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Abstract

Objectives: Early detection of coronavirus disease 2019 (COVID-19) is crucial for patients and

public health to ensure pandemic control. We aimed to correlate clinical and laboratory data of

patients with COVID-19 and their polymerase chain reaction (PCR) results and to assess the

accuracy of a deep learning model in diagnosing COVID-19.

Methods: This was a retrospective study using an anonymized dataset of patients with suspected

COVID-19. Only patients with a complete dataset were included (n¼ 440). A deep analytics

framework and dual-modal approach for PCR-based classification was used, integrating symptoms

and laboratory-based modalities.

Results: Participants with loss of smell or taste were two times more likely to have positive PCR

results (odds ratio [OR] 1.86). Participants with neutropenia, high serum ferritin, or monocytosis

were three, four, and five times more likely to have positive PCR results (OR 2.69, 4.18, 5.42,

respectively). The rate of accuracy achieved using the deep learning framework was 78%, with

sensitivity of 83.9% and specificity of 71.4%.
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Conclusion: Loss of smell or taste, neutropenia, monocytosis, and high serum ferritin should be

routinely assessed with suspected COVID-19 infection. The use of deep learning for diagnosis is a

promising tool that can be implemented in the primary care setting.
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Primary care, deep learning, neural network, early detection, coronavirus disease 2019, severe

acute respiratory syndrome coronavirus 2
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Introduction

Severe acute respiratory syndrome (SARS)

and Middle East respiratory syndrome
(MERS) emerged in China and the

Arabian Peninsula, respectively, with both
viruses exhibiting community and hospital-

acquired transmission.1 Mortality rates

reached approximately 10% for SARS
and 35.6% for MERS.1–3 Similar dynamics

have been demonstrated with the novel

severe acute respiratory syndrome corona-
virus 2 (SARS-CoV-2), which causes coro-

navirus disease 2019 (COVID-19) and has
led to the ongoing global pandemic.

Mortality rates of COVID-19 infection

have reached 2%,4,5 lower than those of
SARS and MERS. Yet, the number of

visits to health care facilities, including
primary, secondary, and tertiary health

care services is higher for infection with

SARS-CoV-2, which negatively affects the
health systems and economies of countries

worldwide.6

Initial symptoms of COVID-19 are non-
specific, and disease progression and out-

comes vary from patient to patient;
therefore, triage services are key in provid-

ing cost-effective health services.7 Reverse

transcriptase polymerase chain reaction
(RT-PCR) is the cornerstone of

COVID-19 diagnosis. Unfortunately, sever-
al limitations have been described for this

technique, including cost, turnaround time
of the test, and false negative results. PCR
is also unavailable in primary care, which
necessitates patient referral to a secondary
or tertiary care facility.8 Early detection of
patients with COVID-19 is critical because
an initial false negative PCR result could
lead to a delay in treatment and an
increased risk of COVID-19 transmission.
The cost of PCR places a large burden on
health care facilities, especially in develop-
ing countries with limited resources.9

Reliance on chest computed tomography
(CT) alone may have limited negative pre-
dictive value, with some patients having
normal radiological findings in early
stages of the disease.10

Because the use of PCR and CT for
COVID-19 diagnosis currently requires a
long time and sufficient available resources,
a fast and efficient diagnostic tool is urgent-
ly needed to improve the early detection of
SARS-CoV-2 infection and decrease unnec-
essary patient referrals. Artificial intelli-
gence could be beneficial in early detection
of COVID-19 infection, especially in prima-
ry care settings.11 Advanced machine learn-
ing methods can be quickly generalized to
identify patients with COVID-19 who have
minor symptoms and signs. However, such
strategies must be implemented promptly
for valid and efficient outcomes. In
addition to cost-effectiveness, this modeling
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approach could help in the detection and
management of COVID-19 in communities
under quarantine, which would decrease the
burden on local health care services in
countries worldwide.12

In this study, we aimed to correlate clin-
ical and laboratory data of patients with
suspected and confirmed COVID-19 to
their PCR results during the first epidemic
wave and to assess the accuracy of PCR-
correlated symptoms and a laboratory-
based deep learning model in diagnosing
COVID-19. We hypothesized that develop-
ing a prediction model that depends on
patients’ clinical symptoms and laboratory
findings can facilitate the diagnosis of
COVID-19 in primary care settings, espe-
cially in resource-limited countries. Our
proposed method offers an inexpensive
and rapid tool that can be applied to the
entire population with no physical contact,
thereby limiting the spread of infection.

Methods

In this retrospective study, we used an
anonymized dataset from patients with

suspected COVID-19 infection during the
first wave of the pandemic from 1 June
through 20 July 2020. The reporting of
this study conforms to the TRIPOD
(Transparent Reporting of a multivariable
prediction model for Individual Prognosis
Or Diagnosis) guidelines.13 The participants
in our study were employees of Cairo
University and Cairo University Hospitals
and their first-degree relatives.

During the first epidemic wave at Cairo
University Hospitals, the diagnosis of
COVID-19 comprised several phases,
depicted in Figure 1. The first phase includ-
ed detection of patients with suspected
infection using a phone triaging system,
with referral of the patient for confirmatory
testing when necessary. Skilled family
physicians conducted this phase. The
second phase included confirmation using
RT-PCR assay of a nasal or pharyngeal
swab sample and laboratory testing.
Confirmed cases were defined as patients
with a positive result of RT-PCR. The
third phase included assessing disease sever-
ity in each patient and providing appropri-
ate management. This included home

Figure 1. Cycle of diagnosis and management of COVID-19-positive patients at Cairo University Hospitals.
COVID-19, coronavirus disease 2019; PCR, polymerase chain reaction.
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isolation and regular follow-up for mild
cases via telephone and hospital admission
for patients with moderate-to-severe illness.
The fourth phase involved patient assess-
ment during the post-COVID-19 phase
and ordering a follow-up PCR test in the
post-COVID-19 clinic. Data from the first
and second phases were included in the pre-
sent study.

Data extraction

We retrieved datasets from the departments
of family medicine and clinical pathology as
well as the infection control unit at Cairo
University Hospitals. A team of experi-
enced family physicians reviewed and
cross-checked the data. Only patients with
a complete dataset, including medical histo-
ry and laboratory and PCR results, were
included in the study. The medical history
entailed exposure history, COVID-19
symptoms, and risk factors. Laboratory
investigations comprised complete blood
picture, liver and kidney function, C-reactive
protein (CRP), lactate dehydrogenase
(LDH), total creatine kinase (CK), ferritin,
and international normalized ratio. The
researchers compared symptoms and labo-
ratory findings between patients with sus-
pected and confirmed COVID-19 infection.

With the extensive advancement and
application of deep learning, increasingly
more models that use deep learning are pro-
posed to model the prognosis of patients
with COVID-19 infection using clinical14

and laboratory data,15 imaging data,16,17

or a combination of both. We applied a
deep analytics framework and dual-modal
approach for PCR-based classification by
integrating symptoms with laboratory-
based modalities. More precisely, our pro-
posed deep learning framework comprised
three phases: a dual-modal phase, feature
extraction phase, and classification phase.
Consequently, the dual-modal phase is
aimed at integrating both symptoms and

laboratory-based data into a common fea-

ture space. The feature extraction phase

involves encoding the preprocessed dual-

modal common feature space into PCR-

dependent features. The classification

phase is aimed at classifying the encoded

PCR-dependent features.
A structural illustration of the proposed

deep analytics framework and dual-modal

approach, including the parameters set-

tings, is shown in Figure 2. The dual-

modal phase takes the raw data of symp-

toms and laboratory-based data as inputs

and encodes these using dual-modal

layers. Each consists of five operations:

Dence, Batch Normalization, LeakyReLU,

Dropout, and Flatten operations. These

layers extract a common feature space and

feed this to the feature extraction phase,

which uses a sequence of two layers, each

consisting of four operations: Dence, Batch

Normalization, LeakyReLU, and Dropout.

This sequence of layers is used to extract

class-dependent features; these are fed to

the classification stages, which use the

SoftMax activation function. The SoftMax

function converts the extracted feature

vector to a vector with two categorical

probabilities, namely, positive PCR and

negative PCR.

Ethical approval

This study was approved by the ethical com-

mittee of the Faculty of Medicine, Cairo

University (ID: N-17-2021). Informed

patient consent was waived because of the

retrospective nature of the study.

Statistical analysis

Summary statistics are presented as number

and percent or median and interquartile

range for categorical and numeric variables,

respectively. Associations of PCR results

with categorical variables were assessed

using the chi-square test and using the
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Mann–Whitney (Wilcoxon rank-sum) test
in the case of continuous variables.
Univariate logistic regression was per-
formed for all significant variables.

We controlled for potential confounders
(age, sex, presence of comorbidities, LDH,
and all variables in univariate regression)
using multivariate logistic regression. Post-
estimation tests were conducted to examine
the accuracy of our regression model, with
area under the receiver operating character-
istic curve (AUC) equal to 0.792. In addi-
tion, to assess whether the model fit our
data, we used the Hosmer–Lemeshow
goodness-of-fit test with a p value equal to
0.389. We tested for multicollinearity using
the variance inflation factor (VIF) with a
mean VIF of 1.68. Accuracy testing for
the deep learning framework was per-
formed and we determined the sensitivity,
specificity, AUC, and positive and negative
predictive values.

Results

As presented in Table 1, we analyzed the
data of 440 patients, with most comprising
female patients (56.36%) and individuals
younger than 45 years old (63.08%). The
most prevalent factor was contact with a
patient positive for COVID-19 infection
who had respiratory symptoms (79.73%).
The most common symptoms among
study participants were fever, cough, sore
throat, and body aches. Loss of smell or
taste sensations were found in 30.91% of
participants. The presence of comorbidities
such as diabetes, hypertension, cardiovas-
cular, pulmonary conditions, or chronic
kidney diseases was identified in 34.77%
of patients.

Associations of COVID-19 PCR results
with patients’ demographic characteristics,
symptoms, and risk factors using the
chi-square test are presented in Table 1.
Contact with a case that had respiratory
symptoms, spending time in a location
where diagnosed COVID-19 cases were pre-
sent, presence of sore throat, loss of smell
or taste, and smoking were factors showing
a significant association with PCR results

Figure 2. Dual-modal and analytics learning
framework.
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Table 1. Associations of demographic data, symptoms, and risk factors with COVID-19 PCR results using
Pearson chi-square test (n¼ 440).

PCR

Negative Positive

v2 p value*Total n (%) n (%) n (%)

� Demographic factors

Age group 409 (100)

16–45 years 258 (63.08) 134 (51.94) 124 (48.06) 0.327 0.567

46–85 years 151 (36.92) 74 (49.01) 77 (50.99)

Sex 440 (100)

Female 248 (56.36) 131 (52.82) 117 (47.18) 0.345 0.557

Male 192 (43.64) 96 (50.00) 97 (50.00)

� Factors and symptoms related to COVID-19

Contacted a case with

respiratory symptoms

439 (100)

No 89 (20.27) 36 (40.45) 53 (59.55) 5.438 0.020

Yes 350 (79.73) 190 (54.29) 160 (45.71)

Spending time in a location with

COVID-19 cases present

435 (100)

No 213 (48.97) 98 (46.01) 115 (53.99) 5.459 0.019

Yes 222 (51.03) 127 (57.21) 95 (42.79)

Working in health care or

isolation facility

439 (100)

No 214 (48.75) 104 (48.60) 110 (51.40) 1.618 0.203

Yes 225 (51.25) 123 (54.67) 102 (45.33)

Fever >38�C 438 (100)

No 105 (23.97) 57 (54.29) 48 (45.71) 0.470 0.493

Yes 333 (76.03) 168 (50.45) 165 (49.55)

Severe or persistent cough 438 (100)

No 151 (34.47) 77 (50.99) 74 (49.01) 0.034 0.854

Yes 287 (65.53) 149 (51.92) 138 (48.08)

Sore throat 438 (100)

No 166 (37.90) 73 (43.98) 93 (56.02) 6.218 0.013

Yes 272 (62.10) 153 (56.25) 119 (43.75)

Vomiting or diarrhea 437 (100)

No 249 (56.98) 123 (49.40) 126 (50.60) 1.505 0.220

Yes 188 (43.02) 104 (55.32) 84 (44.68)

Myalgia or body aches 438 (100)

No 70 (15.98) 41 (58.57) 29 (41.43) 1.518 0.218

Yes 368 (84.02) 186 (50.54) 182 (49.46)

Loss of smell or taste 440 (100)

No 304 (69.09) 168 (55.26) 136 (44.74) 5.311 0.021

Yes 136 (30.91) 59 (43.38) 77 (56.62)

� Risk factors and comorbidities

Smoking 418 (100)

No 366 (87.56) 179 (48.91) 187 (51.09) 6.170 0.013

Yes 52 (12.44) 35 (67.31) 17 (32.69)

(continued)
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(p¼ 0.020, 0.019, 0.013, 0.021, and 0.013,

respectively).
Among all participant results for com-

plete blood count (CBC), several factors

showed significant median differences

between COVID-19 PCR-positive and

PCR-negative groups, as shown in

Table 2. Factors with a significant differ-

ence between groups were mean corpuscu-

lar volume, platelet count, white blood cell

(WBC) count, neutrophil count, lympho-

cyte count, monocyte count, eosinophil

count, and basophil count (p¼ 0.020,

<0.001, <0.001, ¼0.002, <0.001, ¼0.005,

<0.001, and <0.001, respectively). Median

levels of these factors were significantly

lower in the PCR-positive group.
Table 3 shows the median levels for par-

ticipants’ blood chemistry results and dif-

ferences between the two groups. Median

levels of LDH, CK, and serum ferritin

were significantly different between

PCR-positive and PCR-negative groups

(p< 0.001, ¼0.033, and ¼ 0.004, respective-

ly). LDH and serum ferritin levels were

significantly higher in the PCR-positive

group.

Table 4 shows bivariate associations of

COVID-19 PCR results with the results of

CBC and blood chemistry after categoriza-

tion according to low, normal, or high

levels. The categorization was according to

reference values of Kasralainy Faculty of

Medicine’s central lab, where the samples

were analyzed. WBCs, neutrophils, lym-

phocytes, alanine aminotransferase (ALT),
and serum ferritin categories showed a sig-

nificant association with final PCR results

(p< 0.001, <0.001, <0.001, ¼0.039, and

<0.001, respectively).
In Table 5, we present findings of the

regression model for predictors of

COVID-19 PCR results. We controlled for
potential confounders (age, sex, presence of

comorbidities, LDH, and all variables in

univariate analysis) in the multivariate

logistic regression. Participants with a loss

of smell or taste were two times more likely

to have a positive PCR result than partici-

pants who did not lose their sense of taste

or smell (odds ratio [OR] 1.86; 95% confi-

dence interval [CI] 1.04–3.35, p¼ 0.038).

Participants with neutropenia or monocyto-
sis were three and five times more likely,

Table 1. Continued.

PCR

Negative Positive

v2 p value*Total n (%) n (%) n (%)

Pregnancy 243 (100)

No 238 (97.94) 124 (52.10) 114 (47.90) 0.122 0.726

Yes 5 (2.06) 3 (60.00) 2 (40.00)

Comorbidities 440 (100)

No 287 (65.23) 154 (53.66) 133 (46.34) 1.413 0.235

Yes 153 (34.77) 73 (47.71) 80 (52.29)

Immunodeficient conditions or

drugs

434 (100)

No 418 (96.31) 217 (51.91) 201 (48.09) 0.411 0.521

Yes 16 (3.69) 7 (43.75) 9 (56.25)

*Significant at p< 0.05.

PCR, polymerase chain reaction; COVID-19, coronavirus disease 2019.
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Table 2. Associations of complete blood picture results with COVID-19 PCR results using Mann–Whitney
test (n¼ 440).

n Median IQR z p value*

Red blood cell count (106/mL)
Negative PCR 223 5.1 4.9–5.5 �0.360 0.719

Positive PCR 203 5.2 4.7–5.6

Hemoglobin (g/dL)

Negative PCR 223 13.9 12.7–15.0 0.418 0.676

Positive PCR 203 13.7 12.4–14.9

Hematocrit (%)

Negative PCR 223 41.7 38.4–44.8 1.276 0.202

Positive PCR 203 40.7 37.6–44.2

MCV (fL)

Negative PCR 223 81.1 76.4-84.9 2.330 0.020

Positive PCR 203 79.8 75.2-83.1

MCH (pg)

Negative PCR 223 27.2 24.8–28.9 1.103 0.270

Positive PCR 203 27.0 24.8–28.4

MCHC (g/dL)

Negative PCR 223 33.3 32.3–34.4 �1.770 0.077

Positive PCR 203 33.6 32.4-34.4

RDW (%)

Negative PCR 223 13.9 13.0–15.4 1.330 0.184

Positive PCR 203 13.7 12.8–15.1

Platelet count (103/mL)
Negative PCR 223 240 198–283 3.671 <0.001

Positive PCR 203 219 172–251

MPV (fL)

Negative PCR 202 9.5 8.3–10.6 �0.079 0.938

Positive PCR 187 9.7 8.3–10.6

White blood cell count (103/mL)
Negative PCR 223 7.4 6.0–9.2 4.252 <0.001

Positive PCR 203 6.3 4.9–8.21

Neutrophil count (103/mL)
Negative PCR 217 3.79 2.62–5.21 3.041 0.002

Positive PCR 199 3.2 1.96–4.63

Lymphocyte count (103/mL)
Negative PCR 222 2.87 2.21–3.45 4.823 <0.001

Positive PCR 202 2.37 1.89–2.97

Monocyte count (103/mL)
Negative PCR 222 0.57 0.42–0.67 2.785 0.005

Positive PCR 202 0.48 0.37–0.65

Eosinophil count (103/mL)
Negative PCR 222 0.13 0.07–0.22 4.761 <0.001

Positive PCR 202 0.08 0.04–0.17

Basophil count (103/mL)
Negative PCR 217 0.09 0.05–0.12 4.753 <0.001

Positive PCR 199 0.06 0.04–0.09

(continued)
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Table 2. Continued.

n Median IQR z p value*

Neutrophil to lymphocyte ratio

Negative PCR 217 1.4 1.0–1.8 0.454 0.650

Positive PCR 199 1.3 0.8–2.1

*Significant with p< 0.05.

COVID-19, coronavirus disease 2019; PCR, polymerase chain reaction; IQR, interquartile range; MCV, mean corpuscular

volume; MCH, mean corpuscular hemoglobin; MCHC, mean corpuscular hemoglobin concentration; RDW, red blood cell

distribution width; MPV, mean platelet volume.

Table 3. Associations of blood chemistry with COVID-19 PCR results using Mann–Whitney test (n¼ 440).

n Median IQR z p value

AST (U/L)

Negative PCR 226 25 20–32 �1.311 0.190

Positive PCR 213 26 21–35

ALT (U/L)

Negative PCR 226 27 17–42 �1.859 0.063

Positive PCR 213 33 19–45

Blood urea (mg/dL)

Negative PCR 226 25.5 20–31 0.085 0.932

Positive PCR 213 25 20–31

Serum creatine (mg/dL)

Negative PCR 226 0.87 0.76–1.01 �0.839 0.402

Positive PCR 213 0.87 0.76–1.01

LDH (U/L)

Negative PCR 226 280 238–333 �3.484 <0.001

Positive PCR 213 313 259–372

CK total (U/L)

Negative PCR 226 90 65–124 2.132 0.033

Positive PCR 213 80 55–117

CRP (mg/L)

Negative PCR 227 4–55 2.2–10.3 �0.060 0.952

Positive PCR 212 4–11 1.42–13–3

Ferritin (ng/L)

Negative PCR 181 75.3 31.3–140.2 �2.883 0.004

Positive PCR 192 103.4 34.9–224.3

INR

Negative PCR 220 1.01 0.96–1.04 0.556 0.579

Positive PCR 206 1.0 0.97–1.06

*Significant with p< 0.05.

COVID-19, coronavirus disease 2019; PCR, polymerase chain reaction; IQR, interquartile range; AST, aspartate amino-

transferase; ALT, alanine aminotransferase; LDH, lactate dehydrogenase; CK, creatine kinase; CRP, C-reactive protein;

INR, international normalized ratio.
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Table 4. Associations of complete blood picture and blood chemistry with COVID-19 PCR results using
Pearson chi-square test (n¼ 440).

PCR

Negative Positive

v2 p value*Total n (%) n (%) n (%)

� Complete blood picture

Red blood cell count 426 (100)

Erythrocytopenia 7 (1.64) 2 (28.57) 5 (71.43) 2.058 0.357

Normal 79 (18.54) 39 (49.37) 40 (50.63)

Erythrocytosis 340 (79.81) 182 (53.53) 158 (46.47)

Platelet count 426 (100)

Thrombocytopenia 63 (14.79) 30 (47.62) 33 (52.38) 0.726 0.695

Normal 347 (81.46) 184 (53.03) 163 (46.97)

Thrombocytosis 16 (3.76) 9 (56.25) 7 (43.75)

White blood cell count 426 (100)

Leucopenia 27 (6.34) 6 (22.22) 21 (77.78) 15.737 <0.001

Normal 337 (79.11) 175 (51.93) 162 (48.07)

Leucocytosis 62 (14.55) 42 (67.74) 20 (32.26)

Neutrophil count 426 (100)

Neutropenia 58 (13.94) 17 (29.31) 41 (70.69) 15.282 <0.001

Normal 324 (77.88) 178 (54.94) 146 (45.06)

Neutrophilia 34 (8.17) 22 (64.71) 12 (35.29)

Lymphocyte count 426 (100)

Lymphopenia 13 (3.07) 3 (23.08) 10 (76.92) 16.925 <0.001

Normal 270 (63.68) 127 (47.04) 143 (52.96)

Lymphocytosis 141 (33.25) 92 (65.25) 49 (34.75)

Monocyte count 424 (100)

Monocytopenia 18 (4.25) 3 (16.67) 15 (83.33) 11.875 0.003

Normal 340 (80.19) 189 (55.59) 151 (44.41)

Monocytosis 66 (15.57) 30 (45.45) 36 (54.55)

Eosinophil count 424 (100)

Eosinopenia 54 (12.74) 16 (29.63) 38 (70.37) 15.253 <0.001

Normal 360 (84.91) 198 (55.00) 162 (45.00)

Eosinophilia 10 (2.36) 8 (80.00) 2 (20.00)

Neutrophil to lymphocyte ratio 426 (100)

<3.1 392 (94.23) 209 (53.32) 183 (46.68) 3.619 0.057

�3.1 24 (5.77) 8 (33.33) 16 (66.67)

� Blood chemistry

AST 439 (100)

Normal 359 (81.78) 191 (53.20) 168 (46.80) 2.341 0.126

High 80 (18.22) 35 (43.75) 45 (56.25)

ALT 439 (100)

Normal 271 (61.73) 150 (55.35) 121 (44.65) 4.246 0.039

High 168 (38.27) 76 (45.24) 92 (54.76)

Blood urea 439 (100)

Low 38 (8.66) 22 (57.89) 16 (42.11) 0.843 0.656

Normal 167 (38.04) 83 (49.70) 84 (50.30)

High 234 (53.30) 121 (51.71) 113 (48.29)

(continued)
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respectively, to have positive PCR results

compared with patients who had normal

leucocyte and monocyte counts (OR

2.69, 5.4; 95% CI 1.06–6.83, 1.97–14.89;

p¼ 0.037, 0.001, respectively). Participants

with high serum ferritin levels were four

times more likely to have positive PCR

results (OR 4.18; 95% CI 1.27–13.78;

p¼ 0.019).
As shown in Table 5, participants who

contacted cases with respiratory symptoms

were 66% less likely to have positive PCR

results compared with those who did not

contact such cases (OR 0.34; 95% CI

0.16–0.75; p¼ 0.007). Compared with par-

ticipants without sore throat, those with

sore throat were 47% less likely to have

positive PCR results (OR 0.53; 95% CI

0.30–0.96; p¼ 0.035). Participants with leu-

cocytosis, lymphocytosis, or eosinophilia

were 77%, 53%, and 92% less likely to

have positive PCR results compared with
participants who had normal levels (OR
0.23, 0.47, 0.08; 95% CI 0.05–0.97, 0.25–
0.89, 0.01–0.92; p¼ 0.046, 0.021, 0.043,
respectively).

Regarding the deep learning framework,
along with the classification precision rate,
we determined the chance-level and PCR
precision rates. The chance-level precision
rate for two-class classification was 50%,
and the precision rate achieved using the
proposed framework was 78%. The pro-
posed framework achieved a sensitivity of
83.9%, specificity of 71.4%, AUC of 0.78,
positive predictive value of 76.5%, and a
negative predictive value of 80.0%, as illus-
trated in Figure 3.

Discussion

Given the complex interplay of factors that
determine the outcome of COVID-19 and

Table 4. Continued.

PCR

Negative Positive

v2 p value*Total n (%) n (%) n (%)

Serum creatine 439 (100)

Normal 423 (96.36) 221 (97.79) 202 (94.84) 2.721 0.099

High 16 (3.64) 5 (31.25) 11 (68.75)

LDH 439 (100)

Normal 47 (10.71) 28 (59.57) 19 (40.43) 2.832 0.243

High 392 (89.29) 198 (50.51) 194 (49.49)

CK total 439 (100)

Normal 383 (87.24) 196 (51.17) 187 (48.83) 0.112 0.738

High 56 (12.76) 30 (53.57) 26 (46.43)

CRP 439 (100)

Normal 264 (60.14) 135 (51.14) 129 (48.86) 0.087 0.768

High 175 (39.86) 92 (52.57) 83 (47.43)

Ferritin 439 (100)

Low 27 (7.24) 15 (55.56) 12 (44.44) 16.973 <0.001

Normal 232 (62.20) 129 (55.60) 103 (44.40)

High 114 (30.56) 37 (32.46) 77 (67.54)

*Significant with p< 0.05.

COVID-19, coronavirus disease 2019; PCR, polymerase chain reaction; AST, aspartate aminotransferase; ALT, alanine

aminotransferase; LDH, lactate dehydrogenase; CK, creatine kinase; CRP, C-reactive protein.
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the non-specificity of the initial symptoms,
which are mainly fever, dry cough, and
fatigue, a cost-effective and reliable diag-
nostic tool is crucial for early detection.
Accordingly, in this study, we aimed to cor-
relate the clinical and laboratory data of
suspected and confirmed COVID-19 cases
with PCR results, using available data and
artificial intelligence, in the early detection
of COVID-19. We aimed to find an easy,

rapid, and effective method for definitive
diagnosis of COVID-19 or at minimum,
rapid identification of patients highly suspi-
cious for COVID-19 infection, to enhance
outcomes and prevent infections at our
hospital.

In our study, contact with cases that had
respiratory symptoms and spending time in
a location with confirmed COVID-19 cases
present showed a significant association

Table 5. Results of univariate and multivariate logistic regression for prediction of COVID-19 PCR results.

Univariate regression Multivariate regression

OR (95% CI) p value* OR (95% CI) p value*

Contacted a case with respiratory symptoms

Yes 0.57 (0.36–0.91) 0.021 0.34 (0.16–0.75) 0.007

Spending time in a location with COVID-19 cases present

Yes 0.64 (0.44–0.93) 0.020 0.99 (0.57–1.74) 0.269

Sore throat

Yes 0.61 (0.41–0.90) 0.013 0.53 (0.30–0.96) 0.035

Loss of smell or taste

Yes 1.61 (1.07–2.42) 0.022 1.86 (1.04–3.35) 0.038

Smoking

Yes 0.46 (0.25–0.86) 0.015 0.48 (0.19–1.28) 0.145

White blood cells

Leucopenia 3.78 (1.49–9.60) 0.005 1.01 (0.27–3.78) 0.988

Leucocytosis 0.51 (0.29–0.910 0.023 0.23 (0.05–0.97) 0.046

Neutrophils

Neutropenia 2.94 (1.60–5.39) <0.001 2.69 (1.06–6.83) 0.037

Neutrophilia 0.66 (0.32–1.39) 0.278 1.33 (0.21–8.17) 0.760

Lymphocytes

Lymphopenia 2.96 (0.80–10.99) 0.105 1.06 (0.21–5.28) 0.936

Lymphocytosis 0.47 (0.31–0.72) <0.001 0.47 (0.25–0.89) 0.021

Monocytes

Monocytopenia 6.26 (1.78–22.02) 0.004 4.63 (0.87–24.77) 0.073

Monocytosis 1.50 (0.88–2.55) 0.132 5.42 (1.97–14.89) 0.001

Eosinophils

Eosinopenia 2.90 (1.56–5.39) 0.001 1.51 (0.58–3.91) 0.399

Eosinophilia 0.30 (0.06–1.46) 0.137 0.08 (0.01–0.92) 0.043

ALT

High 1.50 (1.02–2.21) 0.040 0.98 (0.55–1.76) 0.962

Ferritin

Normal 0.99 (0.45–2.22) 0.996 1.19 (0.43–3.32) 0.739

High 2.60 (1.11–6.11) 0.028 4.18 (1.27–13.78) 0.019

*Significant with p< 0.05.

COVID-19, coronavirus disease 2019; PCR, polymerase chain reaction; ALT, alanine aminotransferase; OR, odds ratio; CI,

confidence interval.
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with the results of COVID-19 RT-PCR.

Surprisingly, however, contact with cases
that had respiratory symptoms and spend-
ing time in a location where COVID-19

cases were present had an inverse impact
on rates of infection. Our study participants
were 60% less likely to have positive PCR

results than those without these risk factors
(OR 0.40, 95% CI 0.19–0.85, 0.018). In
Qatar, a survey among 393 health care
workers found that 5% of the study popu-

lation reported acquiring infection at a
COVID-19-designated facility and 95% at
a non-COVID-19 facility, where incidental

exposure to an asymptomatic colleague or
patient was the main source of infection. In
the same study, adherence to the use of full

personal protective equipment was 82%
at COVID-19-designated facilities and
68% at non-COVID-19 facilities.18 Cairo

University Hospitals comprises one of the
largest hospital facilities in Egypt, and
participants in our study were mainly

health care workers at this institution and
their first-degree relatives. The situation
described in this study and the study in

Qatar highlight the importance of adher-
ence to infection control measures under
all conditions throughout the COVID-19
pandemic.

It is now well accepted that different

strains of SARS-CoV-2 circulate in differ-
ent countries, and this has had a large

impact on prevalent symptoms, outcomes,
and infectivity among patients. The clinical

presentation of COVID-19 ranges from an
asymptomatic state to respiratory failure
and multi-organ dysfunction. Common

clinical features include fever, cough, sore
throat, headache, fatigue, myalgia, dys-

pnea, and conjunctivitis.19 Published viral
sequencing results have demonstrated that

SARS-CoV-2 strains share a similar gene
sequence, with a few changes that seem to

be directed toward the evolution of mutants
that cause milder symptoms.20 The most
prevalent symptoms among our study pop-

ulation were sore throat and loss of smell or
taste. Other studies have reported different

symptoms among patients. A recent system-
ic review of 54 studies that included hun-

dreds of patients reported that the most
common symptoms found were fever in

81.2% of cases, cough in 58.5%, and
fatigue in 38.5%.21

To our knowledge, there is an extreme
paucity of existing data regarding the prev-

alent strains of SARS-CoV-2 in Egypt.
However, the relatively low number of
cases and deaths in the country suggest

Figure 3. Summary of model performance.
COVID-19, coronavirus disease 2019; PCR, polymerase chain reaction; AUC, area under the receiver
operating characteristic curve; PPV, positive predictive value; NPV, negative predictive value.
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the circulation of less virulent strains.22

This assumption is supported by the find-
ings of our study, where the symptoms
prevalent among our patients differed
from those reported internationally.

The gold standard for the diagnosis of
SARS-CoV-2 infection is RT-PCR.
However, many factors can interfere with
the sensitivity of this test. Thus, a negative
test result in a patient with a typical clinical
picture should not be the basis for exclud-
ing the possibility of COVID-19 infection.
In such cases, routine laboratory testing can
help to guide clinicians and infection pre-
vention specialists in making sound deci-
sions regarding patient management. In
our population, symptomatic patients pre-
senting with leukopenia, neutropenia, and
lymphocytopenia were more likely to have
a positive PCR result for SARS-CoV-2. A
recently published non-systematic review
reported that lymphopenia and eosinopenia
have been linked to disease severity and
worse prognosis.23 Similarly, other studies
have reported leukopenia and lymphopenia
among the notable laboratory findings seen
in patients with COVID-19.5,24

As for blood chemistry, our results
showed that elevated LDH and serum fer-
ritin levels were statistically significant in
PCR-positive patients (p values <0.001
and 0.004, respectively). A recently pub-
lished systematic review and meta-analysis
that included a total of 4663 patients
reported that increased LDH was found
among 46.2% of patients.25 According to
the Centers for Disease Control and
Prevention, the most prominent laboratory
findings among patients with COVID-19
are elevated CRP, ALT, aspartate amino-
transferase, LDH, and ferritin levels.26 In
our study, although not all of the aforemen-
tioned laboratory findings were significant-
ly different between patients with and
without COVID-19, except for CRP, all
were elevated among patients with
COVID-19 infection.

The proposed model provides a poten-
tially useful COVID-19 diagnostic tool
that is based on symptoms and laboratory
findings. The precision rate achieved by the
proposed framework was 78%, which con-
siderably outperforms the chance-level pre-
cision rate and is comparable to the PCR
precision rate, which is approximately
73.3%.27

The proposed framework achieved a sen-
sitivity of 83.9%, specificity of 71.4%,
AUC of 0.78, positive predictive value of
76.5%, and negative predictive value of
80.0%. A systemic review in 2020 assessing
the role of deep learning in detecting and
diagnosing COVID-19 using CT and chest
X-ray concluded that the specificity for
COVID-19 diagnosis using CT-based deep
learning was more than 92%. In many stud-
ies, the reported sensitivity was also higher
than or equal to that of traditional diagnos-
tic modalities. Whereas the sensitivity and
specificity of CT-based deep learning are
higher than those of our proposed model,
the use of CT is not feasible in the primary
care setting.28

Another study conducted in 2020 devel-
oped a machine learning model to detect
COVID-19 cases among hospitalized
patients according to symptoms and labo-
ratory findings.15 The model included age
and sex; the presence of any COVID-19
symptoms including dyspnea, sore throat,
and cough; and laboratory findings. The
accuracy of that model ranged from 83%
to 88%, and the sensitivity and specificity
ranged from 76% to 89% and 84% to 91%,
respectively. The AUC ranged from 0.83 to
0.90. In another study conducted in 2020,
two machine learning models based on lab-
oratory findings were developed; the sensi-
tivity of the two models ranged from 92%
to 95%, and the accuracy ranged from 82%
and 86%.29 Our proposed model differed
from these models in that it integrates clin-
ical data, risk factors, and routine labora-
tory test results.
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RT-PCR is considered the gold standard

for the diagnosis of COVID-19. Although

chest CT has high sensitivity, it is not fea-

sible to be used as a screening tool. The

hematochemical values of routine laborato-

ry tests represent a cheaper and faster alter-

native. Several machine learning models

have been proposed for COVID-19 diagno-

sis using radiological findings, but few are

based on symptoms and hematochemical

values.
SARS-CoV-2 has posed an unprecedent-

ed threat to health care and infection con-

trol systems all over the world. Widespread

public panic has resulted in massive pres-

sure on the health care sector, as has the

sharp decline in the global strategic stocks

of personal protective equipment and the

spread of infection among health care

workers. Together, these factors have

made it crucial to find rapid, effective alter-

natives to deal with this public health crisis.

Deep learning models used in disease pre-

diction are among the novel tools that can

meet this need. Our proposed model is

based on patients’ clinical data, risk factors,

and the results of routine laboratory tests.

The use of PCR-correlated symptoms and a

deep learning model based on laboratory

findings could provide an excellent solution

for the detection of patients with COVID-

19 in primary care settings, especially in

resource-limited countries, offering an inex-

pensive and fast tool that can be applied in

the whole population.

Limitations of this study

In this study, we only used the data of

patients with a complete dataset, including

medical history and laboratory and PCR

results. We excluded more than 500 patients

with incomplete data. Use of a large dataset

can help to increase accuracy of the

model by increasing its machine-learning

capability.

Conclusion

Using the proposed deep learning

approach, we found that participants with

a loss of smell or taste sensations, neutro-

penia, monocytosis, or high serum ferritin

were more likely to have positive

COVID-19 PCR results. Routine assess-

ment of these four criteria should be done

for each patient with suspected COVID-19.

Because RT-PCR and chest CT currently

require a long time and the availability of

sufficient resources, use of a deep learning

model is a promising tool with an encour-

aging precision rate for the diagnosis of

COVID-19. Our proposed framework can

be implemented to prioritize the referral of

patients with suspected COVID-19 for PCR

testing, especially in developing countries

with limited resources.
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