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ABSTRACT: Objective: To analyze the underdiagnosis of  COVID-19 through nowcasting with machine learning 
in a Southern Brazilian capital city. Methods: Observational ecological design and data from 3916 notified 
cases of  COVID-19 from April 14th to June 2nd, 2020 in Florianópolis, Brazil. A machine-learning algorithm 
was used to classify cases that had no diagnosis, producing the nowcast. To analyze the underdiagnosis, the 
difference between data without nowcasting and the median of  the nowcasted projections for the entire period 
and for the six days from the date of  onset of  symptoms were compared. Results: The number of  new cases 
throughout the entire period without nowcasting was 389. With nowcasting, it was 694 (95%CI 496–897). 
During the six-day period, the number without nowcasting was 19 and 104 (95%CI 60–142) with nowcasting. 
The underdiagnosis was 37.29% in the entire period and 81.73% in the six-day period. The underdiagnosis 
was more critical in the six days from the date of  onset of  symptoms to diagnosis before the data collection 
than in the entire period. Conclusion: The use of  nowcasting with machine learning techniques can help to 
estimate the number of  new disease cases.
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INTRODUCTION

The World Health Organization has reported more than 10 million cases of  SARS-CoV-2 
infection and 500,000 deaths1, a significant part of  which have occurred in Brazil. According 
to the Brazilian Ministry of  Health, the country has reached more than 1,3 million cases and 
58,000 deaths2, which is aligned with the Imperial College London prediction of  a higher 
number of  deaths caused by COVID-193. Brazil has the highest number of  deaths among 
the Latin American countries4. The Lancet has dedicated, recently, an editorial to the polit-
ical-sanitary disaster that soars the country5. Despite the already alarming numbers, the 
editorial5 and other studies6-11 have drawn attention to the possibility of  a large number of  
underdiagnosed cases. One of  the causes of  underdiagnosis is the low testing rate in indi-
viduals with suspected cases: 4.71 tests for a thousand habitants12. This rate is much lower 
than in countries like Iceland (184.11), United States (66.76), Chile (30.01), and South Africa 
(16.34)12. Addressing underdiagnosis is essential so that appropriate actions can be taken to 
stop the progression in the number of  deaths in the country13.

Many countries are using a combination of  containment and mitigation activities to 
stem the progression of  SARS-CoV-2 and thus, manage the demand for hospital beds14. Non-
pharmacological measures have been shown to be effective in controlling the transmission 
of  COVID-1915-19. They can reduce the impact on the healthcare system, giving managers 
time to properly organize the system. These measures also reduce the need for hospital-
ization by other conditions that could compete for beds with SARS-CoV-2 infections20. In 
addition, they increase the chance that a substantial number of  people avoid being infected 
until a treatment option and a vaccine are developed.

In outbreak situations, in which rapid changes are common, the actual number of  infected 
cases must be closely monitored. Incidence variations produced by a suboptimal testing capacity 

RESUMO: Objetivo: Analisar o subdiagnóstico da COVID-19 por meio de nowcasting com machine learning em uma 
capital do sul do Brasil. Métodos: Estudo ecológico observacional utilizando dados de 3.916 casos notificados de 
COVID-19 de 14 de abril a 2 de junho de 2020 em Florianópolis, Brasil. O algoritmo de machine learning foi usado 
para classificar os casos que ainda não tinham diagnóstico, produzindo o nowcasting. Para analisar o subdiagnóstico, 
foi comparada a diferença entre os dados sem nowcasting e a mediana das projeções com nowcasting para todo 
o período e para os seis dias a partir da data de início dos sintomas. Resultados: O número de novos casos sem 
nowcasting durante todo o período foi de 389, com nowcasting foi de 694 (IC95% 496–897). No período de seis dias, 
o número sem nowcasting foi de 19 e 104 (IC95% 60–142) com nowcasting. O subdiagnóstico foi de 37,29% em todo 
o período e 81,73% no período de seis dias. O subdiagnóstico foi mais crítico em seis dias, desde a data do início 
dos sintomas até o diagnóstico antes da coleta de dados, do que em todo o período. Conclusão: O uso de nowcasting 
com técnicas de machine learning pode ajudar a estimar o número de novos casos da doença.
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should be distinguished from the real cases variation during the monitoring process13. If  the 
number of  individuals notified as suspects is much higher than the testing capacity at the present 
time, this difference can cause an underdiagnosis of  the current cases. Data about pathogens 
transmissibility and exposed population susceptibility, population density, and demographic 
characteristics of  the affected population, besides the temporal and spatial distribution of  cases 
and population mobility, can contribute to the correction of  such artefacts21. 

The natural history of  the disease, on the other hand, is an important factor in deter-
mining the optimal case count update in frequency monitoring. Rapidly progressing dis-
eases like COVID-19 require daily updates, while monthly updates may be sufficient for 
other diseases with slower progression, such as HIV/AIDS. A frequent analysis may also 
be necessary in times when transmissibility is expected to be changing, for example, when 
control actions are initiated, enhanced, or stopped21. 

Nowcasting approaches try to estimate the number of  a given event in the present13,15,22. This 
strategy has been used to improve surveillance of  infectious diseases like AIDS23,24, cholera25, 
influenza infections13,26, and recently, COVID-193,8,17,20,22,27. Nowcasting techniques, in general, use 
time-series predictions28-30. Recent advances in machine learning techniques offer opportunities to 
fine-tune epidemic behavior nowcasting21. The main objective of  machine learning techniques is 
to produce a model that can be used to classify, predict, or estimate a phenomenon. This approach 
is useful in several applications in biomedical research31-37, including concerning COVID-1938,39. 

Monitoring the impact of  non-pharmacological actions is essential to optimize the allo-
cation of  scarce resources in non-high-income-countries, like Brazil21. In these countries, 
the maintenance of  long quarantine periods is even more challenging due to a deficient 
social protection system, the economic vulnerability of  the population, and the large por-
tion of  people acting as informal workers. No single set of  interventions is appropriate to 
all contexts owing to the combination of  these factors with the climatic, demographic, and 
organizational issues of  each country15. Thus, monitoring in near real-time should be a key 
part of  the strategy to couple with SARS-CoV2 infections. Among the challenges for timely 
monitoring are delays in providing medical care after the onset of  symptoms and delays in 
diagnosis13. It is plausible to assume that these challenges are even greater in non-high-in-
come-countries that have healthcare systems that are not widely available to the population.

To help overcome this challenge, the present study aimed to analyze the underdiagnosis of  
COVID-19 cases through nowcasting with machine learning in a Southern Brazilian capital city.

METHODS

ETHICAL CONSIDERATIONS

This project was submitted to the Human Research Ethics Committee at the Federal 
University of  Santa Catarina to guarantee compliance with Resolution N°. 466/2012 of  the 
National Health Council of  Brazil. The research project was approved. We used secondary 
and anonymized databases only.
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STUDY DESIGN

The present study has an observational ecological design, using data from notified cases of  
COVID-19 from the Health Department of  Florianópolis, capital of  the State of  Santa Catarina, 
in southern Brazil, from April 14th to June 2nd, 2020. Florianópolis has 500,973 inhabitants40 
and is administratively divided into 49 health regions41. The health regions correspond to the 
areas covered by each primary health care unit. Detailed demographic data (total population 
and population by sex, education, income, race/skin color, and age) for each of  the 49 health 
regions of  Florianópolis were made available by the Health Department of  Florianópolis and 
can be accessed at: https://github.com/lpgarcia18/underdiagnosis_of_covid_19_cases_in_
brazil/tree/master/dados/demografia. The median time from the onset of  COVID-19 symp-
toms to notification is three days; as well as the time from notification to test result availability 
in the city (unpublished data, provided by the Public Health Department of  Florianópolis).

We used the random forest42 machine learning algorithm to classify the notified cases which 
still did not have a diagnosis, producing the nowcast. To analyze the underdiagnosis, we compared 
the difference between data without nowcasting and the median of the nowcasted projections for 
the entire period of analysis and for the period from May 28th to June 2nd, 2020. The latter corre-
sponds to the six days from the onset of  symptoms to diagnosis at the moment of data extraction.

DEFINITION OF SUSPECTED AND CONFIRMED CASES

Notification of  suspected cases of  COVID-19 within 24 hours is mandatory in Brazil38. 
As of  April 14th, 2020, Florianópolis adopted the same COVID-19 notification criteria as the 
Brazilian Ministry of  Health: fever accompanied by cough, dyspnea, runny nose, or sore 
throat43. The cases have been confirmed by real-time reverse-transcriptase-polymerase-chain-re-
action (RT-PCR), serological tests, or clinical-epidemiological criteria.

DATA SOURCE AND VARIABLES

Three data sources for the nowcasting were used, all from the Public Health Department 
of  Florianópolis: 

1. anonymized database of  suspected and confirmed cases of  Florianópolis residents; 
2. demographic data for the 49 health regions; and 
3. traffic data, as a proxy for the mobility of  people in the municipality.

The following variables were extracted from an anonymized database of  suspected and 
confirmed cases: 

I. diagnostic (confirmed, ruled out, or missing), 
II. sex, 

https://github.com/lpgarcia18/underdiagnosis_of_covid_19_cases_in_brazil/tree/master/dados/demografia
https://github.com/lpgarcia18/underdiagnosis_of_covid_19_cases_in_brazil/tree/master/dados/demografia
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III. age (in years), 
IV. age groups (under 10 years, from 10 to under 20, from 20 to under 40, from 40 to 

under 60, from 60 to under 80 and over), 
V. race (white and not), 
VI. date of  birth, and 
VII. onset of  symptoms.

The number of  infected people (with a positive diagnosis and less than 14 days of  symp-
tom onset) and the rate of  infections per 100,000 inhabitants were calculated for the health 
regions where each notified person resides. In addition, the following demographic data 
from these regions were included in the analysis: 

I. the total number of  inhabitants and the number by sex, 
II. the number of  persons aged 1 year old, 2 years old, and so on up to 100 years old or more, 
III. the number of  people by race (white, black, yellow, brown, indigenous, and ignored), 
IV. the number of  people by years of  schooling (from 1–17 years completed or more, in 

addition to literate, non-literate, literate through youth and adult literacy programs, 
and uninformed schooling), 

V. total income per household, average income of  households, total income of  heads 
of  households, average income of  heads of  households, total income per person, and 
average income per person. The proportion of  male people, people aged 60 years 
old or over, people of  non-white race, and people with 10 or less schooling time was 
calculated as possible indicators of  vulnerability.

The average daily traffic in four important avenues in the city was used as a proxy for 
people’s mobility in the city. We assumed there is a lag between increased mobility and per-
ception of  an increase in the number of  cases, so we used the average traffic of  the day and 
the average daily traffic lagged until the thirteenth day of  the onset of  symptoms for the 
notified cases. There was no imputation for missing data.

DESCRIPTIVE ANALYSIS

To compare the characteristics of  people with a confirmed and a ruled out diagnosis of  
COVID-19, t-test was used for continuous variables and χ² for categorical variables, adopt-
ing the p<0.05 as a threshold of  statistical significance.

COVID-19 INCIDENCE NOWCASTING WITH RANDOM FOREST

We used the random forest to carry out the nowcasting. The database was initially divided 
into the training-validation-test database, formed by cases whose diagnosis (confirmed or 
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discarded) was known; and the prediction database, which had no diagnosis. The train-
ing-validation-test database was then divided into a training-validation database and a test 
database, using 70 and 30% of  the data, respectively.

The training-validation database was undersampled to improve the sample’s balance as 
the number of  cases ruled out was much higher than the number of  cases confirmed. The 
undersampled training-validation database was used to perform feature selection and hyperpa-
rameter tuning in nested cross-validation with five folds in the inner and outer loops. Feature 
selection and hyperparametrization were performed simultaneously in the inner loop. The 
following hyperparameters and ranges were established: number of  trees (100–2000), mtry 
(1–50), minimum node size (1–10), sample fraction (0–1), and percentage of  features selected 
(0.2–1). Random search to select the hyperparameters seeking to maximize accuracy was used.

We analyzed the training and validation results. The model with the best fit was used 
for classification in the test database. The test database was not submitted to undersam-
pling reflecting the prediction database as close as possible. Finally, the cases were classified 
as confirmed or discarded, based on the predictions.

We repeated the resampling of  the databases, the training, and the testing of  the algo-
rithms 1000 times to determine the 95% Uncertainty Intervals (UI), the median of  accuracy, 
sensitivity, and specificity, in addition to the final classification of  cases.

The underdiagnosis was analyzed by the difference between the median of  the number 
of  cases predicted by the model (incidence with nowcasting) and the number of  cases diag-
nosed by the Public Health Department of  Florianópolis (incidence without nowcasting). This 
analysis was carried comparing the entire period and the period from May 28th to June 2nd, 
2020. The number of  cases was also smoothed by a LOESS44 regression and the cumulative 
number, without and with nowcasting, were presented graphically by day of  symptom onset.

All analyzes were performed using the software R v.3.6.3. Scripts and databases are 
available at: https://github.com/lpgarcia18/underdiagnosis_of_covid_19_cases_in_brazil

RESULTS

During the analysis period, 3916 individuals residing in Florianópolis were reported as 
suspected cases of  COVID-19. Among all notified individuals, 603 had a positive diagnosis, 
2413 had a negative diagnosis, and 900 still did not have a diagnosis. The association of  indi-
vidual characteristics, health regions, and mobility of  people with confirmed or discarded 
cases can be seen in Table 1.

There was an apparent positive correlation between the mtry and the percentage of  
selected features. The mtry defines the number of  variables randomly sampled as candi-
dates in each split in the random forest. The percentage of  selected features keeps a certain 
percentage of  the most important variables. Thus, it is likely that after the random choice 
of  variables performed by the mtry, the percentage of  selected resources acted to cause a 
higher prevalence of  high-importance variables.

https://github.com/lpgarcia18/underdiagnosis_of_covid_19_cases_in_brazil
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Features
Positive 
(n=603)

%
Negative 
(n=2413)

%
Total 

(n=3016)
% p-value

Individual Notification Characteristics

Average date of 
symptom onset 
(SD of date 
in days)

2020-04-22 
(24.5)

2020-04-29 
(17.4)

2020-04-28 
(19.2)

<0.001

Average date of 
suspected case 
notification (SD 
of date in days)

2020-05-10 
(13.7)

2020-05-06 
(13.5)

2020-05-07 
(13.6)

<0.001

Gender

Female 306 50.7 1,369 56.7 1,675 55.5
0.008

Male 297 49.3 1,044 43.3 1,341 44.5

Race/skin color

Black 35 5.8 127 5.3 162 5.4

0.025

Brown 36 6.0 77 3.2 113 3.7

White 503 83.4 2,079 86.2 2,582 85.6

Yellow 29 4.8 129 5.3 158 5.2

Missing – – 1 0.0 1 0.0

Age

Mean (SD) 40.7 (17.2) 37.6 (18.7) 38.2 (18.5) <0.001

Age group

Less than 10 17 2.8 214 8.9 231 7.7

<0.001

10–20 30 5.0 116 4.8 146 4.8

20–40 264 43.8 1,039 43.1 1,303 43.2

40–60 206 34.2 765 31.7 971 32.2

60–80 74 12.3 226 9.4 300 9.9

More than 80 12 2.0 53 2.2 65 2.2

Health territory characteristics

Population

Mean (SD)
17,357.4 

(10,731.0)
15,338.4 
(8,993.6)

15,742.1 
(9,399.7)

<0.001

Table 1. Association between individual characteristics, health territory characteristics, and social 
distancing and positive and negative cases of COVID-19 in Florianópolis, Santa Catarina, Brazil.

Continue...
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The group of  individuals with a positive result for SARS-COV-2 had an earlier symptom 
onset date and later notification dates than individuals with negative results. There was also 
a difference regarding the distribution according to sex and race between the two groups. 
The average age among confirmed cases was higher than among cases ruled out. There was 
a heterogeneous distribution of  confirmed and ruled out cases among the 49 health regions 
in the municipality. The average number of  confirmed cases was higher in regions with a 
higher age average, proportion of  women, average level of  education, income, and white 
people. Most positive cases were observed after seven days of  a higher car traffic average.

The classification algorithm showed an accuracy of  0.91 (95%CI 0.83–0.97) in the train-
ing database, 0.66 (95%CI 0.62–0.69) in the validation, and 0.66 (95%CI 0.62–0.69) in the test 
database. The algorithm’s sensitivity was: 0.91 (95%CI 0.83–0.98) in the training database, 
0.65 (95%CI 0.61–0.69) in the validation, and 0.65 (95%CI 0.57–0.79) in the test database. 

Table 1. Continuation.

SD: standard deviation.

Features
Positive 
(n=603)

%
Negative 
(n=2413)

%
Total 

(n=3016)
% p-value

Male proportion

Mean (SD) 0.92 (0.06) 0.93 (0.05) 0.93 (0.06) <0.001

Infected people

Mean (SD) 19.0 (8.6) 16.6 (10.1) 17.06 (9.9) <0.001

Rate of infected people

Mean (SD) 154.5 (137.1) 141.9 (146.5) 144.4 (144.7) 0.054

Percentage of people over 60 years of age

Mean (SD) 0.16 (0.06) 0.14 (0.05) 0.14 (0.06) <0.001

Percentage of people with less than 10 years of schooling time

Mean (SD) 0.6 (0.06) 0.6 (0.06) 0.6 (0.06) <0.001

Non-white race percentage

Mean (SD) 0.16 (0.10) 0.17 (0.10) 0.16 (0.10) 0.045

Mean per capita income

Mean (SD)
R$ 3,685.69

(R$ 1,898.76)
R$ 3,040.96

(R$ 1,609.68)
R$ 3,169.86

(R$ 1,690.92)
<0.001

Social distancing

Traffic average lag 13 days

Mean (SD)
12,217.4 
(6,658.9)

10,462.3 
(5,032.1)

10,813.2 
(5,440.9)

<0.001



UNDERDIAGNOSIS OF COVID-19

9
REV BRAS EPIDEMIOL 2021; 24: E210047

The algorithm’s specificity was: 0.91 (95%CI 0.82–0.97) in the training database, 0.66 (95%CI 
0.61–0.70) in the validation, and 0.66 (95%CI 0.60–0.71) in the test database. 

The incidence without nowcasting throughout the entire period was 389 new cases. 
With the nowcasting, it was 694 (95%CI 496–897). From May 28th to June 02nd, 2020, the 
incidence without nowcasting was 19 new cases and 104 (95%CI 60–142) with nowcasting. 
Thus, the underdiagnosis was 37.29% in the entire period and 81.73% in six days from the 
date of  onset of  symptoms to diagnosis at the moment of  data extraction. The difference 
in the progression of  new cases with and without nowcasting can be seen in Figure 1.

DISCUSSION

COVID-19 data analysis represents a challenge for statisticians and epidemiologists in 
non-high-income-countries due to the magnitude of  underreporting45. Even so, the number 

Figure 1. Evolution of the number of new cases of COVID-19 without nowcasting and with 
nowcasting. (A) Number of cases per day of symptom onset; (B) LOESS regression of the number 
of cases per day of symptom onset. (C) Cumulative number of cases per day of symptom onset. 
Key: the shaded area corresponds to the 95% uncertainty interval.
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of  COVID-19 cases has grown rapidly in Brazil, and today the country has the second larg-
est number of  cases in the world12. The city of  Florianópolis had, so far, 1686 confirmed 
cases and 14 deaths caused by SARS-CoV-22. At the time of  this research, the epidemic in 
Florianópolis reflected the pattern of  virus introduction in Latin America. Infections occurred 
first in people with higher income, who had traveled to countries where the virus was already 
present. Thus, a higher average of  confirmed cases was observed in health regions with a 
greater number of  white-skinned people, with higher income and schooling levels. Higher 
car traffic rates days before the onset of  symptoms were also associated with confirmation 
of  the reported cases. This corroborates evidence regarding the importance of  social dis-
tancing to reduce the transmission of  SARS-CoV-2. In a study carried out in Canada, for 
example, a social distancing strategy reduced the number of  cases and the transmission of  
SARS-CoV-2, causing reduced intensive care units admissions and deaths46. 

Maintaining strict social distancing measures for long periods, however, may not be sus-
tainable. These restrictions have already caused a slowdown in the world economy47. Research 
in non-high-income-countries shows an average 70% fall in income and a 30% decrease in 
consumption expenses46. Strategies that combine more restrictive periods with periods of  
relaxation have been identified as ideal for countries with few resources48. Alternating periods 
of  greater social contact restriction of  with periods of  relaxation, but with an intensification 
of  testing, isolation of  people infected, contact tracing, and protection of  vulnerable people, 
can allow people to have some social contact again economic production to be resumed48. 

Florianópolis has carried out more than 10,000 tests so far50, which is more than 20 tests 
per a thousand inhabitants, more than four times the national average. Even with this greater 
number of  tests, which should reduce the impact of  underdiagnosis in the municipality, 
it is possible to observe a great disparity between the number of  new cases confirmed by 
the municipality and the one predicted by the nowcasting. The underdiagnosis was more 
important in the proximal period of  analysis. This shows how significant underdiagnosis is 
in the six days between the date of  onset of  symptoms and the date of  diagnosis before data 
collection. Underdiagnosis, probably produced by a mismatch between the onset of  symp-
toms and the time of  testing, may interfere with the current estimate and future projections 
of  disease incidence. In this context, the use of  machine learning techniques can be helpful 
to enable adequate monitoring of  the number of  new cases and better decision making50.

The algorithm performed better in detecting negative cases (specificity) than positive 
cases (sensitivity). In this sense, a greater number of  false positives are expected compared to 
false negatives, and the interpretation of  nowcasting should take this into account. A greater 
amount of  individual data, such as data related to symptomatology, can improve model sen-
sitivity. Besides, the association of  SARS-CoV-2 infection rates with climate issues has been 
described51,52. The introduction of  these data may also be useful and should be considered 
in future studies. The possible interaction between the mtry and the percentage of  selected 
features needs to be better understood in future analysis. For future studies, other ensem-
ble tree classifiers – such as XGBoost or Gradient Boosted Trees – could, also, be used as 
well as Bayesian models suitable for mixed data. Benchmarking could be used to evaluate 
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the robustness of  the chosen solution. Stationariness analyses of  cases could bring pieces of  
evidence on the adequacy of  the six-day window from the onset of  symptoms and should 
be evaluated in other studies as well. In conclusion, the present study demonstrated an 
underdiagnosis of  COVID-19 cases in Florianópolis. The underdiagnosis was more signif-
icant in the period of  six days before data collection than in the entire period, correspond-
ing to a monitoring artifact probably caused by a greater notification capacity compared to 
testing. An adequate and timely estimate of  new cases is essential to monitor the number 
of  reproductions and decision-making in the face of  the epidemic. The use of  nowcasting 
with machine learning techniques can help to estimate the number of  new disease cases. A 
huge amount of  new information about the COVID-19 pandemic is produced daily. Its use 
in improving health surveillance should be supported by the reformulation of  prediction 
models as evidenced by this study.
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