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Time Series Econometrics

13 stationary and nonstationary time series
14 cointegration and error correction models
15 asset price volatility: the ARCH and GARCH models
16 economic forecasting

previous course on time series econometrics
ES1002 Lectures

ES1002 EViews
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Forecasting In Different Fields

Economic Forecasts

Economics [GDP, unemployment, consumption, investment, interest
rates]
financial asset management [asset returns, exchange rates and
commodity prices]
financial risk management [asset return volatility]
marketing [response of sales to different marketing schemes]
business and government [revenue forecasts]
crisis management [probabilities of default, currency devaluations]
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Forecasting Main Objective

Econometric Models

based on past and current information, the objective of forecasting is
to provide quantitative estimate(s) of the likelihood of the future
course of the object of interest

e.g. personal consumption expenditure

we develop econometric models and use one or more methods of
forecasting its future course
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Forecasting Methods

Methods of Forecasting

there are several methods of forecasting
we will consider three prominent methods of forecasting in this
chapter

1 regression models,
2 autoregressive integrated moving average (ARIMA) models

[Box–Jenkins (BJ) methodology]
3 vector autoregression (VAR) models (Sims)
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Forecasting Regression Models

Example: Consumption Function

forecasting is probably the most important purpose of estimating
regression models
consider the following bivariate regression

PCEt = β1 + β2PDIt + ut

where
PCE = per capita personal consumption expenditure,
PDI = per capita personal disposable
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Forecasting Regression Models

Example: Consumption Function

PCEt = β1 + β2PDIt + ut

the slope coefficient represents the MPC
to estimate this regression, we obtained aggregate data on these
variables for the US for 1960–2008
see Table16.1 on Piazza
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Table 16.1


Forecasting Regression Models

Holdover Sample

to estimate the consumption function, initially we use the
observations from 1960–2004
save the last four observations

called the holdover sample
to evaluate the performance of the estimated model
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Forecasting Regression Models

Plot the Data

We first plot the data to get some idea of the nature of the relationship
between the two variables (Figure 16.1).
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Forecasting Regression Models

Per capita PCE & PDI, USA 1960–2004
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Forecasting Regression Models

Per capita PCE & PDI, USA 1960–2004
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Forecasting Regression Models

Example: Estimation

we plot the data to get some idea of the nature of the relationship
between the two variables
the figure shows almost a linear relationship between PCE and PDI
we fitting a linear regression model to the data
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Forecasting Regression Models

Estimates of the consumption function, 1960–2004
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Forecasting Regression Models

Estimates of the consumption function, 1960–2004
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Forecasting Regression Models

Estimated Consumption Function

ˆPCE t = −1083.978 + 0.9537PDIt

we can use this regression model to forecast the future value(s) PCE
suppose we want to find out E (PCE2005|PDI2005)
[PDI2005 = $31, 318]
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Forecasting Special Terms

Point & Interval Forecasts

in point forecasts we provide a single value for each forecast period
in interval forecasts we obtain a range, or an interval, that will include
the realized value with some probability
the interval forecast provides a margin of uncertainty about the point
forecast
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Forecasting Special Terms

ex post & ex ante

estimation period: we have data on all the variables in the model
ex post forecast period: we also know the values of the regressand
and regressors

the holdover period - used to get some idea about the performance of
the fitted model

ex ante forecast we estimate the values of the depend variable beyond
the estimation period but we may not know the values of the
regressors with certainty
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Forecasting Special Terms

ex post & ex ante
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Forecasting Special Terms

Conditional & Unconditional Forecasts

conditional forecasts: we forecast the variable of interest conditional
on the assumed values of the regressors
recall that all along we have conducted our regression analysis,
conditional on the given values of the regressors.
this type of conditional forecasting is also known as scenario analysis
or contingency analysis
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Forecasting Special Terms

Conditional & Unconditional Forecasts

in unconditional forecasts, we know the values of the regressors with
certainty instead of picking some arbitrary values of them, as in
conditional forecasting
of course, that is a rarity; it actually involves the forecasting the
right-hand side variables (i.e. regressors) problem
for the present purposes we will work with conditional forecasts
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Forecasting Special Terms

Point Forecast

estimate the point forecast of consumption expenditure for 2005,
given that PDI2005 = $31, 318 billion

ˆPCE 2005 = b1 + b2PDI2005

= −1083.978 + 0.953768(31318)

= 28783.998
≈ 28784
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Forecasting Special Terms

Forecast Error

the best mean predicted value of PCE in 2005 is $28, 784 billion
[given PDI2005 = $31, 318]
in table16.1 the actual value of PCE for 2005 was $29, 771 billion
the actual value was greater than the estimated value by $987 billion
this is the forecast error
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table16.1


Forecasting Special Terms

Forecast Band I

since the PCE figure is an estimate, it is subject to an error
should estimate of the forecast error we are likely to make
if the error term u is normally distributed, then Ŷ2005 is normally
distributed with mean equal to (β1 + β2X2005)

var(Ŷ2005) = σ2
[
1
n

+
(X2005 − X̄ )2∑

(Xi − X̄ )2

]
X̄ sample mean of the X values (1960− 2004),
σ2 variance of the error term u,
n sample size
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Forecasting Special Terms

Forecast Band II

since we do not observe the true variance u, we estimate from the
sample

σ̂2 =
∑

e2
t /(n − 2)

given the X value for 2005 we can establish a 95% confidence interval for
true E (Y2005)

Pr [Ŷ2005 − tα/2se(Ŷ2005) ≤ E (Y2005) ≤ Ŷ2005 + tα/2se(Ŷ2005)] = 95%

se(Ŷ2005) standard error obtained from var(Ŷ2005)
α = 5%
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Forecasting Special Terms

Forecast Band III

95% confidence interval for E (Y2005) is ($28, 552 billion, $29, 019)
although the single best estimate is $28, 784 billion
we will have to compute such confidence interval for each E (Y |X ) in
our sample
if we connect such confidence intervals, we obtain confidence band
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Forecasting Special Terms

Forecast Band V
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Forecasting Special Terms

Forecast Band V
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Forecasting Special Terms

Forecast Band V
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Forecasting Special Terms

Forecast Band V
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Forecasting Special Terms

Forecast Band V
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Forecasting Special Terms

Forecast Band VI

the variance of the estimated mean values increases as X value moves
further away from its mean value
this means that forecast error will increase as we move further away
from the mean value of the regressor
forecasting E (Y |X ) for X values much greater than X̄ will lead to
substantial forecast errors
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Forecasting Special Terms

Forecast Band VII

in the graph, measures of the quality of the forecast
root mean square, mean absolute error, mean absolute percentage
error
the Theil inequality coefficient which lies between 0 and 1; the closer it
is to zero, the better is the model

these are useful if we are comparing two or more methods of
forecasting
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Forecasting Special Terms

Autocorrelation

DW statistic in regression results suggests that the error term suffers
from first-order positive serial correlation
if we can take into account serial correlation, the forecast error could
be made smaller
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Forecasting Special Terms

Autocorrelation
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Forecasting Special Terms

Autocorrelation
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Forecasting ARIMA Modelling

The Box-Jenkins Methodology

BJ forecasting methodology analyses the probabilistic, or stochastic,
properties of economic time series on their own
"let the data speak for themselves"
allows for Yt to be explained by

past, lagged, values of Yt itself, and
current and lagged values of white noise ut

assumes that Yt is stationary
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Forecasting ARIMA Modelling

Autoregressive AR Model

Yt = β0 + β1Yt−1 + β2Yt−2 + · · ·+ βpYt−p + ut

ut a white noise error term
autoregressive model of order p, AR(p)

the value of p determined empirically using some criterion e.g., AIC
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Forecasting ARIMA Modelling

Moving Average MA Model

Yt = C0 + C1ut + C2ut−1 + · · ·+ Cqut−q

we express Yt as a weighted, or moving, average of the current and
past white noise error terms
known as MA(q) model
the value of q determined empirically
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Forecasting ARIMA Modelling

ARMA Model

we can combine the AR and MA models
called ARMA(p, q)

p autoregressive terms, q moving average terms
the values of p and q determined empirically
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Forecasting ARIMA Modelling

ARIMA Model

BJ methodology assumes that Yt is stationary, or can be made
stationary by differencing
known as ARIMA(p, d , q) model, where d denotes the number of
times Yt has to be differenced to be stationary
in most applications d = 1
if Yt is already stationary, then an ARIMA(p, d , q) becomes an
ARMA(p, q) model
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Forecasting ARIMA Modelling

BJ Methodology in Four Steps

1 identification
determine the appropriate values of p, d , and q
the main tool in this search are the correlogram and partial
correlogram

2 estimation
estimate the parameters of the chosen model
use OLS and sometimes use nonlinear (in parameter) estimation
methods
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Forecasting ARIMA Modelling

BJ Methodology in Four Steps

3 diagnostic checking
BJ ARIMA modelling is more an art than science
not absolutely sure the chosen model is the correct one
check the residuals are white noise otherwise start afresh (an iterative
process)

4 forecasting
the ultimate test of a successful ARIMA is its forecasting performance,
within the sample period as well as outside the sample period
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Forecasting ARIMA Example

Example: IBM daily closing prices

LCLOSE is nonstationary but DLCLOSE is stationary
which ARMA model fits DLCLOSE
correlgoram up to 50 lags
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Forecasting ARIMA Example

Example
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Forecasting ARIMA Example

Example
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Forecasting ARIMA Example

Example
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Forecasting ARIMA Example

Example: AR
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Forecasting ARIMA Example

Example: AR
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Forecasting ARIMA Example

Example MA

Dr. Hany Abdel-Latif (2017) ES1004ebe Lecture 13 Economic Forecasting 51 / 60



Forecasting ARIMA Example

Example ARMA (4,22)(4,22)
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Forecasting ARIMA Example

Forecast: ARMA (4,22)(4,22) dynamic
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Forecasting ARIMA Example

Forecast: ARMA (4,22)(4,22) static
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Forecasting ARIMA Example

EViews: Automatic ARIMA Selection
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Forecasting ARIMA Example
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Forecasting ARIMA Example
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Forecasting ARIMA Example

EViews: Automatic ARIMA Selection
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Questions & Answers
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