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INTRODUCTION
The emerging public health emergency and the new challenges 
imposed by COVID-19 have configured a complex panorama1 
that has been requiring a set of coordinated actions and has 
innovation as one of its pillars. In particular, the use of digi-
tal tools plays an important role. The use of telemedicine was 
encouraged as an alternative form of care2. On the contrary, 
artificial intelligence (AI) tools can be of fundamental value. 
This encompasses a complex framework of sophisticated math-
ematical-computational models that allow the construction 
of algorithms to be used to emulate the realization of various 
human tasks, such as pattern recognition, problem-solving, and 
language processing3. There is an AI subarea called machine 
learning (ML), which offers the possibility of learning from 
experience gained with large databases collected and properly 
processed3. Several applications using ML have been proposed 

with very promising results4,5. In this context, in this study, we 
developed an application software that uses an ML risk model 
to estimate the probability of a diagnosis of COVID-19 based 
on clinical data. This application was made available for free 
on an online platform.

Application software
In this section, a summary of the system—registered with the 
Brazilian Institute of Intellectual Property—is presented. It 
consists of four steps: (1) symptoms, in which a user inputs 
the patient’s clinical data regarding symptoms; (2) radiography, 
an optional step, such that the user submits a frontal radio-
graph of the patient’s chest; (3) general information, such that 
this information is related to the patient’s demographic; and 
(4) an estimate, which presents a probability of a patient hav-
ing COVID-19.

1Universidade Federal Rural do Rio de Janeiro – Nova Iguaçu (RJ), Brazil.
2Serviços de Exames Ambulatoriais do Coração – Niterói (RJ), Brazil.
3Universidade do Estado do Rio de Janeiro – Rio de Janeiro (RJ), Brazil.

*Corresponding author: mederitomarques@gmail.com

Conflicts of interest: the authors declare there is no conflicts of interest. Funding: none.

Received on October 24, 2022. Accepted on January 20, 2023.

SUMMARY
OBJECTIVE: COVID-19 has brought emerging public health emergency and new challenges. It configures a complex panorama that has been requiring 

a set of coordinated actions and has innovation as one of its pillars. In particular, the use of digital tools plays an important role. In this context, this 

study presents a screening algorithm that uses a machine learning model to assess the probability of a diagnosis of COVID-19 based on clinical data.

METHODS: This algorithm was made available for free on an online platform. The project was developed in three phases. First, an machine learning 

risk model was developed. Second, a system was developed that would allow the user to enter patient data. Finally, this platform was used in 

teleconsultations carried out during the pandemic period.

RESULTS: The number of accesses during the period was 4,722. A total of 126 assistances were carried out from March 23, 2020, to June 16, 2020, 

and 107 satisfaction survey returns were received. The response rate to the questionnaires was 84.92%, and the ratings obtained regarding the 

satisfaction level were higher than 4.8 (on a 0–5 scale). The Net Promoter Score was 94.4.

CONCLUSION: To the best of our knowledge, this is the first online application of its kind that presents a probabilistic assessment of COVID-19 using 

machine learning models exclusively based on the symptoms and clinical characteristics of users. The level of satisfaction was high. The integration of 

machine learning tools in telemedicine practice has great potential.
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Before entering the phases described previously, a screen 
with general information about the system is first presented. 
Upon entering the platform link (Figure 1), the user accesses 
a home screen, which has an option to click to find out more 
information about the system (“Learn More” button), which 
brings information about what the project is, its motivations, 
and specifics about the programming part or start entering 
your clinical information (“Start” button).

Symptoms
By clicking on “Start,” the patient has access to a screen, in which 
he must select the symptoms he has had in the past 15 days.

Radiography
At this stage, the user sends a photo of the patient’s radiograph. 
This should be a frontal chest X-ray. The image can be taken 
from a smartphone or in its original format. Some procedures 
are informed so that more than one image is not placed in the 
photo and that it is taken close and vertically.

General information
On the subsequent screen, users must inform about gender, age 
(if over 60 years), and the presence of comorbidities and must 
also accept the terms and conditions and the privacy policy. If 
you click on “Previous,” the user is taken to the screen before 
the one he is browsing.

By clicking on “Analyze,” the system outputs the probabil-
ity that the patient in those conditions has the disease. Figure 2 

shows an example of a user aged 60 years, without comorbidi-
ties who presented symptoms of arthralgia, hyposmia, cough, 
fever, and chills. The tool indicated an 80% probability that a 
user with these clinical characteristics had the disease.

METHODS
The project was developed in three phases. First, a risk model 
was developed. Second, a system was developed which would 
allow the user to enter patient data. Finally, this platform was 
used in teleconsultations carried out during the pandemic period.

Phase 1: machine learning risk predictor
The ML risk predictor works from the patient’s symptom 
characteristics and, optionally, with imaging characteristics of 
their lung radiograph. The risk model constructed is based on 
a Bayesian model. In the case of radiography data entry, ML is 
used to predict pulmonary anomalies. The information used for 
building a risk predictor was obtained from scientific articles, 
such as the selection of the most common symptoms and the 
presence of other important clinical characteristics. Regarding 
radiography, a convolutional neural network is trained for learn-
ing anomaly lung features from images of a public radiography 
database6. Submitting the chest X-ray, however, is optional and 
was not considered in phase 3. The evaluation of the model’s 
performance was performed using a set of traditional metrics 
that include sensitivity, specificity, accuracy, and the area under 
the receiver operating characteristic curve (AUC).

Figure 1. Machine learning tool presentation screen. 

Source: https://tools.atislabs.com.br/covid.

https://tools.atislabs.com.br/covid


Souza Filho, E. M. et al.

3

Rev Assoc Med Bras. 2023;69(4):e20221394

Phase 2: online platform development
In this phase, we develop an online platform freely available at 
https://tools.atislabs.com.br/covid. This platform can be con-
sulted in both Portuguese and English. It allows the patient to 
report the symptoms presented in the last 15 days as well as their 
clinical data. It returns the probability of having the diagnosis 
of COVID-19. Probability value less than 50% was considered 
low probability, between 50 and 69% medium probability, and 
70% and above high probability. The platform does not solicit 
or store user registration information, nor does it collect infor-
mation from the devices or devices used to access the website 
and the application. However, the user is required to agree to 
its terms of use and privacy, which include the purpose of the 
tool, its limitations, and compliance with the General Data 
Protection Law. The authors declare no conflicts of interest. 
The study was conducted following the Declaration of Helsinki 
and followed ethical standards. 

Phase 3: use of the platform in 
teleconsultation service
The ML tool was tested under the “Seacor Digital” project from 
March 23, 2020 to June 16, 2020. The project’s idea was to help 
patients receive medical care from a distance in order to avoid 
unnecessary crowds, which was mainly due to the fear of many 
patients when seeking in-person care. Teleconsultations were 
carried out on a platform developed for this purpose and lasted 
30 min. If the physician felt the need, the patient was referred 
to the emergency room for immediate care or was instructed to 

carry out a face-to-face consultation. In addition, consultation 
with specialists was carried out, if necessary. If COVID-19 was 
suspected, the ML tool was used to estimate the probability of 
a diagnosis of the disease. Patients with other clinical suspicions 
received general guidance on COVID-19 and were instructed 
to use the ML tool in case of symptoms. Patients were invited 
to answer an anonymous survey to assess their satisfaction with 
the project. They were asked to evaluate five aspects of care: ease 
of scheduling; the professional’s interest in their health status; 
punctuality of the health professional; resolution of the main 
complaint by the professional; and access to the virtual room 
(on a scale of 0–5). In this survey, it was also asked how much 
(on a scale of 0–10) the patient would recommend the project 
to a friend or relative. This allowed the calculation of the Net 
Promoter Score (NPS). It was published in 2003 by Frederick 
Reichheld7. The idea is simple and consists of asking the cus-
tomer what grade he recommends the service of a particular 
company, on a scale of 0–10. A customer who gives a grade 
of 9 or 10 is called a promoter. Grade 7 or 8 was classified as 
neutral, and a score of 6 or below represents a detractor. The 
NPS is the result of the percentage difference between pro-
moters and detractors.

RESULTS
The tool was advertised on the main television channels in 
Brazil. The number of accesses in the period was 4,722 (16,400 
pageviews). In the “Seacor Digital” project, 126 assistances were 

Figure 2. Output screen with probability estimation.

Source: https://tools.atislabs.com.br/covid.

https://tools.atislabs.com.br/covid
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carried out and 107 satisfaction survey returns were received. 
Professional’s interest in their health status and resolution of the 
main complaint received the maximum grade, while all other 
items received a score of 4.83 (ease of scheduling), 4.85 (access), 
and 4.92 (punctuality of the health professional). There were 
101 promoters and 6 neutral. The NPS was 94.4 (Figure 3).

DISCUSSION
In the present study, a decision-support algorithm capable 
of evaluating the probability of a diagnosis of COVID-19 in 
patients with the suspected disease was developed. To the best 
of our knowledge, this is the first application of its kind that 
presents a probabilistic assessment of suspected disease using 
ML models exclusively based on the symptoms and clinical 
characteristics of users. The application of ML tools to esti-
mate the probability of a disease has been of great value not 
only within the scope of this study but also in several different 
clinical contexts. In addition, the tool developed here does not 
require the use of adequate information for additional exams 
and, as it is free, allows people to use it free of charge if they 
have access to the internet. The user’s exemption from filling 
in personal information such as name, telephone, and email, 
as well as the need to agree to the terms and conditions and 
the privacy policy add additional security concerning user ano-
nymization and the security of sensitive data, which aligns the 
needs of transparency and compliance8-10. 

In this context, the experience of applying the tool in a 
telemedicine context was very productive. The results obtained 

were very promising. The response rate to the questionnaires 
was 84.92%, and the ratings obtained were higher than 4.8. 
The worst grades were related to connectivity and access issues. 
Some important variables in this process may include issues 
related to infrastructure and digital literacy. Smith and Magnani 
highlighted that people harmed by the social determinants of 
health may face difficulties in accessing digital health owing to 
the lack of means to do so. They also reiterated that in addi-
tion to this access barrier, the lack of adequate literacy can 
contribute to difficulties in understanding the content11. On 
the contrary, the NPS achieved was high (94.4), which reflects 
a promoter score. Alismail et al., used NPS in an Outpatient 
Allergy and Pulmonary Clinic to evaluate its performance. They 
compared a Tablet-Based Tool (using NPS) and a Traditional 
Survey Method. The response rate was 37.9% (648 responses) 
versus 27% (156 responses). They both had similar outcomes 
regarding patient satisfaction. The NPS was also high and 
achieved 96%12. 

These experiences show that the use of NPS seems to have 
potential in a clinical context. Another merit of this study was 
the integration of ML tools in clinical practice since the tool 
could be tested in practice. The integration of algorithms into 
practice brings with it several challenges. In this context, this 
tool had the advantage of being conceived in such a way that 
it included an important intersection between the team that 
would be involved in carrying out the telemedicine care and the 
development team, which certainly contributed to its improve-
ment. Taha et al., pointed out that telemedicine care can achieve 
the same status as face-to-face consultations from a quality 
point of view13. Despite this, it is important to emphasize that 
the study had noteworthy limitations. The first one is that the 
developed tool was validated in a context with a small num-
ber of patients in a retrospective study. The pandemic indeed 
posed severe difficulties for research, whether from a budgetary 
point of view or regarding its performance per se; however, it 
is important to increase the number of patients. Furthermore, 
validation takes place in a single center, which certainly raises 
the need for validation in other contexts. 

CONCLUSION
Our study developed an online platform for screening patients 
with suspected signs and symptoms of a disease caused by 
COVID-19. This tool performs an automated calculation of 
infection risk probability using an ML algorithm after the user 
has entered the requested clinical information. It was used suc-
cessfully in a telemedicine project during the pandemic. The 
results obtained were very promising (NPS=94.4). Despite the Figure 3. Evaluation of five aspects of care and Net Promoter Score.
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various challenges present in the digital ecosystem, we believe 
that the integration of ML tools in telemedicine activities can 
bring important benefits to patients and contribute to the gen-
eration of value in the health chain.
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