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Online Appendix 1. Types of analyses of time series econometric models

DECOMPOSITION (CLASSICAL ANALYSIS)
The classical analysis of time series consists of considering them in a nonrandom way and
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Práctica 1: Métodos de descomposición

Two models of aggregation of these effects are usually considered:



additive: Yt = Tt + Ct + St + Et
multiplicative: Yt = Tt.Ct.St. Et (easily convertible to additive, by taking logarithms)
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HOLT-WINTERS MODEL
i = − k/ 2+ 1
The Holt Winters method is used to forecast the behaviour of a time series based on
m
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previously obtained data. The method is based on an iterative algorithm that at eachMigueltime
(month or week) makes a forecast of the behaviour of the series based on weighted
averages of the previous data.



L t = α (Y t/S t – p) + (1 - α) [ L t – 1 + T t – 1 ]



T t = γ [ L t - L t – 1 ] + (1 - γ) T t – 1



S t = δ (Y t/L t) + (1 - δ) S t – p



= (L t – 1 + T t – 1) S t – p
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"ARIMA" redirects here. It is not to be confused with Arimaa.
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In statistics and econometrics, and in particular in time series analysis, an autoregressive integrated moving average (ARIMA) model is a generalization of an autoregressive moving
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average (ARMA) model. Both of these models are ﬁtted to time series data either to better understand the data or to predict future points in the series (forecasting). ARIMA models are
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applied in some cases where data show evidence of non-stationarity in the sense of mean (but not variance/autocovariance), where an initial differencing step (corresponding to the
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"integrated" part of the model) can be applied one or more times to eliminate the non-stationarity of the mean function (i.e., the trend).[1] When the seasonality shows in a time series, the
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we can use the ARMA model.[6] Note that if the time series contains a predictable sub-process (a.k.a. pure sine or complex-valued
exponential process[4]), the predictable component is
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treated as a non-zero-mean but periodic (i.e., seasonal) component in the ARIMA framework so that it is eliminated by the seasonal differencing.
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The AR part of ARIMA indicates that the evolving variable of interest is regressed on its own lagged (i.e., prior) values. The MA part indicates that the regression error is actually a linear
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[7]

The I (for "integrated") indicates that the data values have been replaced with the

difference between their values and the previous values (and this differencing process may have been performed more than once). The purpose of each of these features is to make the
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Definition

[ edit ]

Given time series data Xt where t is an integer index and the Xt are real numbers, an

model is given by

or equivalently by

where

is the lag operator, the

terms

are generally assumed to be independent, identically distributed variables sampled from a normal distribution with zero mean.

are the parameters of the autoregressive part of the model, the

Assume now that the polynomial

has a unit root (a factor

are the parameters of the moving average part and the

are error terms. The error

) of multiplicity d. Then it can be rewritten as:

An ARIMA(p,d,q) process expresses this polynomial factorisation property with p=p'−d, and is given by:

and thus can be thought as a particular case of an ARMA(p+d,q) process having the autoregressive polynomial with d unit roots. (For this reason, no process that is accurately described
by an ARIMA model with d > 0 is wide-sense stationary.)
The above can be generalized as follows.

This deﬁnes an ARIMA(p,d,q) process with drift

Other special forms

.

[ edit ]

The explicit identiﬁcation of the factorisation of the autoregression polynomial into factors as above, can be extended to other cases, ﬁrstly to apply to the moving average polynomial and
secondly to include other special factors. For example, having a factor

in a model is one way of including a non-stationary seasonality of period s into the model; this factor has

the effect of re-expressing the data as changes from s periods ago. Another example is the factor

, which includes a (non-stationary) seasonality of period

2. [clariﬁcation needed] The effect of the ﬁrst type of factor is to allow each season's value to drift separately over time, whereas with the second type values for adjacent seasons move
together. [clariﬁcation needed]
Identiﬁcation and speciﬁcation of appropriate factors in an ARIMA model can be an important step in modelling as it can allow a reduction in the overall number of parameters to be
estimated, while allowing the imposition on the model of types of behaviour that logic and experience suggest should be there.

Differencing

[ edit ]

A stationary time series' properties do not depend on the time at which the series is observed. Speciﬁcally, for a wide-sense stationary time series, the mean and the
variance/autocovariance keep constant over time. Differencing in statistics is a transformation applied to a non-stationary time-series in order to make it stationary in the mean sense (viz.,
to remove the non-constant trend), but having nothing to do with the non-stationarity of the variance/autocovariance. Likewise, the seasonal differencing is applied to a seasonal timeseries to remove the seasonal component. From the perspective of signal processing, especially the Fourier spectral analysis theory, the trend is the low-frequency part in the spectrum of
a non-stationary time series, while the season is the periodic-frequency part in the spectrum of it. Therefore, the differencing works as a high-pass (i.e., low-stop) ﬁlter and the seasonaldifferencing as a comb ﬁlter to suppress the low-frequency trend and the periodic-frequency season in the spectrum domain (rather than directly in the time domain), respectively.[6] This
perspective explains the philosophy, mathematics, power, and drawbacks of the differencing and seasonal differencing.
To difference the data, the difference between consecutive observations is computed. Mathematically, this is shown as

Differencing removes the changes in the level of a time series, eliminating trend and seasonality and consequently stabilizing the mean of the time series.[6]
Sometimes it may be necessary to difference the data a second time to obtain a stationary time series, which is referred to as second order differencing:

Another method of differencing data is seasonal differencing, which involves computing the difference between an observation and the corresponding observation in the previous season
e.g a year. This is shown as:

2

The differenced data are then used for the estimation of an ARMA model.
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Examples
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Some well-known special cases arise naturally or are mathematically equivalent to other popular forecasting models. For example:
An ARIMA(0, 1, 0) model (or I(1) model) is given by
An ARIMA(0, 1, 0) with a constant, given by

— which is simply a random walk.
— which is a random walk with drift.

