–6.

 7. SCMP Editorial. We can all help ease burden on hospitals. South China 
Morning Post. 2020. https ://www.scmp.com/comme nt/opini on/artic 
le/30777 95/we-can-all-help-ease-burde n-hospi tals. Accessed 20 May 
2020.

 8. HA Task Force on Clinical Management on Infection. Interim recommen-
dation on clinical management of adult cases with Coronavirus Disease 
2019 (COVID-19). Hospital Authority, HKSAR. 2020. https ://ha.home/ho/
cico/Inter im_Recom menda tion_on_Clini cal_Manag ement _of_Adult 
_Cases _with_COVID -19.pdf. Accessed 20 May 2020.

 9. HA Task Force on Clinical Management on Infection. Interim recom-
mendation on clinical management of paediatric patients of Coronavirus 
Disease 2019 (COVID 19) infection. Hospital Authority, HKSAR. 2020. https 
://ha.home/ho/cico/Inter im_Recom menda tion_on_Clini cal_Manag 
ement _of_Paedi atric _Patie nts_of_COVID -19inf ectio n.pdf. Accessed 20 
May 2020.

 10. World Health Organization. Global surveillance for COVID-19 caused by 
human infection with COVID-19 virus: interim guidance. 2020. https ://
www.who.int/publi catio ns-detai l/globa l-surve illan ce-for-covid -19-cause 
d-by-human -infec tion-with-covid -19-virus -inter im-guida nce. Accessed 
20 May 2020.

 11. Hong Kong Cancer Registry. Hospital Authority, HKSAR. https ://www3.
ha.org.hk/cance reg/. Accessed 20 May 2020.

 12. Chen R, Liang W, Jiang M, Guan W, Zhan C, Wang T, et al. Risk Factors 
of fatal outcome in hospitalized subjects with coronavirus disease 
2019 from a nationwide analysis in China. Chest. 2020. https ://doi.
org/10.1016/j.chest .2020.04.010.

 13. Zhang J, Wang X, Jia X, Li J, Hu K, Chen G, et al. Risk factors for disease 
severity, unimprovement, and mortality in COVID-19 patients in Wuhan, 
China. Clin Microbiol Infect. 2020;26(6):767–72.

 14. Zhang L, Yan X, Fan Q, Liu H, Liu X, Liu Z, et al. D-dimer levels on admis-
sion to predict in-hospital mortality in patients with Covid-19. J Thromb 
Haemost. 2020;18(6):1324–9.

 15. McIntosh K. Coronavirus disease 2019 (COVID-19). Epidemiology, virol-
ogy, clinical features, diagnosis, and prevention. UpToDate. https ://www.
uptod ate.com/conte nts/coron aviru s-disea se-2019-covid -19-epide miolo 
gy-virol ogy-clini cal-featu res-diagn osis-and-preve ntion ?secti onNam 
e=Strat egies %20for %20PPE %20sho rtage s&topic Ref=12755 6&ancho 
r=H7758 38145 &sourc e=see_link#H3392 90651 2. Accessed 19 May 2020.

 16. Zhou F, Yu T, Du R, Fan G, Liu Y, Liu Z, et al. Clinical course and risk factors 
for mortality of adult inpatients with COVID-19 in Wuhan, China: a retro-
spective cohort study. Lancet. 2020;395:1054–62.

 17. Zheng Z, Peng F, Xu B, Zhao J, Liu H, Peng J, et al. Risk factors of critical & 
mortal COVID-19 cases: a systematic literature review and meta-analysis. J 
Infect. 2020. https ://doi.org/10.1016/j.jinf.2020.04.021.

 18. Zhu Z, Cai T, Fan L, Lou K, Hua X, Huang Z, et al. Clinical value of immune-
inflammatory parameters to assess the severity of coronavirus disease 
2019. Int J Infect Dis. 2020;95:332–9.

 19. Yao Q, Wang P, Wang X, Qie G, Meng M, Tong X, et al. Retrospective study 
of risk factors for severe SARS-Cov-2 infections in hospitalized adult 
patients. Pol Arch Intern Med. 2020;130(5):390–9.

 20. Liang W, Liang H, Ou L, Chen B, Chen A, Li C, et al. Development and vali-
dation of a clinical risk score to predict the occurrence of critical illness in 
hospitalized patients with COVID-19. JAMA Intern Med. 2020. https ://doi.
org/10.1001/jamai ntern med.2020.2033.

 21. Yan L, Zhang H-T, Goncalves J, Xiao Y, Wang M, Guo Y, et al. An interpret-
able mortality prediction model for COVID-19 patients. Nature Mach 
Intell. 2020;2:283–8.

 22. Cummings MJ, Baldwin MR, Abrams D, Jacobson SD, Meyer BJ, Balough 
EM, et al. Epidemiology, clinical course, and outcomes of critically ill 
adults with COVID-19 in New York City: a prospective cohort study. 
Lancet. 2020;395:1763–70.

 23. Qu R, Ling Y, Zhang Y, Wei L, Chen X, Li X, et al. Platelet-to-lymphocyte 
ratio is associated with prognosis in patients with coronavirus disease-19. 
J Med Virol. 2020. https ://doi.org/10.1002/jmv.25767 .

 24. Chan JCK, Tsui ELH, Wong VCW, Hospital Authority SARS Collaborative 
Group. Prognostication in severe acute respiratory syndrome: a retrospec-
tive time-course analysis of 1312 laboratory-confirmed patients in Hong 
Kong. Respirology. 2007;12:531–42.

 25. Tsui PT, Kwok ML, Yuen H, Lai ST. Severe acute respiratory syndrome: clini-
cal outcome and prognostic correlates1. Emerg Infect Dis. 2003;9:1064–9.

 26. Choi KW, Chau TN, Tsang O, Tso E, Chiu MC, Tong WL, et al. Outcomes 
and prognostic factors in 267 patients with severe acute respiratory 
syndrome in Hong Kong. Ann Intern Med. 2003;139:715–23.

 27. Fushiki T. Estimation of prediction error by using K-fold cross-validation. 
Stat Comput. 2011;21:137–46.

 28. National Health Commission of the People’s Republic of China. Diagnosis 
and treatment protocol for COVID-19 (Trial Version 7). 2020. http://en.nhc.
gov.cn/2020-03/29/c_78469 .htm. Accessed 20 May 2020.

 29. Wynants L, Van Calster B, Bonten MMJ, Collins GS, Debray TPA, De Vos 
M, et al. Prediction models for diagnosis and prognosis of covid-19 
infection: systematic review and critical appraisal. BMJ. 2020. https ://doi.
org/10.1136/bmj.m1328 .

 30. Wong HYF, Lam HYS, Fong AH-T, Leung ST, Chin TW-Y, Lo CSY, et al. 
Frequency and distribution of chest radiographic findings in COVID-19 
positive patients. Radiology. 2019;295:201160.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://covid19.who.int/
https://www.coronavirus.gov.hk/eng/index.html
https://www.coronavirus.gov.hk/eng/index.html
https://worldpopulationreview.com/countries/countries-by-density/
https://worldpopulationreview.com/countries/countries-by-density/
https://www.ha.org.hk/visitor/ha_visitor_index.asp?Content_ID=10008&Lang=ENG&Dimension=100&Parent_ID=10004&Ver=HTML
https://www.ha.org.hk/visitor/ha_visitor_index.asp?Content_ID=10008&Lang=ENG&Dimension=100&Parent_ID=10004&Ver=HTML
https://www.ha.org.hk/visitor/ha_visitor_index.asp?Content_ID=10008&Lang=ENG&Dimension=100&Parent_ID=10004&Ver=HTML
https://www.scmp.com/comment/opinion/article/3077795/we-can-all-help-ease-burden-hospitals
https://www.scmp.com/comment/opinion/article/3077795/we-can-all-help-ease-burden-hospitals
https://ha.home/ho/cico/Interim_Recommendation_on_Clinical_Management_of_Adult_Cases_with_COVID-19.pdf
https://ha.home/ho/cico/Interim_Recommendation_on_Clinical_Management_of_Adult_Cases_with_COVID-19.pdf
https://ha.home/ho/cico/Interim_Recommendation_on_Clinical_Management_of_Adult_Cases_with_COVID-19.pdf
https://ha.home/ho/cico/Interim_Recommendation_on_Clinical_Management_of_Paediatric_Patients_of_COVID-19infection.pdf
https://ha.home/ho/cico/Interim_Recommendation_on_Clinical_Management_of_Paediatric_Patients_of_COVID-19infection.pdf
https://ha.home/ho/cico/Interim_Recommendation_on_Clinical_Management_of_Paediatric_Patients_of_COVID-19infection.pdf
https://www.who.int/publications-detail/global-surveillance-for-covid-19-caused-by-human-infection-with-covid-19-virus-interim-guidance
https://www.who.int/publications-detail/global-surveillance-for-covid-19-caused-by-human-infection-with-covid-19-virus-interim-guidance
https://www.who.int/publications-detail/global-surveillance-for-covid-19-caused-by-human-infection-with-covid-19-virus-interim-guidance
https://www3.ha.org.hk/cancereg/
https://www3.ha.org.hk/cancereg/
https://doi.org/10.1016/j.chest.2020.04.010
https://doi.org/10.1016/j.chest.2020.04.010
https://www.uptodate.com/contents/coronavirus-disease-2019-covid-19-epidemiology-virology-clinical-features-diagnosis-and-prevention?sectionName=Strategies%20for%20PPE%20shortages&topicRef=127556&anchor=H775838145&source=see_link#H3392906512
https://www.uptodate.com/contents/coronavirus-disease-2019-covid-19-epidemiology-virology-clinical-features-diagnosis-and-prevention?sectionName=Strategies%20for%20PPE%20shortages&topicRef=127556&anchor=H775838145&source=see_link#H3392906512
https://www.uptodate.com/contents/coronavirus-disease-2019-covid-19-epidemiology-virology-clinical-features-diagnosis-and-prevention?sectionName=Strategies%20for%20PPE%20shortages&topicRef=127556&anchor=H775838145&source=see_link#H3392906512
https://www.uptodate.com/contents/coronavirus-disease-2019-covid-19-epidemiology-virology-clinical-features-diagnosis-and-prevention?sectionName=Strategies%20for%20PPE%20shortages&topicRef=127556&anchor=H775838145&source=see_link#H3392906512
https://www.uptodate.com/contents/coronavirus-disease-2019-covid-19-epidemiology-virology-clinical-features-diagnosis-and-prevention?sectionName=Strategies%20for%20PPE%20shortages&topicRef=127556&anchor=H775838145&source=see_link#H3392906512
https://doi.org/10.1016/j.jinf.2020.04.021
https://doi.org/10.1001/jamainternmed.2020.2033
https://doi.org/10.1001/jamainternmed.2020.2033
https://doi.org/10.1002/jmv.25767
http://en.nhc.gov.cn/2020-03/29/c_78469.htm
http://en.nhc.gov.cn/2020-03/29/c_78469.htm
https://doi.org/10.1136/bmj.m1328
https://doi.org/10.1136/bmj.m1328

	Development of a data-driven COVID-19 prognostication tool to inform triage and step-down care for hospitalised patients in Hong Kong: a population-based cohort study
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Study population, data collection and definition
	Statistical analysis

	Results
	Epidemiological and clinical profile
	Laboratory readings on day 1 and day 5 of admission
	Prediction model performance and application
	The full model
	The simplified model associated with a calculator tool


	Discussion
	Conclusion
	Acknowledgements
	References


