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Introduction

Introduction

The importance of studying the evolution of COVID-19 in Chile

Chile has become one of the countries most affected by COVID-19, a
pandemic that has generated a large number of cases worldwide. If not
detected and treated in time, COVID-19 can cause multi-organ failure and
even death. The COVID-19 indicators as of August 21 are

The number of confirmed COVID-19 cases 1.633.153

The number of deaths from COVID-19 in Chile 36.605
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Introduction

Data set COVID-19

Figura: COVID-19 in Chile. (a) Confirmed cases. (b) Deaths

G. Ferreira (UdeC, Udla) Ministerio de Salud Universidad Nacional de Colombia 2021 4 / 33



Introduction

Introduction

In emerging countries where the COVID-19 pandemic has deepened a
social crisis with millions of people below the poverty line, millions of
dollars have been lost in investments in different areas. Chile is no stranger
to this reality; in the FLACSO-Chile Public Policy Program [1] , it was
mentioned that

“Economic activity would contract to 3,3 % in 2020, accompanied by a
significant decrease in trade flows, in the price of raw materials, especially
the price of copper, expressed in an increase in unemployment and poverty
figures, among many other economic and social effects”.
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Introduction

Introduction

In this scenario, it is imperative to study the behavior of the evolution of
the number of cases with a confirmed diagnosis and the number of deaths
from COVID-19 to ensure that government institutions can efficiently use
available resources and generate timely public health policies.
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Introduction Time Series: Basic concepts

Definition

A Time series is a set of observations {xt}, each one being recorded at a
specific time t.

Definition

The autocorrelation function (ACF) of Xt at lag h is

ρX (h) ≡ γX (h)

γX (0)
= Corr(Xt+h,Xt),

where γX (h) = cov (Xt ,Xt+h) = E(XtXt+h).

Example (AR(1))

Xt = φXt−1 + εt , γX (h) =
σ2

1− φ2
φh,

where εt ∼WN(0, σ2).
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Introduction Time Series: Basic concepts

Definition Stationary

In time series analysis, most existing models assume that times series Xt is
stationary. This means that the covariance between Xs and Xt depends
only on the lag |s − t|.

Definition

Xt is (weakly) stationary if

(i) µx(t) is independent of t

(ii) γx(t + h, t) is independent of t for each h.
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Introduction Time Series: Basic concepts

The sample Autocorrelation Function

Definition

Let x1, . . . , xn be observations of a time series. The sample mean of
x1, . . . , xn is x = 1

n

∑n
t=1 xt . The sample autocovariance function is

γ̂(h) := n−1

n−|h|∑
t=1

(xt+|h| − x)(xt − x), −n < h < n.

The sample autocorrelation function is

ρ̂(h) =
γ̂(h)

γ̂(0)
, −n < h < n.
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Introduction Time Series: Basic concepts
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Figura: The sample autocorrelation function.
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Introduction Time Series: Basic concepts

ARIMA process

A well know class of short-memory models is the autoregressive integrated
moving-average (ARIMA) processes introduced by Grander and Joyeux and
Hosking .

Definition (Box-Jenkins methodology)

ARIMA process Xt may be defined by

Φ(B)Xt = Θ(B)(1− B)−dZt Zt iid ∼WN(0, σ2), (1)

where Φ(B) = (1 + φ1B + φ2B
2 + . . .+ φpB

p) and
Θ(B) = (1 + θ1B + θ2B

2 + . . .+ θqB
q) are the autoregressive and

moving-average operators, respectively, (1− B)−d is a differencing
operator.
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Introduction Time series modelling to COVID-19 pandemic

Bibliographic review

The Box-Jenkins methodology was used in Ibrahim et.al. (2020) [2] to
model and make predictions of the spread of COVID-19 in Nigeria.

Maleki et.al. (2020) [3] considered autoregressive time series models
based on normal distributions of a mixture of two-piece scales, called
TPSMNAR models, to model and predict cases with a confirmed
diagnosis and recovered cases of COVID-19 worldwide.

Benvenuto et.al. (2020) [4] developed an ARIMA model to predict the
epidemiological trend of COVID-19 prevalence and incidence utilizing
Johns Hopkins data.
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Introduction Time series modelling to COVID-19 pandemic

Yonar et.al. (2020) [7] proposed a study to predict and model the
number of COVID-19 cases using two methodologies: ARIMA and
Exponential Smoothing methods.

Agosto et.al. (2020) [8] proposed a regression Poisson autoregressive
model to understand contagion dynamics of COVID-19.

Papastefanopoulos et.al. (2020) [6] proposed a comparative study of
time series methods to estimate the percentage of active cases of
COVID-19 since May 4, 2020, over the total population of ten
countries. Among the methodologies proposed by these authors are
the ARIMA model, Holt-Winters additive model (HWAAS),
Exponential Smoothing with additive trend and additive seasonality,
trigonometric seasonal formulation, Box-Cox transformation ARMA
errors and component trend (TBAT), automatic forecasting procedure
(Prophet), probabilistic forecasting with autoregressive recurrent
networks (DeepAR) and neural basis expansion analysis for
interpretable time series forecasting (N-BEATS).
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Introduction Time series modelling to COVID-19 pandemic

Bibliographic review

The reader is referred to the following authors and their references [9],
[10], [11] to complement the review on other models used in
COVID-19 predictions.

Perone et al. 2020: An ARIMA model to forecast the spread and
the final size of COVID-2019 epidemic in Italy.
Sarkar et. al. 2020: COVID 19 Pandemic: A Real-time Forecasts &

Prediction of Confirmed Cases, Active Cases using the ARIMA model
& Public Health in West Bengal, India.
Tran et. al. 2020: Forecasting epidemic spread of SARS-CoV-2 using

ARIMA model (Case study: Iran)
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Materials and Methods Dataset

In this study, an analysis was carried out to predict the number of
confirmed COVID-19 diagnoses and deaths from COVID-19 in Chile, from
March 2, 2020 to July 14, 2020. The data were obtained from the website
of the Ministry of Science and Technology, Knowledge and Innovation
http://www.minciencia.gob.cl/covid19.

Figura: COVID-19 in Chile. (a) Confirmed cases. (b) Deaths
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Materials and Methods Model development

Model development

The methodology used in this research consisted of modeling cases of both
confirmed diagnoses and deaths from COVID-19 in Chile using
Autoregressive Integrated Moving Average (ARIMA henceforth) models,
Exponential Smoothing techniques, and Poisson models for
time-dependent count data.

Definition

ARIMA Model

(1− B)dφ(B)Xt = µ+ θ(B) + εt , with {εt} ∼WN(0, σ2), Model 1

where d is the positive integer parameter of integration, B denotes the
backward shift operator, φ(z) = 1− φ1 z − · · · − φp zp the autoregressive
polynomial, θ(z) = 1 + θ1 z + · · ·+ θp z

q the moving average polynomial
and {εt} is a sequence of uncorrelated random variables with zero mean
and variance σ2.

G. Ferreira (UdeC, Udla) Ministerio de Salud Universidad Nacional de Colombia 2021 16 / 33



Materials and Methods Model development

Model development

Definition

Another model for working with time series count data is the Poisson
process with a local linear trend model defined by

Xt ∼ Po(eWt ),

Wt = µt + εt , with {εt} ∼ N(0, σ2
ε),

µt+1 = µt + νt + ξt with {ξt} ∼ N(0, σ2
ξ ), Model 2

νt+1 = νt + ζt , with {ζt} ∼ N(0, σ2
ζ ),

where µt is a random walk with a drift component given by νt , and {εt} is
a Gaussian process of zero mean and variance σ2

ε that captures the extra
variations of the time series. The errors {ξt} and {ζt} have similar
distributional characteristics.
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Materials and Methods Model development

Model development

Model 2 estimates and predictions will be made through two
methodologies that are widely discussed in the literature ([13] and [14],
among other authors), namely,

a) State Space models

b) Bayesian analysis.

For Model 2b), we consider a random walk of order 1, i.e.,

Wt = α + µt

µt = µt−1 + ξt with {ξt} ∼ N(0, σ2
ξ ),

where α is the drift parameter, and σ2
ξ is the variance of the Gaussian

process {ξt}, which is estimated as precision 1/σ2
ξ in the Bayesian

framework.
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Materials and Methods Model development

Model development

Definition (GLARMA(p, q) Model)

On the other hand, [15] provided another methodology for count data with
a serial dependence in regression modeling of time series called generalized
linear autoregressive moving average (GLARMA(p, q)) models defined by

Xt ∼ Po(eWt ),

Wt = α + βt + Zt ,

Zt =

p∑
j=1

φj(Zt−j + εt−j) +

q∑
j=1

θjεt−j , Model 3

where β is the intercept parameter of the deterministic trend βt, and {εt}
is defined as εt = Xt−µt

νt
, with µt = eWt and νt is some scaling sequence.
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Materials and Methods Model development

Model development: Exponential Smoothing method

Definition (Holt’s Local Trend )

Finally, [16] and [17] proposed a methodology known as the Holt-Winters
method. This method is a more general class than the Exponential
Smoothing method which explains the level and trend of the data as
follows

X̂t+h|t = µt + hTt ,

µt = αXt + (1− α)(µt−1 + Tt−1), Model 4a

Tt = β(µt − µt−1) + (1− β)Tt−1,

where 0 ≤ α ≤ 1 is the smoothing parameter, and 0 ≤ β ≤ 1 is the
smoothing parameter for the trend. The h-step ahead forecasts X̂t+h|t are
calculated using the smoothing equations for the level µt and the trend Tt .
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Materials and Methods Model development

Model development: Exponential Smoothing method

Definition (Damped Trend Method)

[18] developed an Exponential Smoothing model designed to damp erratic
trends defined as follows

X̂t+h|t = µt + (φ1 + φ2
1 + . . .+ φh−1

1 )Tt ,

µt = αXt + (1− α)(µt−1 + φ1Tt−1), Model 4b

Tt = β(µt − µt−1) + (1− β)φ1Tt−1,

where 0 < φ1 < 1 is damping parameter. Its dampens the trend to be
more conservative for longer forecast horizons.
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Results and Discussion Estimates of the Model

Estimates of the parameter Model 1

First, for Model 1, an ARIMA(0, 1, 2) model is applied with a drift to cases
with a confirmed diagnosis of COVID-19 and an ARIMA(0, 2, 3) model
without drift to deaths. Such estimates are obtained by using the Arima

command from the forecast package.

(1− B)Xt = µ+ θ1Zt−1 + θ2Zt−2 + Zt , Model to confirmed cases

(1− B)2Yt = θ1Zt−1 + θ2Zt−2 + θ3Zt−3 + Zt Model to deaths cases

Remark

library(forecast)

model1<-Arima(Casos_New, order=c(0,1,2), include.constant= TRUE)
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Results and Discussion Estimates of the Model

Estimates of the parameter Model 2 (a)

Model 2a) has been estimated using an exponential family of observations
for State Space models, in particular we have implemented the KFAS
package ([19]) to obtain the estimates of this model. In KFAS, this model
can be written in a state space form by defining

Remark

library(KFAS)

model2a<-SSModel(Casos_New ~ SSMtrend(2, Q=list(NA,0)) + SSMcustom(Z = 1 , T = 0,

Q = NA, P1=NA), distribution="poisson")

updatefn <- function(pars, model, ...){

Q <- exp(pars[1])

model["Q", etas = "level"] <- Q

Q <- (exp(pars[2]))

model["Q", etas = "custom"] <- model["P1", states = "custom"] <- Q

model

}

fit<-fitSSM(model2a, inits = c(-3, -3), updatefn = updatefn, method = "BFGS")

out<-KFS(fit$model, nsim=10000)
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Results and Discussion Estimates of the Model

Estimates of the parameter Model 2 (b)

We assign noninformative priors for the model parameters. For the mean
parameter α, a Gaussian distribution is proposed, i.e., N(0, 1/τ), τ = 0,
and for the precision of the random walk µt , a Gamma distribution was
used, i.e., 1/σ2

ξ ∼ Gamma(1, 5× 10−5).

Cuadro: Posterior mean, standard deviation and 95 % credible interval for
the parameters under Model 2.

Dataset Model Parameter Mean SD 0.025 quant. 0.975 quant.
Confirmed Model 2b α 6.5670 0.016 6.534 6.597

σ2
ξ 0.0452 0.006 0.033 0.058

Deaths Model 2b α 5.104 0.045 5.009 5.188
σ2
ξ 0.185 0.030 0.132 0.248

Remark

model 2b<- inla(Casos_New ~ 1 + f(year, model = "rw1"), data =covid.df,

family = "poisson", control.predictor = list(compute = TRUE))
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Results and Discussion Estimates of the Model

Estimates of the parameter Model 3-4

In the case of Model 3, the estimates are based on the GLARMA package
[21]. We proposed a GLARMA(2, 0) model for the data of cases with a
confirmed diagnosis of COVID-19 and a GLARMA(1, 0) model for the data
of deaths from COVID-19, where νt = 1 for both models. Finally, for the
estimates of Model 4a and 4b, we used the holt command from the
forecast package by adding the argument damped=TRUE

library("glarma")

y=covid.df$Casos_New

class(y)

X0=rep(1, 119)

X1=as.numeric(covid.df$year)

X=cbind(X0, X1)

glarmamod <- glarma(y, X, phiLags = c(1,2), type = "Poi", method = "FS",

residuals = "Pearson", maxit = 100, grad = 1e-6)

##### Holt

fit4a <- holt(Casos_New)

fit4b <- holt(Casos_New, damped = TRUE)
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Results and Discussion Estimates of the Model

Figura: Confirmed cases (black dashed lines) versus fitted values
(continuous line).
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Results and Discussion Estimates of the Model

Figura: Deaths (black dashed lines) versus fitted values (continuous line).
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Results and Discussion Analysis of ex post forecast accuracy

Analysis of ex post forecast accuracy

We consider a training set {Xt} from March 02 to July 06 (estimation
period) with a total of N = 129 observations and test data {Xt} from July
07 to July 14 (validation period) which will be used for m-step-ahead
prediction with m = 6 daily observations. The m-step-ahead forecasts are
compared with the validation period, giving rise to ex post forecast errors,
i.e., XN+h − X̂N+h for horizon h = 1, . . . ,m.

Remark

The errors were assessed by the statistics of the residuals, such as the mean
error (ME), RMSE, mean absolute error (MAE), mean percentage error
(MPE) and mean absolute percentage error (MAPE), where small values
of these statistics reflect a goodness of fit criterion of the model used.
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Results and Discussion Analysis of ex post forecast accuracy

Figura: Multistep forecasts for confirmed COVID-19 cases (black dashed
lines). The continuous line and dots represent fitted values and the ex post
forecast respectively.
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Results and Discussion Analysis of ex post forecast accuracy

Figura: Multistep forecasts for COVID-19 deaths (black dashed lines). The
continuous line and dots represent fitted values and the ex post forecast
respectively.
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Results and Discussion Analysis of ex post forecast accuracy

Cuadro: The descriptive statistics of ex post forecast errors.

Dataset / Model ME RMSE MAE MPE MAPE
Confirmed

Model 1 -222.3229 510.1141 454.268 4.903861 17.53703
Model 2a -164.3078 838.1199 614.4429 -12.22922 26.74773
Model 2b 422.8959 693.6704 643.8252 11.81886 23.85205
Model 3 -1764.664 1904.865 1764.664 -69.39226 69.39226
Model 4a 735.086 784.1449 735.086 25.87431 25.87431
Model 4b 551.5119 635.8757 587.9894 18.47044 20.45723

Death
Model 1 -56.8675 75.45366 56.8675 -0.81314 0.81314
Model 2a -2018.527 2320.163 2018.527 -28.93521 28.93521
Model 2b 138.3735 145.9142 138.3735 1.992866 1.992866
Model 3 -2891.794 2900.363 2891.794 -41.84812 41.84812
Model 4a -83.45833 109.3747 83.45833 -1.191752 1.191752

Model 4b -16.01247 39.42867 26.08101 -0.22479 0.371870
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Conclusions

Conclusions

The main motivation of this study is to contribute to the discussion
on the types of mathematical models that can be used for making
predictions of the number of confirmed COVID-19 diagnoses and the
number of deaths from COVID-19 and thus provide relevant
information for timely decision-making by the Chilean government.

In regard to Chile’s COVID-19 dataset and based on the class of
models considered in this study, we can say that for cases with a
confirmed diagnosis of COVID-19, the best model corresponds to the
well-known ARIMA model, whereas for cases of deaths from
COVID-19 in Chile, the best model resulted in Damped Trend
method.

The proposal of this study does not imply its global use in the
prediction of confirmed cases and deaths from COVID-19, since the
performance of this model is subject to the biopsychosocial
determinants of each country.
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Conclusions

Future work

A possible generalization of our study is to develop machine learning
techniques to model the behavior of these curves, subject to the
availability of large volumes of data.

A statistical analysis can be of merit to find relationships between the
spread of the virus and biopsychosocial determinants of Chilean
health.

Remark

The reader can download the complete work ([22]) at the following link:
https://journals.plos.org/plosone/article?id=10.1371/

journal.pone.0245414
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