Chapter 12: Time Series Analysis & Forecasting
Introduction
Forecasting is a very difficult task in the short as well as in the long run:
· Not always easy to uncover historical patterns or relationships
· No guarantees that past patterns will continue in the future
Forecasting methods: an overview
1. Judgmental methods: non quantitative, based on judgment
2. Extrapolation or time series methods: quantitative
3. Econometric or causal methods: quantitative
2.a.	Extrapolation models
Quantitative models that use past data of a time series variable to forecast future values of the variable.
Complexity is not always better: a naïve forecast from a random walk model sometimes outperforms all of the more sophisticated extrapolation models. Complex models can trac historical series too closely; sometimes track patters that are really noise.
2.b.	Econometric models
Causal or regression-based models: use regression to forecast a time series variable by using other explanatory time series variables.
Issues:
· appropriate lags for the regression equation must be determined.
· Include lags of the dependent variable in the regression equation as explanatory variables.
· Autocorrelation: explanatory variables are correlated with itself (time series)
· Cross-correlation: explanatory variable is correlated with a lagged version of another variable.
2.c.	Combining forecasts
Combine two or more forecasts to obtain the final forecast. The forecast errors from different forecasting methods might cancel one another. Ideally 2-3 forecasts.
Not much evidence that averaging (equal weights) forecasts is any less accurate than more complex weighting schemes.


2.d.	Components of time series data
Trend component: observations increase or decrease regularly through time:
· linear trend: observations increase or decrease by the same amount from period to period.
· Exponential trend: the percentage increase from period to period remains constant.
· S-shaped trend: products that need time to ‘catch on’
Seasonal component: the same seasonal pattern tends to repeat itself every year.
Cyclic component: business cycles that affect variables in similar ways as seasonality but the length of the business cycle varies, is difficult to predict and is generally different from one year (which is typically a seasonal trend).
Random variation or noise: unpredictable components.
2.e.	Measures of accuracy
Forecast error: forecast value - actual value
Procedure:
1. Develop a model to fit the historical data.
2. Use this model to forecast the future Nostradamus-style
Several summary measures of forecast errors:
· MAE: Mean Absolute Error: absolute values of errors are used.
· RMSE: Root Mean Square Error: similar to standard deviation.
· MAPE: Mean Absolute Percentage Error: error expressed as a percentage.
Testing for randomness
3.a.	The Runs Test
Not easy to detect visually. The Runs test is a formal test of the null hypothesis of randomness. A run is defined as a consecutive series of observations that remain on one side of a predetermined base level (mean, median, etc.).
If there are too many random or too few runs in the series, the null hypothesis of randomness can be rejected. 
A small p-value in the runs test provides evidence of randomness.
E(R): Expected amount of runs for a series to be random.
Z-value: how many standard errors the observed number of runs is above or below the expected number of runs.
3.b. Autocorrelation
Autocorrelation: successive observations are correlated with one another.
Values of a time series are related to their own past values.
Lagging a time series: p604.


Regression-based trend models
Estimate a regression equation for Yt, using time t as the single explanatory variable.
4.a. Linear trend
Time series variable changes by a constant amount each time period.
Linear trend model: 
a: intercept term
b: expected change in series from one period to next.
4.b. Exponential trend
The time series changes by a constant percentage each period.
Exponential trend model: 
c & b : constant
e: grondtal vd natuurlijke logaritme, constante van Napier, getal van Euler = 2,7182818
ut: multiplicative error term
Equivalent linear trend of Logarithm of Y: 
a = 
b : percentage change per period
: 
Random Walk Model
The series itself is not random. Its differences: the changes from one period to the next are random.
Random walk model: 
m: mean difference
 : random series (noise) (mean=0; stdev=cst)
Moving averages forecast
Span: number of terms in each moving average.
Forecast: average of number of terms defined from span.
Exponential smoothing forecasts
Exponential smoothing bases its forecasts on a weighted average of past observations.
Simple: no trend or seasonality
Holt: trend but no seasonality
Winter: seasonality (and possibly trend)
7.a.	Simple exponential smoothing
Smoothing constant: number between 0 & 1.
Simple exponential smoothing: single smoothing constant α
Level: : estimate of where the series would be if there were no random noise.
Small α: respond slowly to changes
Large α: respond rapidly to changes
7.b.	Holt’s model for trend
In addition to the level of the series, Holt’s method includes a trend term Tt, and a corresponding smoothing constant β.
Tt: represents an estimate of the change in the series from one period to the next.
Seasonal Model
Seasonality is the consistent month-to-month differences that occur each year. Check whether a graph of the time series has a regular pattern of ups and downs in particular months.
3 different methods for dealing with seasonality:
1. Use Winter’s exponential smoothing
2. Deseasonalize the data => use any forecasting method
3. Use multiple regression with dummy variables for the seasons
In an additive seasonal model, an appropriate seasonal index is added to a base forecast. Indexes typically average to 0.
In a multiplicative seasonal model, a base forecast is multiplied by an appropriate seasonal index. Indexes typically average to 1. Multiplicative models are easier to interpret.
8.a.	Winters’ Exponential Smoothing Model
Similar to Holt’s model but has seasonal indexes and a corresponding smoothing constant.
8.b.	Deseasonalizing: The Ratio-to-Moving Averages
To deseasonalize an observation, divide it by the appropriate seasonal index. Methode op p. 640.
8.c.	Estimating seasonality with regression
[bookmark: _GoBack]Regression approach to forecasting seasonal data using dummy variables for the seasons.
Create dummy variables for the first 3 quarters, using the fourth as the reference quarter and estimate the additive equation. The coefficients of the dummy variables indicate how much each quarter differs from the reference quarter. Methode p. 643.
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