
UnivariateUnivariate Time Series ModelTime Series Model
Stationary Process Models

M i  A  (MA( ))- Moving Average (MA(q))
- Autoregressive (AR(p))g ( (p))
- Autoregressive Moving Average (ARMA(p,q))

N P  M d lNonstationary Process Models
- Autoregressive Integrated Moving Average g g g g

(ARIMA(p,d,q))
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Moving Average (MA(Moving Average (MA(qq))))
Relationship between mean value of 

dependent variable with weighted average of dependent variable with weighted average of 
random disturbances up to q period.

M  A   f d   MA( )Moving Average process of order q or MA(q)

y              0 1 1 2 2t t t t q t qy                
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Autoregressive (AR(Autoregressive (AR(pp))))
Relationship between mean value of dependent 

variable with weighted average of its variable with weighted average of its 
previous values up to p period.

Autoregressive process of order p or AR(p)

y y y y        1 1 2 2t t t p t p ty y y y           
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Autoregressive Moving Average Autoregressive Moving Average 
(ARMA((ARMA(pp,,qq))))
C bi i  f A i  d M i  Combination of Autoregressive and Moving 

Average of order p and q or ARMA(p,q)

1 1 2 2t t t p t py y y y         
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Autoregressive Integrated Moving Autoregressive Integrated Moving 
Average (ARIMA(Average (ARIMA(pp,,dd,,qq))))
Model for integrated nonstationary series of Model for integrated nonstationary series of 

order d or (I(d)) that already transformed 
i  bi ti  f A t i  d using combination of Autoregressive and 

Moving Average process of order p and q or 
ARIMA(p,d,q)

d d d d
1 1 2 2

d d d d
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SeasonalitySeasonality
Time Series Component
Seasonal Adjustment Census X 12Seasonal Adjustment – Census X-12
Seasonal ARIMA (SARIMA)
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BoxBox--JenkinJenkin MethodologyMethodology
1. Identification

Identify appropriated value of p, d, &q Identify appropriated value of p, d, &q 
- use ACF, PACF, and LB Test

 AIC  SIC (  th  d l ith - use AIC or SIC – (use the model with 
lowest value)
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BoxBox--JenkinJenkin MethodologyMethodology
2. Estimation

Estimate ARIMA(p d q) using appropriated Estimate ARIMA(p,d,q) using appropriated 
method (e.g. NLS, MLE, or GMM)

3. Diagnostic Checking
Check whether the series follow properties Check whether the series follow properties 
of the models.  e.g. check residuals from the 

ti t d ARIMA d l h th  th   estimated ARIMA model whether they are 
normally distributed.
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BoxBox--JenkinJenkin MethodologyMethodology
4. Forecasting

Choose the model that best fit the series Choose the model that best fit the series 
based on your objective (e.g. accurate 

d h k f   (RMSE  prediction—check forecasting error (RMSE, 
or Theil’s Inequality Coefficient)
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ForecastingForecasting
In-sample Forecast

Forecast that use data within the estimation Forecast that use data within the estimation 
sample.

Out-sample Forecast
Forecast that use data outside the Forecast that use data outside the 
estimation sample.

Y Y Y Y

Out-sample Forecast

t
Y0 YT YT+1 YT+2

In-sample Forecast
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ForecastingForecasting
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Index for Forecasting ErrorIndex for Forecasting Error
Root Mean Square Error (RMSE)
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ForecastingForecasting
One-step-ahead and Multi-step-ahead 

forecasts

One-step-ahead 1ˆ ( )t ty f Y 

forecasts.

Multi-step-ahead ˆ [ | ]t h t h ty E y Y 

Forecasting and AR Process

ŷ y y     One step ahead 1 1 1t t p t py y y       One-step-ahead

Two-step-aheadp
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ForecastingForecasting

One-step-ahead Forecasting Error
ˆ1 1 1ˆt t ty y    

Forecasting Error Variance 2

Two-step-ahead Forecasting Error

Forecasting Error Variance 

2 2 2 1 1ˆt t t ty y        

F ti  E  V i 2 2(1 ) Forecasting Error Variance 1(1 ) 
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ForecastingForecasting
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