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Introduction

The outbreak of COVID-19 has developed into a pandemic 
where the confirmed cases reached more than 114 million, 
including more than 2 million deaths reported to the World 
Health Organization (WHO) till the 5th of March 2021.1 
Clinical presentation of COVID-19 range from symptomless 
carriers to critical disease with acute hypoxemic respiratory 
failure, sepsis, or multiple system failure. Around 80% of 
COVID-19 patients present with a mild illness that usually 
recover within 2 weeks.2 The severe disease requiring inten-
sive care (ICU) was nearly encountered in 5% of COVID-19 
patients, and 20% of COVID-19 hospitalized patients. 

Hospital death rates related to COVID-19 are 15% to 20% 
but, rise to 40% among intensive care patients.2 Therefore, 
non-subjective risk assessment of patients is fundamental for 
early patient management and better medical resource alloca-
tion. For most non-severe patients, management includes 
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quarantine with symptomatic treatment at home, while for 
severe patients, urgent referral to tertiary care is needed.3

Phone triage is critical for identification of the vulner-
able and high-risk patients, as emergency department’s 
(ED) overcapacity and delay in treatment in many condi-
tions are correlated with increased mortality.4 Although 
phone triage helps to identify patients with high-risk, it 
has limitations related to the providers’ judgment of criti-
cal care needs,5 providers’ variations, and patients’ subjec-
tive information.6,7

Using machine learning (ML) could be considered a 
suitable solution. ML is a branch of artificial intelligence 
that learns from past data to build a prognostic model with-
out the need for further programing.8,9 During the last years, 
it has been developed as a useful tool to analyze large 
amounts of data from medical records or images.10

Advancements in computing abilities and data availabil-
ity granted deep learning to be incorporated in many medi-
cal arena purposes. Deep learning and neural network have 
been effectively used in the diagnosis of dermatological 
tumors and prostate cancer.11 Regarding COVID-19, sev-
eral modeling studies focused on forecasting the potential 
international spread of COVID-19.12 Also, deep learning 
has the potential to guide more efficient triage decisions, 
risk categorization, and resource allocation.11

Being one of the largest public university hospitals in 
Egypt; Cairo University Hospitals provide health care ser-
vices for thousands of patients including all workers in 
Cairo University. During the pandemic, the family medi-
cine department was in charge of the phone triage system 
for COVID-19 patients. This study aimed to assess the 
accuracy of the traditional phone triage system and the 
phone triage-driven deep learning model in the prediction 
of positive COVID-19 patients.

Patients/Methods

This is a retrospective study conducted at the family medi-
cine department, Cairo University to detect the accuracy of 
the traditional phone triage system and phone triage-driven 
deep learning model in the prediction of positive COVID-
19 patients. The study included a dataset from the phone 
triage during the first wave of the pandemic in the period 
between June 1, 2020, and July 18, 2020.

In response to the COVID-19 pandemic, Cairo University 
hospitals assigned an interactive voice response (IVR) 
number for phone triaging COVID-19 patients. The service 
started on the first of June 2020 and received calls from all 
workers at Cairo University. The phone triage system was 
run by 20 skilled family medicine physicians and super-
vised by 3 family medicine consultants. The patients were 
assessed according to the Egyptian Ministry of Health 
checklist for acute respiratory illness.13 Accordingly, the 
patients were classified into urgent cases, suspected cases, 

or unsuspected cases. According to the protocol of the 
infection control unit in the hospital, urgent cases under-
went the nasopharyngeal swab for COVID-19 diagnosis 
within 12 to 24 h and suspected cases underwent the naso-
pharyngeal swab within 24 to 48 h. Positive cases received 
suitable management according to Cairo University hospi-
tal’s protocol for COVID-19 management. The unsus-
pected cases received an explanation of their condition 
with reassurance and hence, no need to perform a nasopha-
ryngeal swab.

A Microsoft form prepared to collect the data of the sus-
pected COVID-19 patients consisted of 16 questions 
including:

•• Sociodemographic-related variables included name, 
age, occupation, phone number, and national ID.

•• COVID-19 infection-related variables included body 
temperature over 38°C, severe or persistent cough, 
severe congestion in the throat, vomiting, diarrhea, 
fatigue, loss of appetite or muscle pain, and loss of 
sense of smell or taste.

•• Risk factors and comorbidities variables included 
contact with an acute respiratory infection case, vis-
iting a place or health sector where a positive 
COVID-19 case was discovered, working in the 
health sector or isolation hospital, smoking status, 
and having chronic diseases.

From June 1st, 2020 to July 18th, 2020, the phone triage 
received 3654 calls through the (IVR) number of Cairo 
University hospitals. A total of 943 callers were suspected 
of having COVID-19 disease after the telephone-based 
screening and triage. They were referred for nasopharyn-
geal swab and PCR. In addition, the phone triage system 
received 1211 follow-up calls.

The dataset for real-time polymerase chain reaction 
(RT-PCR) results was retrieved and checked for complete-
ness. Complete data for 440 participants out of the 943 sus-
pected COVID-19 patients were enrolled in the deep 
learning model. We prepared a PCR-dependent and phone 
triage-driven deep learning model for automated classifica-
tions of natural human responses collected by the phone tri-
age system. This was dependent on the extensive analysis of 
the collected dataset of 440 participants with PCR results 
available. This deep learning model consisted of 3 stages, 
that is, the preprocessing stage which aimed at performing 
feature-wise normalization of input and turning integer cat-
egorical features into a one-hot vector, then the feature 
extraction stage which aimed at converting the preprocessed 
phone responses into PCR-dependent features, and the clas-
sification stage which aimed at classifying the PCR-
dependent features extracted from the previous stage.

A structural illustration of the proposed deep learning 
model is given in (Figure 1). As seen, the preprocessing 
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Figure 1. Structure illustration of the deep learning model.
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stage took the raw responses as inputs and fed its output to 
a sequence of 3 layers, each consisting of 4 operations, 
including Dence, Batch Normalization, LeakyReLU, and 
Dropout operation. This sequence of layers was used to 
extract class-dependent features and fed them to the classi-
fication stages which utilized the Softmax activation func-
tion. The Softmax converted the extracted feature vector to 
a vector of 2 categorical probabilities, namely positive 
PCR, and negative PCR.

Ethical Considerations

Ethical approvals were obtained from the Research Ethics 
Committee at Kasralainy school of medicine and the 
research committee of the Family medicine department at 
Cairo University.

Statistical Analysis of Data

Statistical analysis was done using Stata software (version 
16). All categorical variables were presented in numbers 
and percentages, while numerical variables in mean and 
standard deviation (SD). Accuracy testing was done for the 
symptoms, deep learning model, and phone triage protocol 
compared to RT-PCR results. We analyzed specificity, sen-
sitivity, area under the receiver operating characteristic 
(ROC) curve, positive predictive value, and negative pre-
dictive value.

Results

For the 943 suspected COVID-19 patients by the phone tri-
age, the mean age (±SD) was 41.42 (±14.6), and 55.9% 
were females.

Regarding the risk factors and comorbidities of partici-
pants, nearly half of them were healthcare workers. More 
than two-thirds (77.7%) were contacts of confirmed 
COVID-19 cases. Forty-seven percent of the participants 
visited places with confirmed cases. About 10% were smok-
ers. Only 2.3% of females were pregnant. Three percent of 
participants were immunocompromised. More than 33% 
suffered from chronic diseases such as hypertension (14%), 
diabetes (11.5%), pulmonary diseases (6%), cardiovascular 
diseases (4.7%.), chronic liver disease (1.4%), chronic kid-
ney disease (1.3%), cancer (1.17%), and other chronic dis-
eases (3.4%), as shown in Table 1.

Regarding the most common prevalent symptoms 
recorded by the COVID-19 suspected patients, myalgia 
was the most common recorded symptom (84%) followed 
by fever (73%) (Figure 2). Based on the RT-PCR results, 
we found that myalgia, fever, and contact with a case with 
respiratory symptoms had the highest sensitivity among 
the symptoms/risk factors that were asked during the 
phone calls (86.3%, 77.5%, and 75.1%, respectively). 

While immunodeficiency, smoking, and loss of smell or 
taste had the highest specificity (96.9%, 83.6%, and 
74.0%, respectively) as revealed in Table 2.

The total retrieved PCR results were 440 cases: 213 of 
them were positive for COVID-19. The Positive predictive 

Table 1. Participant’s Characteristics and Risk Factors (n = 943).

Yes No

 n (%) n (%)

Sex
 Female 528 (55.99) -
 Male 415 (44.01) -
Job
 Employee 557 (61.55) -
 Faculty member 102 (11.27) -
 Nurse 37 (4.09) -
 Relative 194 (21.44) -
 Resident 15 (1.65) -
Contacted a case with 

respiratory symptoms
733 (77.73) 210 (22.27)

Visited a place with 
COVID-19 case

443 (46.98) 500 (53.02)

Working in healthcare or 
isolation area

441 (46.77) 502 (53.23)

Smoking 87 (9.88) 794 (90.12)
Pregnancy 12 (2.28) 515 (97.72)
Immunodeficiency diseases  

or drugs
29 (3.08) 914 (96.92)

Presence of comorbidities 313 (33.19) 630 (66.81)
 Hypertension 136 (14.42) 809 (85.58)
 Diabetes mellitus 109 (11.56) 834 (88.44)
 Cardiovascular diseases 44 (4.67) 899 (95.33)
 Chronic liver disease 13 (1.38) 930 (98.62)
 Pulmonary disease 58 (6.15) 885 (93.85)
 Chronic kidney disease 12 (1.27) 931 (98.73)
 Cancer 11 (1.17) 932 (98.83)
 Others 32 (3.39) 911 (96.61)

Figure 2. Frequency distribution of different recorded 
symptoms among COVID-19 suspected patients.
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value of phone triage was 48.4%. The classification and 
prediction accuracy achieved by the PCR-dependent and 
phone triage-driven deep learning model was 66%. While 
the positive predictive value was (70.5%) with a sensitivity 
and specificity of 67.4% and 63.9%, respectively (Table 2).

Discussion

The worrying trend of rapid transmission, sudden progres-
sion to critical illness, and death accompanied by the 
COVID-19 pandemic in presence of a broad spectrum of 
clinical presentations and non-specific initial symptoms of 
the infection led to a sharp increase in the numbers of 
patients seeking advice in hospitals and medical centers. 
So, there is an urgent need for a way that can help the com-
munity to overcome this epidemic and can triage the patients 
with maintaining the social distance.

Remote triage has many benefits; it reduces the work-
load on the medical team, reduces the travel burden, and 
improves resource utilization of emergency department ser-
vices. Within the current pandemic, it helps to apply social 
distancing which is the main preventive measure to limit the 
spread of COVID-19.1

In our experience, the family physicians (FPs) were able 
to provide effective phone triage, remote screening, and 
referral services. This triage is based on the symptoms as 
many epidemic screenings. We faced many calls unrelated 
to triage (to know clinics’ schedules, obtain test results, ask 
questions about medications or symptoms, and sick leaves). 
So, we continuously had to increase the number of physi-
cians per shift from 4 to 8 physicians to cope with increas-
ing calls. This led to reducing medical workload, and 
infection exposure and gave chance for patients in need to 
be properly managed.

Based on RT-PCR results of suspected patients on phone 
triage, it was found that more than half of those who did not 
complain of myalgia were negative for COVID-19 infec-
tion. It yields that the highest sensitivity and the highest 
negative predictive value were for myalgia among all the 
recorded symptoms. This high negative predictive value 
was also revealed in other studies reaching up to 80% in the 
study of Clemency et al.14

Despite being the most specific, loss of smell and/or 
taste was recorded only in one-third of cases with the least 
sensitivity among all the recorded symptoms, as anosmia 
and ageusia commonly appear late in the course of the ill-
ness. That goes hand in hand with the systematic review 
which assessed the diagnostic accuracy of signs and symp-
toms to determine if a person presenting to the clinical care 
setting has COVID-19. It showed that anosmia had a pooled 
sensitivity of 28.0% and a specificity of 93.4% while ageu-
sia had a pooled sensitivity of 24.8% and a specificity of 
91.4%.15

Despite being the second least common symptom, vom-
iting and diarrhea demonstrated high specificity second to 
loss of smell and/or taste. Clemency et al also revealed high 
specificity (74%) related to diarrhea.14

(RT-PCR)—the validated diagnosis of SARS-CoV-2 
infection—is expensive, and not easy to be conducted in all 
health services to find a proper and quick method for screen-
ing the patient before referral for PCR.16-18

In this study, out of the total 440 suspected cases sent for 
RT-PCR testing through the phone triage service, almost 
half showed positive results for COVID-19 infection yield-
ing a positive predictive value of 48.4% for the phone triage 
accuracy. While the use of RT-PCR-dependent and phone 
triage-driven deep learning model had been shown a posi-
tive predictive value of (70.5%). The accuracy achieved 

Table 2. Accuracy and Predictive Values of COVID19 Symptoms, Phone Triage, and Deep Learning Model.

Sensitivity (%) Specificity (%) AUC PPV (%) NPV (%)

Contacted a case with respiratory symptoms 75.1 15.9 0.46 45.7 40.4
Visited a place with COVID-19 case 45.2 43.6 0.44 42.8 46.0
Working in healthcare or isolation area 48.1 45.8 0.47 45.3 48.6
Fever 77.5 25.3 0.51 49.5 54.3
Cough 65.1 34.1 0.50 48.1 51.0
Sore throat 56.1 32.3 0.44 43.8 44.0
Vomiting or diarrhea 40.0 54.2 0.47 44.7 49.4
Myalgia 86.3 18.1 0.52 49.5 58.6
Loss of smell or taste 36.2 74.0 0.55 56.6 55.3
Smoking 8.3 83.6 0.46 32.7 48.9
Comorbidities 37.6 67.8 0.53 52.3 53.7
Immunodeficiency  4.3 96.9 0.51 56.3 51.9
Deep learning model 67.4 63.9 0.66 70.5 60.5
Phone triage service 48.4  

Abbreviations: AUC, area under the receiver operating characteristic (ROC) curve; PPV, positive predictive value; NPV, negative predictive value.
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through this model provides a base for larger studies and 
clinical implementations as it focuses on fundamental clini-
cal evidence that is present in the early stage of the disease. 
The study achieved its proposed aim to digitalize the patient 
histories received from phone triage using a patient history 
detailed checklist. Similar promising results have been pre-
sented in other studies as the study of Zoabi et al19 and 
Langer et al.20

The model automates triage with machine learning (ML) 
techniques and categorizes the patients through PCR-
dependent and phone triage-driven deep learning to mini-
mize workloads for primary care. To produce reliable 
predictive algorithms, AI requires large quantities of pro-
cessing data.21 Large amounts of data might not be available 
during the initial phases of outbreaks, which is possibly the 
period when the prediction is most needed. In addition to 
the amount of data, it is especially impossible to receive 
high-quality data. Several researchers have used special 
data forms to perform AI-driven functions, such as using 
only radiological images to diagnose COVID-19 exam-
ple.22,23 Thus, Attempts are required to move AI dependency 
from costly techniques to inexpensive and more easily 
available alternatives, such as chest X-rays, or just statistics 
on clinical symptoms and vital signs alone.24

Limitations and Strengths

To our knowledge to the current date few studies, if any, 
have compared the accuracy of phone triage to that of deep 
learning models in the diagnosis of positive COVID-19 
infection. Also, compared to other similar studies, the cur-
rent study has included a relatively large number of cases.

One of the limitations of the current study was the inabil-
ity to calculate sensitivity or specificity values for the phone 
triage results since not all the PCR testing results were 
available.

The Implication for Practice and Future 
Research

Finally using the deep learning models for symptoms 
screening will help to save the limited clinical resources for 
those who need more precise clinical judgment and follow 
up and will help to provide the proper medical care as early 
as possible for those at a higher risk of developing severe 
illness paving the way for a more efficient allocation of the 
scanty health resources.

Using the deep learning models in making diagnostic 
decisions may miss the clinical judgment in patients with 
multiple risk factors or those with a history of chronic pul-
monary diseases whose symptoms are similar to that of 
patients with COVID-19 infection increasing the percent-
age of false-positive results. So, future research may be 
needed to detect its accuracy in these patients.

Conclusion

Phone triage driven by a family physician can be effective 
in decreasing hospital visits, workloads, and ultimately 
COVID-19 infection exposure. Deep learning is a promis-
ing backup method for phone triage in screening COVID 
suspected patients. It has good accuracy that can help effi-
cient triage decisions and resource allocation.
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