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Summary
We fitted a simple OLS with a time trend using data from other countries to forecast the short-term
increase in total cases of the novel coronavirus in Brazil. In addition to providing good estimates at
the onset of the epidemic, this strategy also showed increasing accuracy since its implementation in
mid-March.

1. Introduction
Forecasts of the novel coronavirus (COVID-19) have been a pressing demand both on public policy as on the
private perspective since the outbreak spread across the globe, with a renewed sense of urgency when the
first infected person has been identified in Brazil by late February. At IAM, portfolio managers and analysts
needed an accurate yet timely sense of how the situation would evolve in order to make reasoned decisions
and keep track of the potential impact on both economic and financial variables.
We first resorted to the now well-known SIR (Susceptible-Infected-Recovered) model as an attempt to handle
the task. Despite its usefulness in understanding relevant aspects of the epidemiological cycle the model proved
to be not suitable for short-term predictions, largely because many real-life factors – such as governmental
intervention, self-quarantine, etc – could easily dampen that nice bell-shaped curve which comes out from
the simplest version of the model. In addition, we were aware that under-reporting might play a big role in
deviating the generated path from official releases – and we were ultimately interested in the later.
For those reasons, we soon realized that a more flexible and linked-to-reality model would likely perform
better. Besides, at that time Brazil was stepping into the early days of the epidemic curve so that no more
than a handful of observations were available to estimate any single parameter. Therefore we started looking
for patterns stemming from other countries which were already a couple of weeks ahead in this process. This
search brought about some interesting clues. In particular, we noticed that for several countries the daily
increase in cumulative cases was very noisy up to the second week following the first confirmed case, but then
it seemed to decrease slowly – though not steadily – as a function of time. So if we were able to estimate the
parameters of this curve we could obtain future values for Brazil.
Of course that reasoning assumed the daily increase in total cases for Brazil would on average resemble the
path of a given country or a pool of countries (if we used a panel regression) – not a very strong assumption,
especially if we consider the lack of data. In this regard, we decided to rule out countries which did not appear
to be reasonable benchmarks such as China and South Korea since they have controlled the situation very
quickly. Two countries were seemingly good candidates back then: Iran and Italy. Both of them shared the
pattern described above. Furthermore, expectations were that tougher actions would be implemented only
progressively. In the end of the day, this strategy was meant to buy us time until a larger sample for Brazil
was available. Surprisingly, it turned out that this methodology kept outperforming competing strategies we
have tested so far.
∗ Quantitative
† Head

1

Research Analyst at IAM
of Quantitative Research at IAM

This note is intended to describe in more detail the steps taken to produce the short-term (1-7 days ahead)
forecasts of the daily increase in total cases of Covid-19 for Brazil. The model outlined in the next section is
part of our toolkit to assess the novel coronavirus evolution, which includes a structural model for longer
periods. It should be seen as a work in progress and due to the challenging nature of this task this model will
be updated oftenly, so we strong recommend that some judgment be made whenever using this model for
later periods.
Acknowlegdments: we thank the IAM Quantitative Research team, as well as Diogo Guillen and Felipe
Tamega for their useful comments.

2. Methodology
Before proceeding to the model it is worth illustrating our initial guess in a more comprehensive way. Figure
1 below shows the daily increase in total cases for a large set of countries. The first thing to note is that, as
we pointed out earlier in the introduction, this could be seem as a decreasing function of time. Secondly, our
choice for Iran and Italy as benchmarks proved successful since Brazil has followed closely their paths. In
fact, as we started producing our forecasts by March 17 we did not have any clue whether this would happen
or not – the red line on the plot was completely unknown except for a couple of points.
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Figure 1: Daily increase in total cases
So how have we been using the information from these countries to produce our forecasts for Brazil? Firstly,
we estimate the curve above using a simple OLS regression. We chose to model each country separately since
we could assess each path and eventually discard the one performing worse.
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Let rt be the daily increase in total cases in period t and i = [Italy, Iran]. Then,
log(rit ) = β0 + β1 ti

(1)

Consider Ct the number of total cases in period t. Thus the total cases in Brazil for t + 1 is given by:
Ct,t+1



rˆit
= Ct × 1 +
100

(2)

ˆ0 +βˆ1 ti

where rˆit = eβ

Hence the path computed in t for t + k, k = 1, 2, 3, 4, ..., T is given by:
Ct,t+k = Ct ×

k 
Y
t=1

rˆit
1+
100



(3)

Note that we can use the fitted values from Equation 1 to obtain rˆit as long as t + k is available in the sample
of the country i. For a longer period not yet reached by the country i, we can easily make forecasts of rˆit
since the only co-variate is t – the time in days after the hundredth confirmed case.

3. Results
3.1 Model estimates
We used daily data on Covid-19 confirmed cases from the European Centre for Disease Prevention and
Control. At the time, we found this source to be the most reliable dataset both because of the large number
of countries covered and regular updates. Table 1 shows the coefficient estimates of Equation 1 with data
until April 18. These coefficients evolved differently over time and of course we kept updating the estimates
as sample size grew larger.
(Intercept)
t
N
R2

Italy
4.05 ***
(0.07)
-0.06 ***
(0.00)
55
0.95

Iran

3.79 ***
(0.11)
-0.06 ***
(0.00)
52
0.86

*** p < 0.001; ** p < 0.01; * p < 0.05.

3.2 Predictions and accuracy
rˆit
We used the fitted values from our model to compute 1 + 100
for each time t and country i. Table 2 shows
these numbers for two consecutive days. To produce forecasts, we plugged these values into expression (3)
taking into account the time period t in Brazil.
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Country

Date

t=1

t=2

t=3

t=4

t=5

t=6

t=7

t=8

Iran
Italy
Iran
Italy

2020-03-16
2020-03-16
2020-03-17
2020-03-17

1.73
1.49
1.72
1.50

1.65
1.47
1.64
1.47

1.58
1.44
1.57
1.44

1.51
1.42
1.50
1.42

1.45
1.39
1.45
1.39

1.40
1.37
1.40
1.37

1.35
1.35
1.35
1.35

1.31
1.33
1.31
1.33

Let us suppose we are on march 16 (three days after the 100th case in Brazil) and we wish to compute the
path for the next three days. Thus we need t = 4, 5 and 6 as well as C3 = 235. We dubbed Iran-like and
Italy-like the forecasts for Brazil based on the values from these countries. For example, the Italy-like path
produced on march 16 is:
• March 17: 235 × 1.42 = 334
• March 18: 235 × 1.42 × 1.39 = 464
• March 19: 235 × 1.42 × 1.39 × 1.37 = 635
As we re-estimate our parameters and observe the actual value of our target variable, a new path always
replaces the previous one. This is a necessary step since the actual value is carried along the entire path. The
figure below presents the set of paths generated from march 16 onwards.
Forecast paths vs. Confirmed cases of COVID−19 in Brazil
solid lines = predicted path at Date−1
points = realized values at Date
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Figure 2: Forecast paths vs. Confirmed cases of COVID-19 in Brazil
We evaluated performance by computing the overall mean percentage absolute error for one up to sevensteps-ahead forecasts from March 17 to April 17 (Figure 3). At first glance, the results look good for a couple
of days ahead – mainly when we consider the Iran-like model – but not so appealing for longer horizons.
However, one must keep in mind these predictions rely solely on data from other countries and this strategy
was designed to deal with the early days of the epidemic in Brazil.
Moreover, Figure 4 makes clear that forecasts improved over time. The first thing to note is that both
models produced good one-step-ahead forecasts since the beginning. For longer horizons, the Iran-like model
delivered fairly stable accuracy, while the Italy-like model surprisingly improved over time. As of mid-April
the Italy-like model achieved great accuracy with MAPE ranging from 2.4% to 4.75% within the considered
horizons. This outcome suggests that epidemic in Brazil went through different phases, each one resembling
more or less either Italy or Iran. These swings are likely to remain, so we are very confident that relying on
multiple scenarios may be a better choice.
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Figure 3: Overall Mean Absolute Percentage Error
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4. Concluding remarks
We fitted a very simple OLS with a time-trend using data from two countries – Italy and Iran – to obtain
short-term forecasts for COVID-19 total cases in Brazil. This strategy proved successful in providing reliable
results when no more than a handful of observations from our target variable was available. Furthermore, it
showed increasing accuracy over time with current performance comparable to that of more sophisticated
models – see for example Medeiros, Street, Valladão, Vasconcelos and Zilberman (2020). Besides, the path
followed by Brazil since the onset of the epidemic was not homogeneous but swang from periods which looked
more like Iran to periods more Italy-like. These swings are likely to happen so that relying on multiple
scenarios may be a better choice. Nevertheless, it is a work in progress and we continue our efforts to improve
further these forecasts. Our research now aims at building hierarchical forecasts from the state-level data
both for the short and medium-term – the later making use of our structural model.
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