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Univariate time series modeling

In the univariate case a series is modeled only in terms of its own 

past values and some disturbances.
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Stationarity

Def. A stochastic process is said to be strictly stationary if its 

properties are unaffected by a change of time origin, in other 

words, the joint probability distribution at any set of times is not 

affected by an arbitrary shift along the time axis.

Def. A process {Yt} is defined to be weakly stationary if for all t it 

holds that
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Stationarity. Example
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Stationarity

Def. A stochastic process is said to be strictly stationary if its 

properties are unaffected by a change of time origin, in other 

words, the joint probability distribution at any set of times is not 

affected by an arbitrary shift along the time axis.

COV(Yt,Yt-k) does not depend upon t.

Def. A process {Y } is defined to be weakly stationary if for all t it 

5Demidova Olga, HSE, Advanced econometrics, 10.02.2016

photo

Def. A process {Yt} is defined to be weakly stationary if for all t it 

holds that
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Autocorrelation function. Examples
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Autocorrelation function. Examples
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Autocorrelation function. Examples
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Autocorrelation function. Examples
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Autocorrelation function. Examples
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General ARMA processes
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Lag polynomials
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