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Background: The outbreak of coronavirus disease 2019 (COVID-19) has become a global pandemic acute
infectious disease, especially with the features of possible asymptomatic carriers and high contagious-
ness. Currently, it is difficult to quickly identify asymptomatic cases or COVID-19 patients with
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pneumonia due to limited access to reverse transcription-polymerase chain reaction (RT-PCR) nucleic
acid tests and CT scans.
Goal: This study aimed to develop a scientific and rigorous clinical diagnostic tool for the rapid prediction
of COVID-19 cases based on a COVID-19 clinical case database in China, and to assist doctors to efficiently
and precisely diagnose asymptomatic COVID-19 patients and cases who had a false-negative RT-PCR test
result.
Methods: With online consent, and the approval of the ethics committee of Zhongshan Hospital Fudan
University (NCT04275947, B2020-032R) to ensure that patient privacy is protected, clinical information
has been uploaded in real-time through the New Coronavirus Intelligent Auto-diagnostic Assistant
Application of cloud plus terminal (nCapp) by doctors from different cities (Wuhan, Shanghai, Harbin,
Dalian, Wuxi, Qingdao, Rizhao, and Bengbu) during the COVID-19 outbreak in China. By quality control
and data anonymization on the platform, a total of 3,249 cases from COVID-19 high-risk groups were col-
lected. The effects of different diagnostic factors were ranked based on the results from a single factor
analysis, with 0.05 as the significance level for factor inclusion and 0.1 as the significance level for factor
exclusion. Independent variables were selected by the step-forward multivariate logistic regression anal-
ysis to obtain the probability model.
Findings: We applied the statistical method of a multivariate regression model to the training dataset
(1,624 cases) and developed a prediction model for COVID-19 with 9 clinical indicators that are accessi-
ble. The area under the receiver operating characteristic (ROC) curve (AUC) for the model was 0.88 (95%
CI: 0.86, 0.89) in the training dataset and 0.84 (95% CI: 0.82, 0.86) in the validation dataset (1,625 cases).
Discussion: With the assistance of nCapp, a mobile-based diagnostic tool developed from a large database
that we collected from COVID-19 high-risk groups in China, frontline doctors can rapidly identify asymp-
tomatic patients and avoid misdiagnoses of cases with false-negative RT-PCR results.
� 2022 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is
an open access article under the CCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction

The first outbreak of coronavirus disease 2019 (COVID-19) was
recorded at the end of 2019 in Wuhan city, Hubei Province, China,
and currently more than 188 countries and territories have
reported COVID-19 cases.1 According to the latest statistics, more
than 22 million cases have been diagnosed worldwide, with the
majority of cases now in the U.S.2 To prevent and control COVID-
19, and to halt the spread of the disease as quickly as possible, it
is crucial to provide early detection, timely diagnosis, and proper
management of COVID-19 cases. However, the clinical manifesta-
tions of COVID-19 vary at different disease stages, and the sensitiv-
ity of viral nucleic acid diagnostic tests cannot ensure 100 %
identification of infected patients. Therefore, chest radiology was
added to the diagnostic standard in the fifth edition of the Chinese
COVID-19 diagnosis and treatment guideline (‘Chinese Guideline’).3

In the space of just two months, the Chinese Guideline has been
updated to the seventh edition4 to provide better guidance for doc-
tors in the diagnosis and treatment of COVID-19.

Thewide spreadof COVID-19 and largenumberof newly infected
patients require doctors from different specialties (including gen-
eral practitioners [GPs]) to participate in the diagnosis, treatment,
and management of the disease. The earliest guidelines from the
World Health Organization (WHO)5 and China4 listed multiple clin-
icalmanifestations and laboratory tests. In combinationwith expert
opinion, there were 20 diagnosis-related factors in total, which
made it difficult for non-expert doctors to decide which ones were
themost importantdeterminants. As a result, therewas a long learn-
ing curve for frontlinedoctors to acquire the skills for theprecise and
timely diagnosis of the disease. The complexity of diagnosis led to
missed diagnoses or delayed diagnoses, and to some extent, facili-
tated the spread of COVID-19 at the community level.6 Additionally,
due to the lack of amodern and standardizedmedical quality control
system, there were missed diagnoses or misdiagnoses, especially
among patients with false-negative nucleic acid test results or
false-negative CT scan results.7 Currently, there is no rapid clinical
diagnosismodel (based on history, symptoms and laboratory result)
specially designed for COVID-19 based on clinical informatics. To
create such amodel, it is necessary to optimize and screen the essen-
tial diagnostic determinants from the existing diagnosis-related
80
factors, and to assist clinical practiceby applyinguser-friendly inter-
net tools.

To address this gap, we developed the New Coronavirus Intelli-
gent Auto-diagnostic Assistant Application of cloud plus terminal
(nCapp), a mobile-based tool as a mini program within WeChat
(a social media App), exploiting the fact that almost all doctors in
China are smartphone users. We conducted a prospective clinical
study (ClinicalTrials.gov registration number NCT04275947). We
aimed to apply nCapp, with the assistance of modern statistical
methods, to optimize and select a group of essential diagnostic
determinants for COVID-19, with high sensitivity and specificity,
and to support doctors in their clinical practice, facilitating better
management of COVID-19 patients.

Methods

Basics of nCapp

This study applied nCapp, a mobile-based diagnostic tool, to
conduct a multi-center clinical study.8 In addition to following
the standards for designing a mobile App, the back-end was devel-
oped using Java, and Object Storage Service (OSS) was used for data
storage (Fig. 1). nCapp applies statistical methods to optimize and
select the essential diagnostic determinants for COVID-19. It also
provides an easy and accessible intelligent process system to assist
doctors from all specialties in their clinical practice. To better
describe its essence and function, we use the name ‘nCapp Cloud
Plus Terminal’.9 It is the first global mobile application developed
for the early diagnosis of infectious diseases, especially COVID-
19. To be specific, cases are classified into different risk stratifica-
tion categories, in line with the Expert consensus on COVID-19 pneu-
monia diagnosis and treatment using Intelligent Auto-Diagnostic
Assistant Application (nCapp)8 and differentiated interventions are
tiered to each category. For example, interventions for critical cases
include a cloud link to senior doctors, symptomatic treatment, res-
piratory support, circulation support, psychological guidance, and
traditional Chinese medicine (TCM) treatment; interventions for
suspected cases include reporting or transfer to a superior hospital,
a cloud link to senior doctors, and continuation of the current
treatment; interventions for indeterminate cases include a cloud
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Fig. 1. Flow chart of data information processing through the nCapp Cloud Plus Terminal model.
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link to senior doctors, continuation of the current treatment, and
isolation and observation for 14 days.

Data collection

The nCapp Cloud Plus Terminal model can be used for many dis-
eases and public health events. It has both Chinese and English ver-
sions, and it can be accessed by both iPhone and Android users. The
users, who are frontline doctors participating in this study, first
need to search for ‘WeChat’ and install the WeChat App on their
phones (iPhone users install through the ‘AppStore’; Android
phone users install through the ‘PlayStore’). The users then follow
the instructions in WeChat to register an account and use the ‘scan’
function to scan the QR code in Fig. S1 to start nCapp. Patient pri-
vacy is protected with the required online consent and the study
protocol was approved by the ethics committee of Zhongshan
Hospital Fudan University (approval number B2020-032R). Since
the start of the study on February 13, 2020, clinical information
on 3,249 cases from COVID-19 high-risk groups has been uploaded
through nCapp, with their SARS-CoV-2 reverse transcription-
polymerase chain reaction (RT-PCR) nucleic acid test results and
chest CT scan results available. The training dataset of the statisti-
cal model randomly included 1,624 cases, and the remaining 1,625
cases were included in the validation dataset. The patients were of
COVID-19 high-risk groups from Wuhan, Shanghai, Harbin, Dalian,
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Wuxi, Qingdao, Rizhao, and Bengbu, who were admitted to local
infectious disease hospitals. All data were recorded anonymously
and uploaded by local doctors.

Statistical methods

The data on 3,249 COVID-19 patients uploaded through nCapp
were input into the dataset. We applied stratified random sam-
pling to sample 1,624 patients for the training dataset of the statis-
tical model, and the remaining 1,625 cases were included in the
validation dataset (i.e. all the samples were first divided into two
strata based on the RT-PCR results; 606 cases with positive RT-
PCR results and 1,018 cases with negative RT-PCR results were ran-
domly included in the training dataset, and the remaining 1,625
cases were included in the validation dataset). SAS 9.4 and R
3.6.2 statistical software packages were used for data analysis
and plotting. Odds ratios (ORs) and 95 % confidence intervals
(CIs) (as the approximate estimate of the relative risk) were
reported to estimate the strength of association between each vari-
able and the test result. Single-factor logistic regression analysis
was first applied to the training dataset. The RT-PCR test result
was entered into themodel as a dependent variable (Y: negative = 0,
positive = 1). The effects of different diagnostic factors were ranked
based on the results from a single factor analysis, with 0.05 as the
significance level for factor inclusion and 0.1 as the significance
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level for factor exclusion. Independent variables were selected
using the step-forward method of partial maximum likelihood
estimation. Then stepwise multivariate logistic regression analysis
was applied to obtain the probability model for cases with positive
test results (i.e. COVID-19 patients). The goodness of fit of the
model on the training dataset and the validation dataset was used
to measure the prediction accuracy.
Results

Demographics

Table 1 demonstrates that the basic demographic characteris-
tics of the cases included in this study approximately coincide with
the clinical characteristics of COVID-19 patients in China (Guan
et al.), which certifies the reliability of the samples and the gener-
alizability of this research.

Table 2 presents the comparison of demographic indicators
among four subsets: cases with positive RT-PCR and CT scan
results, cases with a positive RT-PCR result and negative CT scan
result, cases with a negative RT-PCR result and positive CT scan
result, and cases with negative RT-PCR and CT scan results. It
shows statistically significant differences in all the demographic
indicators (P < 0.001), except for sex.

Case composition and factors affecting the four subsets

Composition of all the cases
As illustrated in Fig. 2, among the asymptomatic patients (no

dry cough, fever, breathlessness, or fatigue), cases with negative
RT-PCR and CT scan results account for the vast majority
(79.7 %), and the other three subsets account for a low proportion.
Among the symptomatic patients (at least one symptom among
dry cough, fever, breathlessness, and fatigue), cases with positive
RT-PCR and CT scan results account for the highest proportion
(41.7 %), followed by cases with negative RT-PCR result and posi-
tive CT scan result, and cases with negative RT-PCR and CT scan
results (both over 20 %), while cases with positive RT-PCR result
and negative CT scan result account for the lowest proportion
(5 %). Combined with Fig. 3, it shows that ‘no symptoms’ (or with-
out dry cough, fever, breathlessness, and fatigue) and ‘no exposure
history to COVID-19 patient’ are sensitive assessment indicators
for cases with negative RT-PCR and CT scan results; ‘with symp-
toms’ and ‘residing or visiting history in epidemic regions’ or ‘vis-
iting history to Hubei or exposure history to patients with
respiratory symptoms’ indicate a higher risk of cases with positive
RT-PCR and CT scan results. It is also noteworthy that 13.4 % of the
asymptomatic cases have positive RT-PCR test results while 53.3 %
of the symptomatic cases have negative RT-PCR test results .

Probability model for COVID-19

Independent variables in the model of diagnostic factors were
selected using the step-forward method of partial maximum like-
lihood estimation, with 0.05 as the significance level for factor
inclusion, and 0.1 as the significance level for factor exclusion.
After the single factor logistic regression analysis, a multivariate
regression analysis was applied, including ‘Residing or visiting his-
tory in epidemic regions’, ‘Exposure history to COVID-19 patient’,
‘Visiting history to Hubei or exposure history to patient with respi-
ratory symptoms’, ‘Dry cough’, ‘Fever’, ‘No body temperature
decrease after antibiotic treatment’ (or no relief on temperature
by thermometer after the antibiotic treatment), ‘Fatigue’, ‘Breath-
lessness’, ‘Fingertip blood oxygen saturation � 93 %’, ‘Lymphope-
nia’ (below normal lower limitation), and ‘CRP increased’ (over
82
normal upper limitation). We obtained a probability xmodel for
cases with positive test results (i.e. COVID-19 patients). The equa-
tion expression for the model is:

Probability of COVID - 19 ¼ ex=ð1þ exÞ
x = �3.13 + (0.99 * ‘Residing or visiting history in epidemic regions’)
+ (1.15 * ‘Exposure history to COVID-19 patient’) + (0.37 * ‘Dry
cough’) + (0.52 * ‘Fatigue’) + (0.74 * ‘Breathlessness’) + (0.53 *
‘Fingertip blood oxygen saturation � 93 %’) + (0.58 * ‘Lymphopenia’)
+ (0.36 * ‘No body temperature decreased after antibiotic treat-
ment’) + (1.10 * ‘CRP increased’) (Table 3).

The AUC for the model was 0.88 (95 % CI: 0.86, 0.89) in the
training dataset (1,624 cases) and 0.84 (95 % CI: 0.82, 0.86) in the
validation dataset (1,625 cases) (Fig. 4). To ensure the sensitivity
of the model, we used a cutoff value at 0.09. The sensitivity and
specificity of the model were 98.0 % (95 % CI: 96.9 %, 99.1 %) and
17.3 % (95 % CI: 15.0 %, 19.6 %), respectively, in the training dataset,
and 96.5 % (95 % CI: 95.1 %, 98.0 %) and 18.8 % (95 % CI: 16.4 %,
21.2 %), respectively, in the validation dataset. The model predicted
132 cases of the 137 indeterminate cases who initially did not have
RT-PCR tests and subsequently had positive RT-PCR results, i.e.
96.4 % (95 % CI: 91.7 %, 98.8 %) in this subset, and 59 cases of the
62 suspected cases who initially had false-negative RT-PCR test
results and subsequently had positive RT-PCR results, i.e. 95.2 %
(95 % CI: 86.5 %, 99.0 %) in this subset. Considering the specificity
of the model, we used a cutoff value at 0.32. The sensitivity and
specificity of the model were 83.5 % (95 % CI: 80.5 %, 86.4 %) and
83.2 % (95 % CI: 80.9 %, 85.5 %), respectively, in the training dataset,
and 79.6 % (95 % CI: 76.4 %, 82.8 %) and 81.3 % (95 % CI: 78.9 %,
83.7 %), respectively, in the validation dataset, which is very close
to the published AI model (sensitivity:84.3 %, specificity:82.8 %).10

Comparison between the probability model and the clinical diagnosis

Fig. 5 illustrates that the sensitivity of clinical diagnosis was
12.4 % (17/137, 95 % CI: 6.9 %-17.9 %) in the subset of 137 indeter-
minate cases who initially did not have RT-PCR tests and subse-
quently had positive RT-PCR results, and 17.7 % (11/62, 95 % CI:
8.2 %-27.3 %) in the subset of 62 suspected cases who initially
had false-negative RT-PCR test results and subsequently had posi-
tive RT-PCR results. In comparison, the sensitivity of the probabil-
ity model for COVID-19 in these two subsets were 96.4 % (132/137,
95 % CI: 91.7 %-98.8 %) and 95.2 % (59/62, 95 % CI: 86.5 %-99.0 %),
respectively. The probability model demonstrated better perfor-
mance in sensitivity than the clinical diagnosis, which is of statis-
tical significance (P < 0.05)Table 4.

Diagnostic value of the model in different subsets

As indicated in Fig. 6, the diagnosis percentage of the model for
asymptomatic patients was 83.6 % (51/61, 95 % CI: 74.3 %-92.9 %)
in the validation dataset, 100 % (16/16, 95 % CI: 79.4 %-100 %) in
the subset of indeterminate cases who initially did not have RT-
PCR tests and subsequently had positive RT-PCR results and
71.4 % (5/7, 95 % CI: 29.0 %-96.3 %) in the subset of suspected cases
who initially had false-negative RT-PCR test results and subse-
quently had positive RT-PCR results. Fig. 7 shows that the diagnosis
percentage of the model was 96.4 % (132/137, 95 % CI: 91.7 %-
98.8 %) in the COVID-19 patients who initially did not have RT-
PCR tests and subsequently had positive RT-PCR results; to break
this down further: 96.2 % (125/130, 95 % CI: 91.2 %-99.7 %) in
patients with pneumonia, and 100 % (7/7, 95 % CI: 76.8 %-100 %)
in patients without pneumonia; the diagnosis percentage was
95.2 % (59/62, 95 % CI: 86.5 %-99.0 %) in the subset of COVID-19
patients who initially had false-negative RT-PCR test results and
subsequently had positive RT-PCR results; to break this down fur-



Table 1
Demographics of the training dataset and the validation dataset.

Total cases
(n = 3,249)

Training dataset
(n = 1,624)

Validation dataset
(n = 1,625)

Guan et al.
(%)

Age, n (%)
0–14yrs 26 (0.8) 10 (0.6) 16 (1.0) 0.9
15–49yrs 1,928 (59.3) 940 (57.9) 988 (60.8) 55.1
50–64yrs 726 (22.3) 351 (21.6) 375 (23.1) 28.9
�65yrs 569 (17.5) 323 (19.9) 246 (15.1) 15.1

Sex, n (%)
Female 1,549 (47.7) 759 (46.7) 790 (48.6) 58.2
Male 1,700 (52.3) 865 (53.3) 835 (51.4) 41.8

Residing or visiting history in epidemic regions,
n (%)
Yes 2,065 (63.6) 1,056 (65.0) 1,009 (62.1) 61.5
No 1,184 (36.4) 568 (35.0) 616 (37.9) 38.5

Exposure history to COVID-19 patient, n (%)
Yes 1,048 (32.3) 507 (31.2) 541 (33.3) 71.8
No 2,201 (67.7) 1,117 (68.8) 1,084 (66.7) 28.2

Visiting history to Hubei or exposure history to
patients with respiratory symptoms, n (%)
Yes 2,229 (68.6) 1,131 (69.6) 1,098 (67.6) NA
No 1,020 (31.4) 493 (30.4) 527 (32.4) NA

Chronic obstructive pulmonary disease (COPD), n (%)
Yes 242 (7.4) 135 (8.3) 107 (6.6) 1.1
No 3,007 (92.6) 1,489 (91.7) 1,518 (93.4) 98.9

Blood oxygen saturation (SO2) � 93 %, n (%)
Yes 473 (14.6) 262 (16.1) 211 (13.0) NA
No 2,776 (85.4) 1,362 (83.9) 1,414 (87.0) NA

Fever, n (%)
Yes 1,991 (61.3) 1,000 (61.6) 991 (61.0) 43.1
No 1,258 (38.7) 624 (38.4) 634 (39.0) 56.9

Dry cough, n (%)
Yes 1,300 (40.0) 673 (41.4) 627 (38.6) 67.7
No 1,949 (60.0) 951 (58.6) 998 (61.4) 32.3

Breathlessness, n (%)
Yes 720 (22.2) 389 (24.0) 331 (20.4) 18.6
No 2,529 (77.8) 1,235 (76.0) 1,294 (79.6) 81.4

Fatigue, n (%)
Yes 1,211 (37.3) 626 (38.5) 585 (36.0) 38.1
No 2,038 (62.7) 998 (61.5) 1,040 (64.0) 61.9

C-reactive protein (CRP) increased, n (%)
Yes 1,356 (41.7) 700 (43.1) 656 (40.4) 60.7
No 1,893 (58.3) 924 (56.9) 969 (59.6) 39.3

White blood cell (WBC) before treatment normal or decreased, n (%)
Yes 1,142 (35.1) 586 (36.1) 556 (34.2) 33.7
No 2,107 (64.9) 1,038 (63.9) 1,069 (65.8) 66.3

Lymphopenia, n (%)
Yes 1,202 (37.0) 617 (38.0) 585 (36.0) 82.1
No 2,047(63.0) 1,007 (62.0) 1,040 (64.0) 17.9

No body temperature decreased after antibiotic
treatment, n (%)
Yes 1,318 (40.6) 657 (40.5) 661 (40.7) NA
No 1,931 (59.4) 967 (59.5) 964 (59.3) NA

Other medical histories (cancer, coronary heart
disease, diabetes, hypertension), n (%)
Yes 872 (26.8) 456 (28.1) 416 (25.6) 23.2
No 2,377 (73.2) 1,168 (71.9) 1,209 (74.4) 76.8

No symptoms, n (%)
True 912 (28.1) 456 (28.1) 456 (28.1) NA
False 2,337 (71.9) 1,168 (71.9) 1,169 (71.9) NA

Positive CT scan result, n (%)
True 1,749 (53.8) 858 (52.8) 891 (54.8) 76.4
False 1,500 (46.2) 766 (47.2) 734 (45.2) 23.6

Positive RT-PCR result, n (%)
True 1,213 (37.3) 606 (37.3) 607 (37.4) NA
False 2,036 (62.7) 1,018 (62.7) 1,018 (62.6) NA

D. Yang, T. Xu, X. Wang et al. Clinical eHealth 5 (2022) 79–90
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Table 2
Demographics of the four subsets.

Total cases
(n = 3,249)

Positive RT-PCR result &
Positive CT scan result
(n = 1,006)

Positive RT-PCR result &
Negative CT scan result
(n = 207)

Negative RT-PCR result &
Positive CT scan result
(n = 743)

Negative RT-PCR result &
Negative CT scan result
(n = 1,293)

P
value

Age, n (%) <0.001
0–14yrs 26 (0.8) 4 (0.4) 5 (2.4) 3 (0.4) 14 (1.1)
15–49yrs 1,928

(59.3)
321 (31.9) 145 (70.0) 315 (42.4) 1,147 (88.7)

50–64yrs 696 (21.4) 366 (36.4) 44 (21.3) 226 (30.4) 90 (7.0)
�65yrs 569 (17.5) 315 (31.3) 13 (6.3) 199 (26.8) 42 (3.2)

Sex, n (%) 0.11
Female 1,549

(47.7)
505 (50.2) 89 (43.0) 360 (48.5) 595 (46.0)

Male 1,700
(52.3)

501(49.8) 118 (57.0) 383 (51.5) 698 (54.0)

Residing or visiting history in epidemic regions, n (%) <0.001
Yes 2,065

(63.6)
805 (80.0) 129 (62.3) 387 (52.1) 744 (57.5)

No 1,184
(36.4)

201 (20.0) 78 (37.7) 356 (47.9) 549 (42.5)

Exposure history to COVID-19 patient, n (%) <0.001
Yes 1,048

(32.3)
676 (67.2) 68 (32.9) 252 (33.9) 52 (4.0)

No 2,201
(67.7)

330 (32.8) 139 (67.1) 491 (66.1) 1,241 (96.0)

Visiting history to Hubei or exposure history to
patients with respiratory symptoms, n (%)

<0.001

Yes 2,229
(68.6)

794 (78.9) 126 (60.9) 450 (60.6) 859 (66.4)

No 1,020
(31.4)

212 (21.1) 81 (39.1) 293 (39.4) 434 (33.6)

COPD, n (%) <0.001
Yes 242 (7.4) 65 (6.5) 20 (9.7) 130 (17.5) 27 (2.1)
No 3,007

(92.6)
941 (93.5) 187 (90.3) 613 (82.5) 1,266 (97.9)

SO2 � 93 %, n (%) <0.001
Yes 473 (14.6) 346 (34.4) 18 (8.7) 94 (12.7) 15 (1.2)
No 2,776

(85.4)
660 (65.6) 189 (91.3) 649 (87.3) 1,278 (98.8)

Fever, n (%) <0.001
Yes 1,991

(61.3)
883 (87.8) 82 (39.6) 539 (72.5) 487 (37.7)

No 1,258
(38.7)

123 (12.2) 125 (60.4) 204 (27.5) 806 (62.3)

Dry cough, n (%) <0.001
Yes 1,300

(40.0)
774 (76.9) 14 (6.8) 476 (64.1) 36 (2.8)

No 1,949
(60.0)

232 (23.1) 193 (93.2) 267 (35.9) 1,257 (97.2)

Breathlessness, n (%) <0.001
Yes 720 (22.2) 471 (46.8) 41 (19.8) 128 (17.2) 80 (6.2)
No 2,529

(77.8)
535 (53.2) 166 (80.2) 615 (82.8) 1,213 (93.8)

Fatigue, n (%) <0.001
Yes 1,211

(37.3)
757 (75.2) 37 (17.9) 365 (49.1) 52 (4.0)

No 2,038
(62.7)

249 (24.8) 170 (82.1) 378 (50.9) 1,241 (96.0)

CRP increased, n (%) <0.001
Yes 1,356

(41.7)
680 (67.6) 105 (50.7) 377 (50.7) 194 (15.0)

No 1,893
(58.3)

326 (32.4) 102 (49.3) 366 (49.3) 1,099 (85.0)

WBC before treatment normal or decreased, n (%) <0.001
Yes 1,142

(35.1)
661 (65.7) 25 (12.1) 391 (52.6) 65 (5.0)

No 2,107
(64.9)

345 (34.3) 182 (87.9) 352 (47.4) 1,228 (95.0)

Lymphopenia, n (%) <0.001
Yes 1,202

(37.0)
685 (68.1) 53 (25.6) 258 (34.7) 206 (15.9)
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Table 2 (continued)

Total cases
(n = 3,249)

Positive RT-PCR result &
Positive CT scan result
(n = 1,006)

Positive RT-PCR result &
Negative CT scan result
(n = 207)

Negative RT-PCR result &
Positive CT scan result
(n = 743)

Negative RT-PCR result &
Negative CT scan result
(n = 1,293)

P
value

No 2,047
(63.0)

321 (31.9) 154 (74.4) 485 (65.3) 1,087 (84.1)

No body temperature decreased after antibiotic
treatment, n (%)

<0.001

Yes 1,318
(40.6)

506 (50.3) 90 (43.5) 316 (42.5) 406 (31.4)

No 1,931
(59.4)

500 (49.7) 117 (56.5) 427 (57.5) 887 (68.6)

Other medical histories (cancer, coronary heart
disease, diabetes, hypertension), n (%)

<0.001

Yes 872 (26.8) 414 (41.2) 53 (25.6) 313 (42.1) 92 (7.1)
No 2,377

(73.2)
592 (58.8) 154 (74.4) 430 (57.9) 1,201 (92.9)

No symptoms, n (%) <0.001
True 912 (28.1) 31 (3.1) 91 (44.0) 63 (8.5) 727 (56.2)
False 2,337

(71.9)
975 (96.9) 116 (56.0) 680 (91.5) 566 (43.8)

Note: p < 0.001 indicates statistically a significant difference in demographic composition.

Fig. 2. Composition of the cases (%).
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ther: 100 % (53/53, 95 % CI: 96.4 %-100 %) in patients with pneumo-
nia and 66.7 % (6/9, 95 % CI: 29.9 %-92.5 %) in patients without
pneumonia. The probability model is of high value in the diagnosis
of different subsets of COVID-19 cases.

User feedback on nCapp

We applied the ‘Questionnaire Star’ online survey for nCapp
Cloud Plus Terminal to collect feedback from the terminal users,
and 380 questionnaires were collected (40.6 % of the total nCapp
registered users). The survey covered the basic information of the
user, nCapp working environment, and satisfaction. In addition,
users were required to rank different platforms based on their
own experience, including WeChat mini programs, mobile Apps,
desktop Apps, and statistics websites or webpages. The results
showed that significantly more users were ‘satisfied’ or ‘very
satisfied’ with the WeChat mini program. In summary, the
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internet-based WeChat mini program nCapp received highly
positive feedback from Chinese doctors (overall satisfaction rate,
90.9 %). The ‘availability and sharing convenience of the App’ and
‘fast speed of log-in and data entry’ were the most valued features
of nCapp, which had significantly better performance compared
with other telemedicine tools (Fig. 8).

Discussion

This study has demonstrated that the user-friendly mobile-
based tool nCapp can quickly and easily synchronize and share
clinical diagnosis and treatment information for research, that is,
it helps with the optimization and screening of the determinants
required for the diagnosis of COVID-19 while doctors are engaged
in clinical practice.8 By applying classical statistical methods to
optimize and select the diagnostic determinants, nCapp facilitates
the identification and diagnosis of COVID-19 patients and prompts



Fig. 3. Clustering of the factors affecting the four subsets.

Fig. 4. Goodness of fit of the probability model for COVID-19 in the training dataset and the validation dataset.

Table 3
Probability model for COVID-19 based on logistic regression analysis.

b coefficient SE P-value OR (95 % CI)

Intercept �3.13 0.17 <0.001
Residing or visiting history in epidemic regions 0.99 0.15 <0.001 2.69(2.00,3.66)
Exposure history to COVID-19 patient 1.15 0.16 <0.001 3.16(2.29,4.34)
Dry cough 0.37 0.17 0.03 1.45(1.04,2.02)
Fatigue 0.52 0.17 <0.001 1.68(1.20,2.36)
Breathlessness 0.74 0.18 <0.001 2.10(1.46,2.97)
SO2 � 93 % 0.53 0.23 0.02 1.70(1.08,2.71)
Lymphopenia 0.58 0.15 <0.001 1.79(1.34,2.40)
No body temperature decrease after antibiotic treatment 0.36 0.14 0.009 1.43(1.09,1.88)
CRP increased 1.10 0.15 <0.001 3.00(2.25,4.02)
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Fig. 5. Comparison between the probability model and the clinical diagnosis.

Table 4
Performance of the model in training and validation dataset.

Indicators Training dataset Validation dataset

Sensitivity 98.0 % (96.9 %, 99.1 %) 96.5 % (95.1 %, 98.0 %)
Specificity 17.3 % (15.0 %, 19.6 %) 18.8 % (16.4 %, 21.2 %)
Positive predictive value 41.3 % (38.8 %, 44.0 %) 41.5 % (38.9 %, 44.1 %)
Negative predictive value 93.6 % (89.1 %, 96.7 %) 90.1 % (85.3 %, 93.8 %)
Positive likelihood ratio 1.185 (1.150, 1.222) 1.188 (1.150, 1.228)
Negative likelihood ratio 0.115 (0.064, 0.204) 0.184 (0.119, 0.286)
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advice on better management of the cases, especially suspected
cases who had initial false-negative RT-PCR test results, or indeter-
minate cases who initially did not have RT-PCR tests as they did
not meet the criteria for suspected cases. These features of nCapp
can ultimately contribute to the early detection and timely quaran-
tine of patients. Survey results from users indicated that nCapp had
significantly better performance in ‘availability and sharing conve-
nience of the App’ and ‘fast speed of log-in and data entry’ com-
pared with other telemedicine tools.

Currently more than 22 million COVID-19 cases have been
reported worldwide,2 with a continuing trend of transmission at
the community level,6 which implies a certain number of patients
with hidden infections in the epidemic areas.11 The pathogenesis of
COVID-19 is different from that of SARS or other viral diseases, and
evidence shows that a patient’s viral load can last longer,12 while
cases of recurrence and secondary infection in patients who have
been ‘cured’ of COVID-19 have also been reported.13 Therefore, it
is essential to identify suspected and indeterminate cases with
false-negative RT-PCR results, to avoid missed diagnoses or misdi-
agnoses due to false-negative results, and to provide early quaran-
tine of the infectious sources to halt the spread of the disease. It is
also noteworthy that COVID-19 patients with initial false-negative
RT-PCR test results are a high risk for the general population.14 Our
study has demonstrated that nCapp can reduce missed diagnoses,
including in the 137 indeterminate cases and 62 suspected cases
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in our dataset. Additionally, COVID-19 presents challenges for
health systems. There is an urgent need to train doctors (including
GPs) to have a good understanding of the clinical manifestations,
laboratory test results, and diagnostic criteria of COVID-19, and
to enhance standardized protocols for diagnosis and treatment.15

To address these challenges, it is necessary to simplify the current
complex diagnosis-related factors and develop convenient and
user-friendly intelligent assistant tools, which enable all doctors
to quickly learn and apply for the timely identification, diagnosis,
and management of suspicious patients.

However, the current consensus guidelines include multiple
clinical manifestations and laboratory tests for the diagnosis of
COVID-19. To avoid missed diagnoses and to facilitate accessibility
in areas with poor medical conditions, a total of 20 factors are
regarded as relevant diagnostic factors.4 The large number of diag-
nostic factors becomes a barrier for doctors from different spe-
cialties to make comprehensive judgments. For less experienced
doctors, it is difficult to differentiate disease-related factors and
important diagnostic determinants. Therefore, it is necessary to
optimize and select the key determinants that are indispensable
to the diagnosis for doctors from different specialties (including
GPs) in the clinical practice, thus reducing missed diagnoses. We
applied the statistical method of a multivariate logistic regression
model and found that the multiple diagnostic factors can be opti-
mally reduced to 9 items, which will be more convenient for doc-
tors to apply in clinical practice, especially with the support of
nCapp. This raised another critical question of whether new prob-
lems with missed diagnoses and misdiagnoses will emerge after
the optimal reduction of diagnosis-related factors to 9 items. We
addressed this concern by carefully screening the model, and
results showed that the diagnosis percentage of the model for
asymptomatic patients was 83.6 % (95 % CI: 74.3 %, 92.9 %) in the
validation set, 100 % (95 % CI: 79.4 %, 100 %) in the subset of inde-
terminate cases who initially did not have RT-PCR tests and subse-
quently had positive RT-PCR results, and 71.4 % (95 % CI: 29.0 %,
96.3 %) in the subset of suspected cases who initially had false-
negative RT-PCR test results and subsequently had positive RT-



Fig. 6. Diagnostic value of the model in asymptomatic COVID-19 patients.

Fig. 7. Diagnostic value of the model in COVID-19 patients with or without pneumonia.
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PCR results. As indicated in Fig. 7, the diagnosis percentage of the
model was 96.4 % (95 % CI: 91.7 %, 98.8 %) in the subset of
COVID-19 patients who initially did not have RT-PCR tests and sub-
sequently had positive RT-PCR results; to break this down further:
96.2 % (95 % CI: 91.2 %, 99.7 %) in patients with pneumonia, and
100 % (95 % CI: 76.8 %, 100 %) in patients without pneumonia;
the diagnosis percentage was 95.2 % (95 % CI: 86.5 %, 99.0 %) in
the subset of COVID-19 patients who initially had false-negative
RT-PCR test results and subsequently had positive RT-PCR results;
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to break this down further: 100 % (95 % CI: 96.4 %, 100 %) in
patients with pneumonia, and 66.7 % (95 % CI: 29.9 %, 92.5 %) in
patients without pneumonia.

Characterized by universality and versatility, nCapp can quickly
and easily synchronize and share clinical diagnosis and treatment
information for research, providing an accessible and convenient
platform for real-world research.16 The nCapp WeChat mini pro-
gram is a new open-source cloud platform specially designed for
clinical researchers. A mini program can be developed in a short



Fig. 8. Evaluation of user experience.
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time and easily accessed and distributed among WeChat users.17

Different from traditional applications, a WeChat mini program
does not need any configuration, which is of great convenience.
Clinical researchers and doctors can log in to the program within
a few seconds, complete the registration and electronic consent
forms at the same time, and immediately start to collect first-
hand information and conduct online big-data analyses by apply-
ing statistical models. This system facilitates standardized health-
care management, and users can easily implement the clinical
guidelines in real time18 following the standardized diagnosis
and treatment required by the Chinese Guideline. nCapp has
advantages in its functions compared with other COVID-19-
related Apps that solely collect patients’ activity information and
geographic location through the smartphone’s GPS signal.19 Survey
results from ‘Questionnaire Star’ representing the feedback of users
showed that nCapp integrated a standardized case reporting sys-
tem with an intelligent assistant diagnosis and treatment system,
which enabled it to have significantly better performance in ‘avail-
ability and sharing convenience of the App’ and ‘fast speed of log-in
and data entry’ than other telemedicine tools, and to contribute to
addressing the issues in the current clinical diagnosis of COVID-19.
In particular, in some low- and middle-income countries, it is pos-
sible to make up for the lack of diagnostic reagents at an early stage
of the outbreak by using nCapp, which features convenience and
accessibility, and to reduce the risk of widespread people-to-
people transmission due to the inability to identify suspicious
patients timely, which is of great significance for the global control
of the COVID-19 pandemic.16 nCapp terminal users include front-
line doctors from different specialties, the staff of the Chinese Cen-
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ters of Disease Control, and medical professionals at Public Health
Centers in China. Through the application of the program, more
confirmed, suspected, and indeterminate cases can be tested, quar-
antined, and managed timely to provide early alert and isolation of
diagnosed or suspicious sources of infection.

One limitation of this study is that the uploaded cases were
mainly moderate-to-severe COVID-19 cases, which leads to restric-
tions on the application of nCapp for mild patients. In addition,
WeChat is not widely used in European or American countries,
despite its popularity as a social media cloud platform in China
and its emerging application for medical purposes. To address this
issue, one approach would be to popularize WeChat, or to develop
tools on a similar platform such as WhatsApp for the diagnosis and
treatment of COVID-19, in compliance with HIPAA regulations to
protect patient data privacy.
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