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Per Capita Personal Income in Michigan
Introduction
This project is based off the template for ARIMA modeling of personal income in the NEAS discussion forum.  This topic seems relevant today amongst discussion about the state of the economy and the growing conflict between the “haves” and the “have-nots” (ie the 99% and the 1%).
Of particular interest to me is the trend of personal income in my home state of Michigan.  Due to trouble in the automobile industry, it felt like Michigan (the Detroit area in particular) entered a recession well before the rest of the country did in 2008. This project gave me a look at how per capital income in Michigan related to per capita income nationwide.
This project consists of three models:
1. A model of Michigan's nominal per capital personal income,
2. A model of Michigan's income relativity (compared to the country-wide figure), and
3. A model of relativities for all states for which data was available.
I used the personal income data from the NEAS discussion forum to estimate the parameters in the models. This data only included years 1929 to 2005. I used the models to forecast years 2006 through 2010, and then compared the results to data from the following website: http://bber.unm.edu/econ/us-pci.htm.
Model 1: Michigan's Nominal Personal Income
Since we know that nominal personal income is not likely to be stationary (it usually increases, due to inflation), it makes most sense to begin by modeling the first differences of the logs. The graph below shows this series.
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From this graph alone one cannot determine that this series is stationary, nor can one rule it out. A second test, a graph of the sample autocorrelation function, will help determine the reasonableness of assuming stationarity.
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From this graph, it does appear that the sample autocorrelation function decays to zero as lag increases, so we will proceed assuming that the series is stationary.
Using linear regression I fit AR(1) and AR(2) models to the first difference of logs. Here are the results:
	Model
	Formula
	Std. error of φ1 est.
	Standard error of φ2 est.
	R2

	AR(1)
	Yt =.029+.463Yt-1
	0.097
	N/A
	.236

	AR(2)
	Yt =.037+.461Yt-1 -.116Yt-2
	0.115
	0.109
	.195


By looking at the R2 values, neither model seems to indicate a strong linear fit. Adding at additional parameter in the AR(2) model actually decreased the value of R2. In addition, the additional parameter of φ2 in the AR(2) model does not appear to be significantly different from zero (φ2 is less than two standard deviations in magnitude). Thus, I conclude that AR(1) is a better model for this data set.
Model 2: Michigan's Relative Personal Income
Since even the AR(1) model of nominal income did not seem to be a very good fit, my next step was to look at Michigan's relative personal income (Michigan's figures divided by nationwide figures). It sounds like the model suggested by economists is an AR(1) model with φ1=.98. I attempted to fit an AR(1) model as well.
My first step was to test for stationarity.  Here is a plot of the relativities:
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At first glance, this looks to be slightly decreasing over time, indicating that this series is not stationary. A plot of the sample autocorrelation function also appears to contradict stationarity.
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The plot decays to zero, then dips below zero, and comes back up again. However, it does seem to level out around zero at lag 70; perhaps if more years of data were available we would see the function stay near zero at lags greater than 70.
Based on these two plots, I also looked at the first difference of Michigan's relativities. The following two plots result:
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Both of these plots look a little better: the differences themselves don't show a downward trend and the sample autocorrelations do appear to decay (in an oscillating manner) to zero.
Based on these plots I used regression to fit AR(1) and AR(2), as well as ARIMA(1,1,0) and ARIMA(2,1,0) models.
	Model
	Formula
	Std. error of φ 1 est.
	Standard error of φ 2 est.
	R2

	AR(1)
	Yt =.145+.861Yt-1
	0.061
	N/A
	.731

	AR(2)
	Yt =.147+.953Yt-1 -.093Yt-2
	0.115
	0.116
	.744

	ARIMA(1,1,0)
	Yt = -.001+.021Yt-1
	0.114
	N/A
	.000

	ARIMA(2,1,0)
	Yt = -.001+-.001Yt-1 -.097Yt-2
	0.117
	0.115
	.010


These results surprised me a bit. It appears that taking first differences was not the way to go. The R2 values for both ARIMA models were essentially zero, and none of the φ parameters were further than two standard errors from zero. Though the plots of first differences suggested stationarity, I may have fell into the “over differencing” trap mentioned in the textbook.
On the other hand, the AR(1) model fits surprisingly well. The R2 value is high and the value of φ 1 appears significant (although not equal to the .98 suggested by economists). The value of φ 2 in the AR(2) model does not appear to be significant and the model only slightly improved the R2 value. Based on this, and the principle of parsimony, I conclude that the AR(1) model is the best of these four.
Model 3: All States' Income Relativities
In attempt to get closer to the suggested .98 value for φ 1,my final model uses the relativities for all states (state income divided by nationwide income) to estimate the parameters in an AR(1) model. Note: even though Alaska and Hawaii data start at 1950; they are still included in the model. The following are the results from linear regression on this data:
	Model
	Formula
	Std. error of φ 1 est.
	R2

	AR(1)
	Yt =.027+.973Yt-1
	0.003
	.972


This fit appears very good! The R2 is very close to one and the value of φ1 is almost .98. These are encouraging results.
To test if the residuals are white noise, I looked at two plots: a q-q plot and a plot of residuals vs. fitted values.
The Q-Q residual plot does not indicate normality. In fact, the plot looks like a textbook example of a symmetric thick-tailed distribution.
The plot of standardized residuals vs. fitted values shows that although most of the residuals fall within two standard deviations of zero, there are still quite a few outside that range. This is especially evident at higher fitted values, where the residuals seem to stray much further from zero than at lower fitted values. Again, this does not seem to be indicative of white noise.
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Since my main area of focus is Michigan, I also looked at a plot of just Michigan's residuals. The following shows the same pattern; most values are within two standard errors, with some higher variation at larger fitted values.
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Forecasting
After fitting parameters for the three models described above, my final step was to test how accurately these models could forecast future values. I was able to find more recent data from the University of New Mexico at this website:  http://bber.unm.edu/econ/us-pci.htm. This site contains data from 1990 to 2010.  In the years where this data overlaps the NEAS data (1990-2005) the figures are slightly different between the two sources.  This may be due to slight differences in how the figures were measured.  Since the NEAS data contained more data points, I used that source to build the model instead of solely relying on the University of New Mexico data.
Since the first model (difference of logs of nominal income) didn't produce relativities, I chose to compare forecasts of only the second two models against Michigan's actual income relativities for 2006 through 2010. For the model based on Michigan's data only I used the best fit model (the AR(1)) for the forecasting. I did two different forecasts:
1) Using UNM's 2005 Michigan relativity as the initial input and forecasting relativities for 1, 2, 3, 4, and 5 years ahead, and
2) Using UNM's 2005-2009 Michigan relativities as inputs and calculating only 1-year ahead forecasts.
The following plots show these forecasts, along with the actual relativities for years 2005-2010.
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Neither of these models did a very good job of forecasting. Michigan's actual relativities showed a downward trend more severe than either model predicted. Though the one-year-ahead forecasts assume a similar shape to the actual values, they still did not decline as much as the actual.  Surprisingly, the model based on data from all states did a better job of predicting than the model based on Michigan only.
Conclusion
Based on the diagnostics (R2 value, standard errors, residuals) as well as the accuracy of forecast predictions, I conclude that the AR(1) model of income relativities derived using data from all states is the best model of the three looked at. This surprised me a bit; I had expected a model fitted using Michigan data would better capture patterns unique to Michigan than a model considering all states. 
