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1Instituto de Engenharia, Ciência e Tecnologia, Universidade Federal dos Vales do Jequitinhonha e Mucuri
Avenida Um, 4050, Cidade Universitária, Janaúba, 39447-814, MG, Brasil
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Abstract. The Imperial College was responsible for the firsts forecasts for covid-19 propagation, in the early
stages of the pandemic. Their study had a positive effect in the British Lockdown and it may have saved many
lives. Besides the Imperial College study, many other studies were proposed based on different approaches. Some
models have projected much more deaths than we have observed, while others have projected much less. There
are plenty reasons to explain why the model can fail, it can be caused by bad data, virus mutation, health care
system collapse, and others. One strategy to reduce the error in the propagation forecast is to combine different
approaches. In this work, we are going to present error analysis for the forecast of covid-19 propagation based on
autoregressive models (such as ARIMA and SARIMA models) and compartimental models (such as SIR model
and variations) and how the forecast can be improved by the combination of these two approaches.
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1 Introduction

Since the emergence of covid-19 many models for the pandemic forecast have been proposed. In the fist
month of the pandemic, one Imperial College’s study predicted thousand hundreds deaths could happen, if nothing
would made to decrease the epidemic effectiveness[1]. Nowadays, we have seen all sort of models, based on the
most varied approaches. Among them there are models based on compartimental models, like SIR (Susceptible -
Infected - Recovered) and variations [2]. That consists of a set of differential equations to describe the epidemic
evolution. Another approach that can be used for covid-19 forecast is autoregressive models, such as ARIMA and
SARIMA [3]. Autoregressive models are representations to describe future events of random variables based on
time varying process, including for example, the effect of the moving average.

In this work, we are going to explore some features related to covid-19 forecast, using autoregressive models
and compartimental models. In Section 2, we present the forecast models that we used. In Section 3, we present
our data set of analysis, that is based on the number of infected people in the first year of the pandemic in Brazil.
In Section 4 we present our results, where we evaluate the mean absolute percentage error (MAPE) for different
situations. In Section 5, we present our final considerations.

2 Methodology

The covid-19 forecast simulation were made using SARIMA (Subsection 2.1) and SIRF (Subsection 2.2).
And to evaluate the forecast error we used the mean absolute percentage error (MAPE) (Subsection 2.3). The
simulations performed in this manuscript were made using codes developed in R and Python.

2.1 SARIMA

Most of the time series are nonstationary, i.e., the average is not constant through the process. Most of the
models are develeped for stationary time series, we can work with a nonstationary time series by differentiating it
up until the point the derivative becomes stationary [4, 5]. One example is the ARIMA model:
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φ(B)∆dZt = θ(B)εt t = 1, 2, . . . , n (1)

where B is BjZt = Zt−j ; φ(B) = (1 − φ1B1 − . . . − φpB
p) is an autoregressive polynomial of order p,

θ(B) = (1 − θ1B1 − . . . − θpB
p) is an moving average polynomial of order q, ∆d = (1 − B)d indicates the

number of derivatives for the time series to become stationary [4, 5].
If the time series present seasonality, then it is necessary to make some modifications in the original ARIMA

model. Consider a seasonal time series Z(t) that is observed by a period of time s, the SARIMA(p, d, q)(P,D,Q)s
model is going to be describe by

φ(B)Φ(Bs)∆d∆D
s zt = θ(B)Θ(Bs)εt, t = 1, 2, . . . , n (2)

where B is BjZt = Zt−j ; φ(B) = (1 − φ1B1 − . . . − φpB
p) is an autoregressive polynomial of order p;

Φ(Bs) = (1 − φ1B
s − . . . − φpB

Ps) is a seasonal autoregressive polynomial of order P ; ∆d = (1 − B)d is
the difference operator and d indicates the number of derivatis according with the average; ∆D

s = (1 − Bs)D

is the seasonal difference operator and D indicates the number of derivatis to remove the seasonality; θ(B) =
(1− θ1B1 − . . .− θpB

p) is an moving average polynomial of order q; Θ(Bs) = (1− θ1B
s − . . .− θpB

Qs) is an
moving average polynomial of order q, and εt is a white noite with zero mean and variance σ2

εt .
SARIMA simulations were performed using the standard ’Statsmodel’ Python’s package. The parameters

were obtained using the Maximum Likelihood Optimization.

2.2 SIRF

The SIRF (Susceptible - Infected - Recovered - Fatal) model is very similar to the SIR (Susceptible - Infected
- Recovered) model, with the addition of the number of deaths term. In this case, the set of differential equations
is going to be described as

dS

dt
= −βSI

N
, (3)

dI

dt
= (1 − α1)

βSI

N
− (γ + α2)I, (4)

dR

dt
= γI, (5)

dF

dt
= α1

βSI

N
+ α2I, (6)

where β is the effective contact rate, γ recovered rate, α1 natural death rate and α2 death by the disease.
SIRF simulations were developed using the package ”Covsirphy”, version 2.19.0 [6]. The parameters were

estimated using the Maximum Likelihood Optimization.

2.3 MAPE

To evaluate our forecast error we used Mean Absolute Percentage Error (MAPE) [7]. It can be described as

MAPE =
100

n

n∑
t=1

∣∣∣∣At − Ft
At

∣∣∣∣ , (7)

where n is the time series size, At is the actual value and Ft is the forecast value.

3 Data Set

To analyze our methodology we are going to analyze the number of infected people in Brazil from February
2020 up to February 2021. We divide the time series in three parts:
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Serie 1: From February 25th up to July 30th.
Serie 2: From July 31st up to October 10th.
Serie 3: From October 11st up to February 10th.

We separate the time series to analyze the effect of the error in different times and at different tendencies.

Figure 1. Daily cases of covid19 in Brazil from February 2020 up to February 2021, according to the Ministery of
Health (Ministério da Saúde).

4 Analysis

In this section we present our analysis based on three approaches. First, we analyze the error provided by only
applying the SIRF method. Then, we analyze the error provided by only applying SARIMA. In the last subsection,
we provide the effect of the combination.

4.1 Forecast using Optimized SIRF

The use of SIRF model with optimized parameters provide good results when the training set is small. As
shown in Figure 2, as we increase the training set the MAPE error increases.

4.2 Forecast using Auto SARIMA

The forecast results using SARIMA are the inverse of what we observe for SIRF. As shown in Figure 3, as
the training set is increased the MAPE error decreases. Due to its statistics properties, SARIMA method requires
a large data set to provide good results.

4.3 Forecast combining SIR and SARIMA

Due to the fact that SIRF works well for small training sets and SARIMA works well for large training sets,
the combination of SIRF and SARIMA methods can optimize the forecast. We presented some strategies in Table
1.
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Figure 2. MAPE Error for 30 days prediction using SIRF with optimized parameters and varying the size of the
training set.

Figure 3. MAPE Error for 30 days prediction using autoSARIMA and varying the size of the training set.

Table 1. Some protocols for a combined SARIMA+SIR Covid-19 forecast

SARIMA SIR MAPE (%)

75 days training set + 30 days forecast + 30 days forecast 46
75 days training set + 45 days forecast + 30 days forecast 73
90 days training set + 30 days forecast + 30 days forecast 42
90 days training set + 45 days forecast + 30 days forecast 74

5 Conclusions

SARIMA model provides good forecast when we have a large training set, however, the Maximum likelihood
optimization fail if we use a small data set. On the other hand, the SIRF model provides good forecast if we use a
small training set, but the error increases fast with the size of the training set. The forecast efficacy can be increased
by combining both methods. We show that this strategy can be efficient to increase the forecast efficacy. The idea
proposed here is an ongoing research, and our results are presented as a concept.
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