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Effective identification of patients with suspected COVID-19 is vital for the management. This study aimed to
establish a simple clinical prediction model for COVID-19 in primary care.

We consecutively enrolled 60 confirmed cases and 152 suspected cases with COVID-19 into the study. The
training cohort consisted of 30 confirmed and 78 suspected cases, whereas the validation cohort consisted of
30 confirmed and 74 suspected cases. Four clinical variables — epidemiological history (E), body temperature
(1), leukocytes count (L), and chest computed tomography (C) — were collected to construct a preliminary pre-
diction model (model A). By integerizing coefficients of model A, a clinical prediction model (model B) was con-
structed. Finally, the scores of each variable in model B were summed up to build the ETLC score.

The preliminary prediction model A was Logit (Y,)=2.657X +1.153X,+2.125X,+2.828X,-10.771, while the model
B was Logit (Y;)=2.5X +1X,+2X,+3X,-10. No significant difference was found between the area under the curve
(AUC) of model A (0.920, 95% Cl: 0.875-0.953) and model B (0.919, 95% Cl: 0.874-0.952) (Z=0.035, P=0.972).
When ETLC score was more than or equal to 9.5, the sensitivity and specificity for COVID-19 was 76.7% (46/60)
and 90.1% (137/152), respectively, and the positive and negative predictive values were 75.4% (46/61) and
90.7% (137/151), respectively.

The ETLC score is helpful for efficiently identifying patients with suspected COVID-19.

COVID-19 e Logistic Models ¢ ROC Curve

COVID-19 - coronavirus disease 2019; SARS-CoV-2 — severe acute respiratory syndrome coronavirus 2;
ROC - receiver operating characteristic; AUC — area under the ROC curve
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Background

In the last year, COVID-19, caused by severe acute respiratory
syndrome coronavirus-2 (SARS-CoV-2), has spread globally and
became a worldwide pandemic due to the overall susceptibili-
ty and high transmissibility [1]. By end of January 2021, there
have been 102 292 591 confirmed cases of COVID-19, including
2 215 321 deaths, reported to the World Health Organization
(WHO). This unprecedented public health crisis has prompt-
ed a highly-effective case identification strategy to make rea-
sonable virus-detection plans and case quarantine modalities
for controlling SARS-CoV-2 transmission and maintaining so-
cial stability [2,3].

Every year, many patients with clinical features similar to
COVID-19 visit primary care providers, who are now engaged
in developing a practical strategy for distinguishing suspect-
ed cases of COVID-19 from ordinary influenza patients using
simple clinical data. To cope with the pandemic, the National
Health Committee of China has issued and updated the Chinese
Diagnosis and Treatment Guidelines for COVID-19 (Chinese
guidelines) since the early stage of the outbreak. In these
guidelines, the diagnosis of suspected COVID-19 is based on
a series of clinical features, including epidemiological history,
symptom, body temperature, leukocyte count, and chest CT
findings [4-7]. However, in real-world practice, the consisten-
cy of understanding this guideline is not satisfactory in clinical
applications due to the lack of quantitative standards; there-
fore, clinical diagnosis still relies on physician experience and
PCR testing for SARS-CoV-2. However, the false-negative rate
of PCR testing is as high as 60-70% because specimens from
the upper (vs lower) respiratory tract usually contain less SARS-
CoV-2, especially for mild type and recessive patients [8,9].
Therefore, a clinical prediction model based on these clinical
data is needed for the frontline management of COVID-19 [10].
During the current COVID-19 pandemic, various clinical predic-
tion models have been established for diagnosis and classifi-
cation [11,12]. However, most of these diagnosis models are
not satisfactory in clinical practice, with frequent underdiag-
nosis or overdiagnosis.

Qingdao is a large port city with 9 million residents in east
China. As the largest general hospital in Qingdao, Qingdao
Municipal Hospital (QMH) has taken the responsibility for
screening and treating suspected COVID-19 cases since late
January 2020. Like other Chinese hospitals, the fever clinic is
the primary care department for COVID-19 in our hospital [13].
The top priority task of fever clinic is to correctly distinguish
suspected patients from any febrile patients or any patients
with an epidemiological history of COVID-19 [14,15]. Since 17
January 2020, more than 20 000 patients have been triaged in
our clinic, and only 1038 have been diagnosed as suspected
cases and received the compulsory virus tests. Among the 1038
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cases, only 12 patients were later confirmed to have COVID-19.
Consistent with this, in the mass PCR testing of COVID-19 for
the entire population in early October 2020, we did not find
any local COVID-19 cases except for 12 cases caused by nos-
ocomial infection in the special hospital for treatment of im-
ported cases. Therefore, a relatively accurate clinical predic-
tion tool has become an urgent need for use in primary care
to optimize the utilization of medical resources [16].

To meet this need, we collected the clinical data of all sus-
pected cases in the Fever Clinic of QMH and confirmed cases
in the COVID-19 Ward of Qingdao Thorax Hospital (QTH), the
designated hospital for COVID-19 confirmed cases, in the first
2 months after 17 January 2020. The collected items were se-
lected based on the Chinese guidelines, including epidemiol-
ogy history, temperature, leukocyte and lymphocyte counts,
and chest CT. All of the variables were classified into 3 lev-
els based on the experience of treating viral pneumonia, so
as to develop a diagnostic prediction model, Epidemiology-
Temperature-Leukocytes-CT, and ETLC score, with multivari-
ate logistic regression analysis.

Material and Methods

Study Participants

From 17 January 2020 to 28 February 2020, 60 confirmed
COVID-19 patients were retrospectively enrolled from the
COVID-19 ward of QTH. Meanwhile, a total of 152 suspected
COVID-19 patients from the Fever Clinic of QMH were enrolled
in the study. All patients were divided into either a training co-
hort or validation cohort according to the enrolment time. The
training cohort consisted of the first 30 confirmed cases and
all suspected cases, whereas the validation cohort consisted
of the last 30 confirmed cases and all suspected cases simul-
taneously. The results of SARS-CoV-2 RNA detection, complete
blood count, and chest CT were collected.

The study protocol was approved by the Medical Ethics
Committee of Qingdao Municipal Hospital and complied with
the Declaration of Helsinki. All patients provided informed
consent for their data to be used anonymously for medical
research. The requirement for written informed consent was
waived by the Ethics Commission of QMH and QTH for emerg-
ing infectious diseases.

Diagnostic criteria for a COVID-19 suspected or confirmed case
were defined based on the Diagnosis and Treatment Guidelines
for COVID-19 (current version) issued by the National Health
Committee of China. Briefly, for suspected COVID-19 cases, a
patient must meet any of the epidemiology history criteria and
any 2 of the clinical manifestations, or all clinical manifestation

Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]
[Chemical Abstracts/CAS]

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)

€931467-2




Hao W. et al:
A prediction model for COVID-19
© Med Sci Monit, 2021; 27: €931467

Table 1. Variable scoring.

DATABASE ANALYSIS

Variable Variable name Scoring and statement

X, Epidemiological history  2: Living history of epidemic area/or close contact with COVID-19 confirmed patients
1: Other epidemiologic condition stated in Chinese guideline for COVID-19
0: No epidemiological history

X, Body temperature 2: T 238.5°C
1: 37.3°C <T «38.5°C
0: T <37.3°C

X, Leukocyte count 2: Leukocyte count below normal range; leukocyte count in normal range and

lymphocyte count below normal range

1: Leukocytes count in normal range, without lymphocyte count below normal range
0: Leukocytes count above normal range

X, Chest CT 2: Typical CT manifestations of virus-pneumonia

1: Atypical CT manifestations of pneumonia
0: No CT manifestations of pneumonia

without epidemiological history. A confirmed COVID-19 case
must meet any of the pathogenic criteria: real-time PCR test
positive for SARS-CoV-2, or viral whole-genome sequencing
showing high homogeneity to SARS-CoV-2.

Study Design

Variable selection: According to the diagnostic criteria for a
suspected case, we selected 4 variables: epidemiological his-
tory, body temperature, leukocyte count, and chest CT find-
ings. Results of all variables in suspected patients were col-
lected at the first visit to the fever clinic. Four variables were
graded according to clinical experience (Table 1).

Prediction model: The training cohort consisted of 30 con-
firmed and 78 suspected cases collected in January 2020 (the
early part of the study time frame). Binary logistic regression
analysis was performed with COVID-19 diagnosis as the de-
pendent variable and 4 independent variables: epidemiolog-
ical history, body temperature, leukocyte count, and chest
CT. We established a prediction model for COVID-19 (model
A), and the diagnosis cut-off value was determined with the
maximum Youden coefficient. The validation cohort consist-
ed of 104 cases (30 confirmed and 74 suspected) subsequent-
ly collected in February 2020 (the later part of the study time
frame), and used to conduct external validation of model A.

Clinical prediction score: To facilitate clinical application, we
approximated the variable coefficients in model A into integers
to obtain a simplified prediction model (model B). Consistency
of model A and model B were verified for all subjects, including
the training cohort and validation cohort. After that, the ETLC
prediction (E: epidemiological history; T: body temperature; L:
leukocytes count; C: chest CT) scoring was established accord-
ing to this simplified prediction model (model B).

Statistical Analysis

The flowchart of analysis is depicted in Figure 1. All statistical
analyses were carried out using SPSS statistical software (ver-
sion 23, SPSS Inc., Chicago, IL, USA), MedCalc (version 11.4)
and R (version 3.6.3). Continuous variables were expressed as
meanzstandard deviation (SD) and analyzed with independent-
sample t test. Categorical variables were expressed as frequen-
cies and percentages, and the y? test was performed to ana-
lyze the significance. Multivariable logistic regression analysis
was performed to establish the prediction model for COVID-19.
The Hosmer-Lemeshow goodness-of-fit test was performed to
evaluate the calibration of the prediction model. The receiver
operating characteristic (ROC) curve was used to find diagnos-
tic cut-offs, and the area under the ROC curve (AUC), sensitivi-
ty, specificity, positive predictive value, and negative predictive
value were used to evaluate the discrimination of prediction
model. The AUC between the models was compared by Z test.
Model A was used to construct a nomogram prediction mod-
el, which was established with the rms package of R. A value
of P<0.05 was considered statistically significant.

Results

Demographic and Clinical Characteristics

A total of 108 subjects were enrolled in the training cohort of
this study, including 63 men and 45 women. The demograph-
ic and clinical characteristics are shown in Table 2.

Establishment of Preliminary Prediction Model A

After stratifying the 4 variables (epidemiological history, body
temperature, leukocytes count, and chest CT), we performed
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COVID-19 ward of Fever clinic of
Qingdao Thorax Hospital Qingdao Municipal Hospital
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| Prediction model B

| ETLC score |

Figure 1. Flowchart of study design. Training cohort: From 17 January to 4 February 2020, 30 confirmed COVID-19 patients were
enrolled from the COVID-19 ward of Qingdao Thorax Hospital, and 78 suspected patients (with SARS-CoV-2 testing negative)
were enrolled from the fever clinic of Qingdao Municipal Hospital as controls. Validation cohort: From 4 February to 28
February 2020, 30 confirmed COVID-19 patients were enrolled from the COVID-19 ward of Qingdao Thorax Hospital, and 74
suspected patients (with SARS-CoV-2 testing negative) were enrolled from the fever clinic of Qingdao Municipal Hospital as
controls. The variable coefficients in model A were integrated to obtain a simplified prediction model (model B). Consistency
evaluation of model A and model B were verified in all subjects, including the training cohort and validation cohort. The ETLC
prediction (E — epidemiological history; T — body temperature; L — leukocytes count; C — chest CT) scoring was established
according to this simplified prediction model (model B).

Table 2. Characteristics of the study subjects in training cohort.

Variable Classification Confirmed subjects (n=30) Suspected subjects (n=78)
Age (years) 41.6+14.2 47.3+17.5 0.118
CGender male 17 s67) a6 (590 088
8L CFemale 13 @33 2 @0
Epidemiological history 0 o 0o 2 @82 woo1
L S 3 w00 20 @56
P 7 o 6 (462
Body temperature o 7 @3 17 Ly 0983
8L S 1@y 35 (449)
2 w0e3 2% (333
leukocytescount o 63y 14 180) 0033
b 8] o 2% g0 60 (769
5 s 67 A
CChestcr o 7 @3 s9 (744) w01
o 51 R 6 @0 18 (31)
2 ween 2 003
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Table 3. Logistic regression analysis of COVID-19.

DATABASE ANALYSIS

Variable B SE Wald 2 OR (95% ClI) 4
Epidemiological history (X)) 2.657 0.905 8.612 14.248 (2.417-84.009) 0.003
Body temperature (Xz) 1.153 0.531 4716 3.166 (1.119-8.960) 0.030
Leukocytes count (X,) 2.125 1.070 3.945 8.376 (1.028-68.216) 0.047
Chest CT (X,) 2.828 0.641 19.435 16.906 (4.809-59.430) <0.001
Constant -10.771 2.655 16.454 2.10E-05 <0.001

B — partial regression coefficient; SE — standard error; OR — odds ratio; Cl — confidence interval.
0 10 20 30 40 50 60 70 80 90 100
Points . . - . . . )
EPI - )
0 2
Temp !
0 2
Ic 1- ,
0 2
1
Chest (T L .
0 2
Total points . . . . . . .
0 50 100 150 200 250 300 250
Risk ' I '
01 02 0304050607 08 09

Figure 2. Nomogram of logistic regression model for COVID-19. EPI, epidemiological history; Temp, body temperature; LC, leukocytes

count.

logistic regression analysis. The results showed that the 4 vari-
ables were independent predictors in the model. The impact
of each variable on the confirmed cases is shown in Table 3.
According to the partial regression coefficient, we developed
the preliminary prediction model A: Logit (Y,)=2.657X +1.153
X,+2.125X,+2.828X,~10.771.

Nomogram Construction

The predictive nomogram integrating the 4 selected variables
for the incidence of COVID-19 in the training cohort is shown
in Figure 2.

Evaluation of Prediction Model A

According to the ROC analysis, the AUC of model A was 0.937
(95% Cl: 0.873-0.975) with a sensitivity of 76.7% (23/30) and
specificity of 94.9% (74/78), suggesting that the model has
good discrimination (Figure 3A). The Hosmer-Lemeshow good-
ness-of-fit test showed that there were no statistically signif-
icant differences between the predicted value of the model

and the observed value (x?=4.450, P=0.727), indicating the
model has good calibration ability. We then used the valida-
tion cohort for external verification, including 30 confirmed
cases and 74 suspected cases. Consistent with the training
cohort, in the validation cohort, the AUC was 0.909 (95% Cl:
0.836-0.956) with a sensitivity of 70.0% (21/30) and specific-
ity of 91.9% (68/74), suggesting that the model has high sta-
bility (Figure 3B).

Establishment of Simplified Prediction Model B

To facilitate clinical application, the variable coefficients in mod-
el A were approximately processed into integers to establish
simplified prediction model B: Logit (Y,)=2.5X +1X,+2X+3X,-10.
The ROC curves of model A and model B among all study cases
showed that the AUC of model A (0.920, 95% Cl: 0.875-0.953)
and that of model B (0.919, 95% Cl: 0.874-0.952) were not sig-
nificantly different (Z=0.035, P=0.972) (Figure 4). According to
the ROC curve, the diagnostic cut-off value of model B was
-0.5, with a sensitivity of 76.7% (46/60) and specificity of
90.1% (137/152).
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Figure 3. The ROC curve of prediction model A for COVID-19. (A) Training cohort; (B) validation cohort.

A
100 —
80 —
- 60 —
£
g
40—
20 —
v AUC=0.920
0 4 95% Cl: 0.875-0.953
I I I I I I
0 20 40 60 80 100
100-Specificity

B
100 —
80 —
- 60 —
£
g
7 a0
20 —
i AUC=0.919
0— s 95% (l: 0.874-0.952
I I I I I I
0 20 40 60 80 100
100-Specificity

Figure 4. The ROC curve of prediction models for COVID-19 (n=212). (A) Model A; (B) model B.

Development of ETLC Score

According to model B, we developed the ETLC score by cumu-
lative sum of 4 variable scores (as 2.5E+1T+2L+3C) for clinical
diagnosis of COVID-19. When the ETLC score was less than or
equal to 9.5, COVID-19 could be excluded. The sensitivity and
specificity of the ETLC score were 76.7% (46/60) and 90.1%
(137/152), respectively, with a positive predictive value of 75.4%
(46/61) and a negative predictive value of 90.7% (137/151).
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Discussion

There is widespread concern about establishing a clinical pre-
diction method for the COVID-19 pandemic. In this study, 152
suspected cases and 60 confirmed cases were enrolled to es-
tablish a clinical prediction model of COVID-19 based on simple
clinical data in the Chinese Diagnosis and Treatment Guidelines
for COVID-19 [17]. For more convenient use, we approximat-
ed the variable coefficients of the prediction model into inte-
gers to obtain a simplified prediction model and designed a

[Chemical Abstracts/CAS]
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clinically feasible ETLC score, which is applicable for screening
COVID-19 in primary care, such as Fever Clinics.

Consistent with previous studies, epidemiological history and
chest CT findings had the greatest impact on prompt and ac-
curate diagnosis, whereas the other factors had limited im-
pact [18,19]. However, the univariate analyses showed that ep-
idemiological history, leukocyte count, and chest CT findings,
but not body temperature, were statistically significant pre-
dictors for the diagnosis of COVID-19. Considering that body
temperature is a vital piece of evidence for COVID-19 diag-
nosis, all 4 variables were included in the logistic regression
analysis. Interestingly, the results confirmed that all 4 vari-
ables were statistically significant predictors for the diagno-
sis of COVID-19. In addition, it should be noted that, although
the reduced lymphocyte count is an independent indicator for
severe condition of COVID-19, it was not included in our ETLC
score as an independent factor due to its obvious independen-
cy [20,21]. As a respiratory infectious disease, COVID-19 often
causes other diverse symptoms, such as cough, fatigue, and
dyspnea; however, most of these symptoms are rarely used in
the prediction models for COVID-19 due to their non-specifici-
ty, so they were not included in our model [22,23].

Ferretti et al [24] reported that the basic reproduction rate
(RO) of patients with symptomatic transmission is much higher
than that of patients with asymptomatic transmission, so the
most important aspect of the Fever Clinics is to identify the
infectious cases to prevent transmission of the virus [2,25].
Considering the morbidity and infectivity of the disease, spec-
ificity and negative predictive value should be the priority in
evaluating the prediction model. According to the ROC curve,
when the cut-off value for the ETLC score was 9.5, the speci-
ficity was 90.1%, and the negative predictive value was 90.7%,
which means the possibility of correctly excluding COVID-19
was over 90% for subjects with a score of less than or equal
to 9.5. Therefore, the ETLC score greatly reduced the medical
cost of SARS-CoV-2 testing, which may not be readily available
during the pandemic. Of course, in our study, 9 close contacts
had scores <9.5 for lack of symptoms in the first visit but high-
er scores later when they were confirmed by virus tests as hav-
ing COVID-19. This suggested ETLC score might change with
time according to the patients’ condition [26]. However, ETLC
scores may not be suitable for differentiation of asymptomatic
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close contacts, so it is recommended to perform repeat SARS-
CoV-2 virus tests and strict quarantine for all close contacts
[12,22] and to evaluate dynamically to avoid misdiagnosis.

To fully evaluate the prediction model, ROC analysis and
Hosmer-Lemeshow goodness-of-fit test were used concur-
rently for evaluating the calibration and discrimination of the
prediction models [27,28]. The AUC of the prediction model
A was 0.937, and there was no statistically significant differ-
ence between the predicted value and the actual measured
value in Hosmer-Lemeshow goodness-of-fit tests, indicating
its utility in clinical application.

There were some limitations in the study. Firstly, as
Wynants et al [23] found, insufficient sample size was the
main obstacle for an ideal best clinical prediction model. The
ETLC score needs to be further evaluated in a larger population
study, particularly in population of other countries or regions,
to validate our model. Secondly, the ETLC score has the risk of
false-positive and false-negative, but it helps optimize the diag-
nosis and control of COVID-19 for primary screening of high-risk
patients, which puts overwhelming stress on medical systems.

Conclusions

With 1-year clinical application, the ETLC score has been proved
to help in management of COVID-19 by more accurately iden-
tifying the suspected cases, to reduce virus molecular tests
needed, conserve medical resources, and consequently opti-
mize patient management. This could be useful in simple pri-
mary clinics, especially in undeveloped or developing coun-
tries and areas lacking experience and even lacking sufficient
specialist physicians.
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