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Time Series Modeling – French GDP


With the recent developments in the European economy, we have heard much about the German, Greek and even Irish economies, but little about the French.  I’ve decided to take a look at the GDP trends in France over the past decade with the goal of modeling some future quarters of GDP growth in this important economy within the EuroZone.  

I gathered French GDP data from the French National Institute of Statistics and Economic Sources (http://www.insee.fr/en/default.asp).  Data was available quarterly from 1980 through 2010, however in order to minimize the economic effects of major historical, political or cultural events, this study will be limited to data from the years 1999 – 2010.  Therefore 48 datapoints will be used for this analysis.  Below is a graph showing quarterly percentage change in French GDP.
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As you can see, the time series does not appear to be stationary, with the average percentage change hovering somewhere around 0.90%.

The first step in time series analysis is to convert the selected time series to a stationary series that will reflect the same characteristics of the original data set.  In this case, we will attempt to accomplish this by taking the first differences of the quarterly changes.  The First Difference series is plotted here:
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This series shows signs of stationarity, both in the consistent magnitude of data maximums and minimums, as well as an average close to zero.  We also know that this data should not exhibit any signs of seasonality since the original data was adjusted for seasonality and workdays.   
Next we will look at a correlogram of the First Difference time series. 
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I calculated the 95% confidence interval (+- 1.96/sqrt(46)) and plotted the upper and lower limits on the chart.  Only one of our data points is outside of the 95% confidence interval and the rest of the data appear to be a white noise process which has some tendency to converge to zero.  

Analysis:

The jagged pattern of the correlogram would suggest an AR(1) model with a negative variable coefficient.  We will therefore test a model by fitting an AR(1), AR(2) and AR(3) to the First Difference Data Set.

Model #1: AR(1)
	Regression Statistics

	Multiple R
	0.364822719

	R Square
	0.133095616

	Adjusted R Square
	0.111951607

	Standard Error
	0.004046477

	Observations
	43

	 
	Coefficients
	Standard Error
	t Stat

	Intercept
	-0.000172322
	0.000617932
	-0.27886968

	X Variable 1
	-0.370217212
	0.147559917
	-2.508928034


Y(t)  = -0.0002 - (0.37022)(Yt-1) + e
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Model #2: AR(2)
	SUMMARY OUTPUT

	
	

	Regression Statistics

	Multiple R
	0.386233

	R Square
	0.149176

	Adjusted R Square
	0.106635

	Standard Error
	0.004059

	Observations
	43

	 
	Coefficients
	Standard Error
	t Stat

	Intercept
	-0.00021
	0.000621
	-0.33283

	X Variable 1
	-0.42286
	0.159904
	-2.64443

	X Variable 2
	-0.13802
	0.158741
	-0.86949


Y(t)  = -0.00021 -  0.42286(Yt-1) - 0.13802(Yt-2) + e
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Model #3: AR(3)
	SUMMARY OUTPUT

	
	

	Regression Statistics

	Multiple R
	0.462613

	R Square
	0.214011

	Adjusted R Square
	0.15355

	Standard Error
	0.003951

	Observations
	43

	 
	Coefficients
	Standard Error
	t Stat

	Intercept
	-0.00031
	0.000607
	-0.50733

	X Variable 1
	-0.47132
	0.157977
	-2.98349

	X Variable 2
	-0.26461
	0.169873
	-1.55772

	X Variable 3
	-0.28421
	0.158458
	-1.7936


Y(t)  = -0.00031 - (0.47132)(Yt-1) - (0.26461)(Yt-2) - (0.28421)(Yt-3) + e
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	Model
	R-squared
	Adjusted R-squared
	Durbin-Watson Statistic

	AR(1)
	0.133
	0.112
	2.085

	AR(2)
	0.149
	0.107
	2.074

	AR(3)
	0.214
	0.154
	2.143


Conclusion: 

Looking at the graphs alone, the AR(2) model appears to most closely fit the actual data, both in the pattern of the graph, and in the magnitude of the spikes.  Upon further observation, the AR(1) and AR(2) models have similar ‘R-values’ (the AR(3) is significantly higher) although none of the ‘R-values’ would lead me to think that these models would be successful in accurately predicting the future growth of the French GDP.  Additionally, the Durbin-Watson statistic is close to 2.0 on all three models which would suggest that the residuals of these models are a white  noise process.  

Based on the visual inspection of the graphs, and the low Durbin-Watson statistic of the AR(2) model, I would select this model to use for forecasting purposes.   However the results demonstrate a weak connection between the fitted and actual data, and so further analysis would need to be done in order to improve the modeling results.  
