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Abstract

We present a cross-validated model to predict the date of zero rate of growth

for Covid–19 total infections in Italy. To forecast this date, we use an auto-

regressive model with a time trend component where the optimal number of

lags is found using LASSO, a machine learning linear technique for optimal

lags detection. The model is validated by a one-time-ahead out–of–sample

cross–validation. The optimal forecasting model thus detected shows an out–

of–sample prediction accuracy of 98.2%. As of May 6, we predict the date of the

infection saturation (where the Covid-19 total cases rate of growth will be zero)

for Italy to be around May 22, 2020. We use our model in a now–casting mode,

thus the predicted saturation date can change as long as our model learns from

new incoming data.
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1 Introduction

The Covid-19 outbreak is an ongoing worldwide pandemic of coronavirus disease

produced by the SARS-CoV-2 acute respiratory coronavirus syndrome. It was firstly

identified in the city of Wuhan (Hubei, China) in December 2019. On 11 March 2020,

the World Health Organization (WHO) has recognized it as a worldwide pandemic.

Covid-19 cases have been reported in more than 190 countries and territories, resulting

in several deaths and recoveries. The most severely country hit by the Covid–19 after

China is Spain, followed by Italy. Most of the Italian cases have been registered in

the North regions of the country interested by a severe spread of the infections.

Being the Covid-19 outbreak an ongoing phenomenon, it seems extremely relevant

to provide some guidance for decision makers to have valuable up–to–date information

on the dynamic of the Covid-19 infection spread. In this direction, an important

element is to determine the date at which the pandemic will reach its saturation, or

more technically speaking, the zero rate of growth of infections.

In this paper, we present a cross-validated model to predict the date of zero rate of

growth for Covid–19 total infections in Italy. To forecast the date of the peak, we use

an auto-regressive model where the optimal number of lags is found using LASSO,

a machine learning linear technique used for detecting the optimal lags specification.

The model is validated by a one-time-ahead out–of–sample cross–validation. We

use our model in a now–casting mode, thus the predicted date of saturation can be

updated as long as our model learns from new incoming data.

The structure of this paper is as follows. Section 2 discusses the time pattern of

the rate of growth of Covid-19 infections in Italy. Section 3 presents the model and

its validation. Section 4 illustrates and discusses the results. Section 5 concludes the

paper.

2 The pattern

Before presenting the model and its predictions, it seems useful to look at the time

pattern of the rate of growth of Covid-19 infections in Italy. Figure 1 shows this

pattern, and visualizes the series from February 24 onwards. The series shows a

decreasing pattern, which was however unstable until mid-March from where it started

to stabilize. Before this date, we observe a series of “spikes” signaling a rather weird

behavior of the series. Although these spikes may depend on the initial impetus of

the infection, their unusual magnitude are more likely due to a measurement error

due to the fact that data have started to be collected in this short time spell. Due

to this, our analysis will use observations from later times. In particular, we consider
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observations from April 6 onwards, as we aim at predicting a more stable and recent

pattern of the series. As we will show, this guarantees a good prediction performance

of the model presented in the next section.
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Rate of Growth of Covid−19 Total Cases

Figure 1: Time pattern of the rate of growth of Covid-19 infections in Italy.

3 Model

Let Y to denote the outcome of interest, i.e. the rate of growth of total number of

Covid–19 infection cases in Italy. We want to predict this outcome using a simple

auto–regressive (AR) model of this type:

Yt = α0 + α1Yt−1 + α2Yt−2 + · · · + αmYt−m + γt+ εt (1)

where the αs are parameters, m the number of auto-regressive lags, γt a linear trend

component, and εt a random shock (error) with zero mean and finite variance. Under

error normality, this model can be consistently estimated by maximum likelihood

(Hamilton, 1994).
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A typical problem of auto-regressive models is that of determining the optimal

lag structure, where the term “optimal” refers to the number of lags of Y that maxi-

mizes the out–of–sample prediction accuracy of the model. This is a typical machine

learning problem, as the number of lags induces a test–error’s bias-variance trade-off.

In this case, the optimal number of lags can be found by minimizing the test–error

associated to the out–of–sample prediction performance of the model. As AR(m) are

linear models, this kind of minimization can be easily performed by using the least

absolute shrinkage and selection operator (LASSO) technique (Tibshirani, 1996).

The LASSO is a penalizing regression approach which selects the optimal number

of lags by minimizing a constrained (penalized) version of the classical least squares

objective function. Without entering into technical details, the LASSO provides a

corner solution where some αs of Eq. (1) are exactly zero. Given a λ, the LASSO

penalization parameter, one can find a perfect mapping between the degree of penal-

ization and the lags that remain active in the model. Therefore, finding an optimal λ

entails to find the optimal model specification (i.e. the optimal number and structure

of lags). The optimal λ can be found by minimizing the model out–of–sample mean

square error (also known as Test–MSE). To this aim, one possibility is to use K-fold

cross-validation (Gareth et al., 2013; Cerulli, 2020). In the time series case, we can

use the T-times ahead approach to cross-validate our model (Ahrens, Hansen, and

Schaffer, 2019). This is the approach we follow in our application.

Data were collected from the World Health Organization (WHO) Situation Re-

ports (https://www.who.int/emergencies/diseases/novel-coronavirus-2019/situation-

reports), and are freely available at this link: https://ourworldindata.org/coronavirus-

source-data. We consider a time series made of days from 31 December 2019 to 29

March 2020, although the rate of growth has non–zero values from 22 February on-

wards.

4 Results

We use a 1-time ahead approach to cross-validate our model. Results are reported

below.
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Estimate lasso with lambda=1.683 (lopt).

---------------------------------------------------

Selected | Lasso Post-est OLS

------------------+--------------------------------

L5. | 0.0697193 0.0718622

L6. | 0.3219317 0.5059608

L7. | 0.1107139 0.3720527

L10. | 0.0560361 0.2959423

|

date1 | -0.0139577 0.0294397

------------------+--------------------------------

The optimal value of the penalizing parameter λ, and the optimal lag structure thus

obtained is as in the previous table. Therefore, an AR model with those lagged

outcomes and a trend component provides the best out–of–sample prediction for the

rate of growth of the Covid–19 total infections in Italy.
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Figure 2: Optimal λ via LASSO 1-time ahead cross-validation.

Figure 2 sets out the optimal (log of) λ minimizing the Test-MSE. This value cor-

responds to a prediction accuracy 98.2%, obtained as one minus the ratio between the

Test-MSE and MSS (mean sum of squares). Given the good out–of–sample prediction

accuracy, we can use our model for prediction purposes.

Therefore, we can predict the date at which the rate of growth of the Covid–19

total infections will be zero in Italy. As this rate of growth is the first derivative of

the pandemic curve, a value of zero means that the curve has reached its maximum,

thereby remaining stable at this level. Figure 3 shows the main result of this paper.

The model – following its out–of–sample predictions – finds the saturation date to

occur around May 22, 2020.
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Figure 3: Model prediction of the day of zero rate of growth of Covid-19 total cases.

The model is currently used in a now–casting mode, so new incoming data could

update these dates by possibly moving them forward or backward. We will continue

to monitor possible changes of the date by providing information about the evolution

of the Covid–19 total infections in the Eief webpage.

5 Conclusion

Using optimal modelling via cross-validation LASSO, we have presented a univariate

forecasting model showing a one–day–ahead out–of–sample prediction accuracy close

to one. By forecasting with this model, we predict the date of zero rate of growth for

Covid–19 total infections in Italy to occur around May 22, 2020. As we are using the

model in a now–casting mode, incoming new information could change these dates

by possibly moving them forward or backward, based on the nature of the new data.
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