STAT 443: Course Aims and Objectives

Learning outcomes

The numbered items below each state a learning aim for the course, and
the items that follow indicate the learning outcomes (or objectives) through
which that aim could be deemed to have been satisfied. Each of the first
three numbered collection of outcomes corresponds to a chapter of material
in the course notes.

1. Appreciate the important features that describe a time series, and per-
form simple analyses and computations on series.

(a) Informally define and explain terminology used to describe time
series, including trend, seasonal effects, cyclical effects, outlier and
white noise.

(b) Recognize when curve—fitting may be an appropriate method for
modelling a series, identifying linear, quadratic, Gompertz and
Logistic models where appropriate.

(c) Describe models for seasonal variation, including additive and
multiplicative models.

(d) Apply a filter (that is, a smoother) to a time series, centring if
necessary.

(e) Use a filter to estimate the seasonal indices in a time series that
has an additive seasonal component.

(f) Define and apply the difference operator, including the operator
for seasonal differences.

(g) Recognize the role of transformations for time series, and iden-
tify possible transformations to address certain non-stationary fea-
tures of a series, such as non-constant variance and multiplicative
seasonal effects.

(h) Define the sample autocorrelation function and the correlogram.

(i) Describe the behaviour of the correlogram for series that alternate,
have a trend or show seasonal fluctuations.
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Use R to perform certain time series analyses including plots,
smoothing, computation of the sample autocorrelation function,
lagging and differencing.

2. Understand the definitions of the important stochastic processes used
in time series modelling, and the properties of those models.

Define the autocovariance and autocorrelation functions for a time
series model.

Define and explain what it means to say that a process is (weakly)
stationary.

Define what is meant by a white noise process.

Define a random walk model, and derive the basic properties of
such a model.

Define a moving average process of order p, i.e., an MA(q) .

Derive the mean, variance and autocovariance function of an MA(q)
process.

Define an MA(q) in terms of the backward shift operator B, and
hence define when an MA(q) is invertible.

Recall conditions that ensure that an MA (co) process is station-
ary.
Define an autoregressive process of order p, i.e., an AR(p).

Derive properties for an AR(1), including the mean, variance and
autocorrelation function.

Define an AR(p) in terms of the backward shift operator B, and
hence define when an AR(p) is stationary.

Derive the Yule-Walker equations for an AR(p) process.

Recall the general solution to the Yule-Walker equations, and
solve these equations where computationally feasible without the
aid of a computer.

Define an ARMA(p, q) process in terms of the backward shift op-
erator B, and hence define when an ARMA(p,q) is stationary
and/or invertible.
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Express an ARMA(p, ¢) model as a pure MA process (when p < 2)
or a pure AR process (when ¢ < 2).

Define an ARIMA(p, d, q) process in terms of the backward shift
operator B and the difference operator V.

Define a SARIMA (p, d, q) x (P, D, Q), process in terms of the back-
ward shift operator B, the difference operator V and the seasonal
difference operator V.

Express a SARIMA(p, d, q) x (P, D, Q), process as an ARMA(p, q)
process.

3. Appreciate and apply key concepts of estimation and forecasting in a
time series context.

(a)
(b)

Recall the main properties of the sample acvf and acf for a time
series.

Explain issues regarding estimation of the mean of a time series,
being able to identify in particular cases how the variance of the
sample mean differs from sampling from uncorrelated data.

Describe the issues related to fitting AR, MA and ARMA models,
in particular the choice of the order and general approaches to
parameter estimation.

Fit appropriate ARMA models to time series using the R software,
considering diagnostic checks where relevant.

Explain in broad terms how R fits an ARIMA model to a time se-
ries, with reference to the estimation methods such as conditional
least squares and maximum likelihood.

Interpret results of model diagnostic tests based on the residuals
of a fitted time series model.

Describe in general terms the differences and relationship between
subjective and model-based approaches to forecasting.

Identify when curve-fitting and extrapolation would be a viable
approach to forecasting future values of a time series.

Explain the principles underlying exponential smoothing as a fore-
casting method.



Describe the role of the parameter o in exponential smoothing,
and the criteria for how this parameter can be chosen.

Explain the principles underlying Holt’s method (double exponen-
tial smoothing) as a forecasting method.

Describe the role of the parameters a and § in Holt’s method, and
the criteria for how these parameter can be chosen.

Explain the principles underlying Holt—Winters forecasting method
for series with additive or multiplicative seasonal components.

Describe the role of the parameters o,  and v in Holt—Winters
forecasting method, and the criteria for how these parameters can
be chosen.

Describe and implement the Box—Jenkins approach to forecasting.
Explain the sense in which Box—Jenkins forecasting is optimal.
Compute prediction intervals for a Box—Jenkins forecast.

Describe the behaviour of Box—Jenkins forecasts as the lead time
increases.

Implement Box—Jenkins forecasting using the R software.

4. Understand and apply the theory and methodology of the analysis of
time series in the frequency domain.

(a)

Define the terms amplitude, phase, frequency and wavelength in
the context of modelling time series using sinusoidal models.

Explain why when modelling an integer—time series in the fre-
quency domain, only frequencies in the range 0 to m need be con-
sidered.

Define the Fourier transform of a function and identify when that
transform exists.

Define the inverse Fourier transform.

Recall the properties of the Fourier transform of functions that (i)
are defined only on the integers, (ii) are even and (iii) functions
that satisfy both (i) and (ii).

Define and interpret the spectral density and spectral distribution
functions for a time series.



Recall key properties of the spectral density and spectral distrib-
ution functions.

Where mathematically tractable, compute the spectral density
and spectral distribution functions of a time series model.

Where mathematically tractable, derive the acvf of a time series
model from the spectral density function.

Compute the Fourier series representation of an integer-time se-
ries.

Describe the role of the Fourier series coefficients in the fitting of
a sinusoidal model to a time series by least squares.

Recall and explain Parseval’s theorem as applied to the harmonic
analysis of a time series.

Define the periodogram for a time series.

Describe the relationship between the periodogram and sample
acvf.

Explain why the (raw) periodogram is not a consistent estimator
of the spectrum of a series.

Describe asymptotic properties of the periodogram.

Describe and explain methods for modifying the periodogram, in
particular approaches that (i) transform and truncate and (ii)
smooth the periodogram.

Construct confidence intervals for a spectrum based on a consis-
tent estimator following a modification of the periodogram.

Compare and contrast methods for modifying a periodogram using
the spectral window.

Analyze time series in the frequency domain using the R software,
interpreting the output as appropriate.

5. Describe the key time-domain features of bivariate time series.

(a)
(b)

Define what are meant by the terms cross—covariance and cross—
correlation.

Describe the properties of the cross—correlation function.



Determine when a bivariate time series model is (weakly) station-
ary.

Define the sample cross—correlation function and explain its inter-
pretation in practice.

Recall key sampling properties of the sample cross—correlation
function.

Create cross—correlograms in the R software.



