- 26 -

I. Introduction

Is the rich getting richer while the poor getting poorer? This is a question people always concern about when they look at a country’s economy. Income inequality in the U.S. has been enlarged over the past three decades. The Census Bureau has been studying the distribution of income for about half century. The statistics show that the income inequality had declined till 1968 since 1947 when Gini was first adopted by the Census Bureau as a measurement of family income inequality, and then it kept going up. 

I developed this paper in the hope of finding out the determinants of Gini coefficient and investigating the explanatory power of each determinant. My research is based on the time-series data from 1964 to 2001 in the United States.

This paper consists of seven sections. Section I is introduction. Section II contains the description of empiric model. Section III analyses the results of multicollinearity. In Section IV autocorrelation is tested. Section V discusses the result of the model estimation. Section VI tests the forecasting ability of the empiric model. Finally, Section VII is the conclusion.

II. Empiric model

To investigate the impact of the various variables on the income inequality, Equation 1 is estimated, using annually data on the U.S. economy during 1964-2001. The method of estimation is OLS
 and the statistical investigating program is EView. 

Equation 1:  Gini coefficient t= F (St, PRODt, FDIAt, UDt, MWt) + error termt
The definition of each variable is listed in Table 1, along with its expected contribution to Gini coefficient.


The commonly used measures of income inequality include Lorenz curve, Robin Hood Index, Gini coefficient and Atkinson’s Index. (MacArthur)
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Lorenz curve, as shown in Figure 1, is the basic measurement of income inequality. It plots the cumulative share of total income earned by households ranked from bottom to top. In other words, Lorenz curve shows the households’ income distribution.

Robin Hood Index is equivalent to the maximum vertical distance between the Lorenz curve and the line of equal incomes. The value of the index approximates the share of total income that has to be transferred from households above the mean to those below the mean to achieve equality in the distribution of incomes. However, for the top and bottom income households, the vertical distances between Lorenz curve and perfect equality line may be different; even though they might have the same maximum vertical distance. Therefore, Robin Hood Index is not efficient enough because the same Robin Hood Index may represent different transferring shares of total income.

Gini coefficient is the most common measure of income inequality. The Gini Index equals Gini coefficient multiply by 100. The Gini coefficient ranges from 0 to 1, where 0 means perfect equality that everyone has the same income and 1 means perfect inequality that one person has all the income, everyone else has nothing. The Gini coefficient is derived from the Lorenz curve. According to the graph, Gini coefficient is the ratio of the area between Lorenz curve and perfect equality line (A) to the area between perfect inequality line and equality line (A + B). The value of Gini coefficient can be considered as the degree of income inequality. When the Gini coefficient is g, and the society can be divided into the rich layer r and the poor layer 1-r, the share of the rich layer income becomes r + g. For instance, when the Gini coefficient is 0.6 and the rich layer is 30%, the share of the rich layer income is 90% of the total income.

Atkinson’s Index is not as common as Gini Index; however it is also considered a useful tool to measure income inequality. Atkinson Index is developed from normative judgments about social welfare. It compares the income level that satisfies everyone to the actual average income. If the ratio between these two factors becomes lower, which implies a lower proportion of satisfaction, the inequality will increase. However, due to the difficulty in measuring satisfaction by normative judgments, Atkinson Index loses its credibility.

Based on the understanding of the above four different measures of income distribution, the Gini coefficient, which positively relate to the income inequity, is the most proper measurement. Thus, I adopt Gini coefficient as a measurement of income inequality.            
Table 1: The Independent Variables Included in Equation (1) and the Expected Signs of Their Estimated Coefficients.

Dependent variable: Gini Coefficient

Time Period: 1964 – 2001

	Independent Variables
	Definition
	Expected contribution to Gini Coefficient

	St
	The ratio of the over 25-year-old population without college degree to the entire over 25-year old population with some education in period t.
	Positive

	PRODt
	The ratio of productivity of labor in manufacturing industries to the overall productivity of labor in business in period t
	Negative

	FDIAt
	The ratio of the amount of annual US foreign direct investment in abroad to the amount of annual GDP
	Positive

	UDt
	Percentage of labor force that belongs to the Labor Union
	Negative

	MWt
	Annually federal real minimum wage
	indeterminate


According to U.S. Census Bureau report, the changes of income inequality in the long-term are mainly related to the changes in the nation’s labor market and its household composition. The causes of income inequality due to the labor market can be categorized into three broad groups, which are supply-side factors, demand-side factors and institutional factor. 

Supply-side Factors

As indicated in the Economic Report of the President 1997 (ERP1997), supply-side factors can increase inequality if they cause the supply curve in the market for less skilled workers to shift outward by relatively more than the supply curve in the market for more skilled workers. In this case, there would be a greater negative effect on the wage rate of less-skilled worker than the wage rate of the more-skilled worker. As a result, income inequality increases. In Figure 2, the income inequality is w2-w1 before the supply curves shift. After the supply curves shift in both less skilled and more skilled market, the income inequality grows to w2’-w1’, which is obviously a bigger gap.
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The variable S is included in Equation 1 to capture the above effect. The acceptance of academic certificate is the most widely used variable by the economists to distinguish between more-skilled and less-skilled workers in the labor market. Richard Freeman (2000) considered the slower growth of college-educated labor force relative to the labor force that less than high school education as one of the aspects of wage inequality across countries. S, is defined as the ratio of the over 25-year-old population without college degree (Snc) to the entire over 25-year old population with some education (Sp) in period t. Thus, S = Snc / Sp. According to the above theory, an increase in S means that the supply curve in the market for less skilled labor has shifted outward by relatively more than the supply curve in the market for more skilled labor resulting in a greater gap in income inequality. If S stays constant, it means that the supply curve in the market for less skilled workers has shifted outward by relatively the same amount as the supply curve in the market for more skilled labor resulting in no change in the gap in income inequality would remain at the same level. If S decreases, it means that the supply of the more skilled labor has shifted outward by relatively more than the supply curve of the less skilled labor. Then the gap in income inequality would be smaller. So, S has a positive relationship with income inequality.

Figure 3
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Figure 3 shows the actual change of S from 1964 to 2001. S kept declining for most of the time, which means the percentage of over 25-year old population without college degree decreased over this time period. In other words, in the over 25-year-old educated population, the portion with college degree has kept growing since 1964. Theoretically, Gini coefficient should decrease with S over this time period.

Demand-side Factors

Another contributor to the income inequality is the shifting of demand from unskilled workers to skilled workers. ERP (1997) points out that demand-side factors influence the relative wages of more and less skilled workers. If the demand curve for more skilled labor shifts outward or the demand for less skilled labor shifts inward, the wage gap between low skilled and more skilled workers increase. As shown in Figure 4, before the increasing demand for more skilled workers, the income inequality is w2 – w1. However, the income inequality grows to w2’ – w1’ after the demand curves for more and less skilled workers shift. Compare with the supply-side factors, the demand-side factors have a greater influence on the income inequality because unlike the supply curves, the demand curves in less and more skilled labor markets are likely to move in the opposite directions.
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The variable PRODt is included in Equation 1 to capture the effect of the above changes in demand curves for skilled versus unskilled workers on income inequality. Labor productivity is the output per hour of work. Theoretically, the more productive the labor is, the higher the demand for labor is. However if the labor productivity of skilled workers increases comparatively at a higher rate than unskilled workers, the shifts of demand would happen as shown in Figure 4. To capture the difference between productivity of low skilled and high skilled workers, one may look at the difference between productivity of labor in industries that are dominated by these two types of labor. In this paper, I would like to use the labor in manufacturing sector productivity (Pm) to represent the less skilled worker productivity, while use the overall business labor productivity (Pall) to represent both skilled and less skilled worker productivity. The ratio of Pm to Pall would be included as a variable in my regression, which is noted as PROD = Pm / Pall. The greater PROD implies an increase in the productivity of less skilled labor relative to the productivity of all labor, which results in narrowing income inequality. Thus, PROD has a negative relationship with Gini coefficient.

Figure 5
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From Figure 5, we can see the change of PROD over time is fluctuating. The lowest PROD was in 1975, since then it generally shows an upward sloping. This fact implies that the low skilled labor productivity increased relative to the overall labor productivity. According to the theory, the change of Gini coefficient should be the opposite to the change of PROD.

Another demand side variable, FDIA indicates the affect of international competition on income inequality. In the environment of globalization, the US firms make themselves more competitive by substituting less expensive foreign workers for American workers so that they can cut down the manufacturing cost. As a result, the demand for less-skilled labor is negatively affected, as shown in Figure 4. Direct investment in foreign countries is a way to take advantage of the cheap foreign labor. If the US firms’ foreign investment increases, the demand for foreign labor increases. In contrast, the US firms demand less domestic labors. Since US firms mainly demand the foreign labor for low skilled manufacturing, the demand for low skilled domestic labor shifts inward as in Figure 4, however, the demand for skilled labor is not affected. In my regression, I use FDIA, which is the ratio of US FDI abroad to GDP as a measurement of domestic demand for less skilled labor. The higher the ratio is, the lower the demand for less skilled labor is. Thus, the income inequality increases. 

Figure 6
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According to Figure 6, in the period from 1964 to 1973, FDIA didn’t change very much from 60’s to 70’s, and then declined at the beginning of 80’s and kept increasing since the middle of 80’s. The theory suggests that the Gini coefficient should increase with FDIA. Thus, the income inequality should increase since middle 80’s.

Institutional Factors

In the third component of income inequality causes that relate to labor market are institutional factors. In this part, declining influence of unions and a reduction in the real value of the minimum wage have been considered as the two most important institutional factors contributing towards income inequality. 

The variable UD captures the impact of the nation’s labor union on income inequality. Union density represents the percentage of labor force belongs to the Labor Union. The higher union density has a positive impact on the overall industry wage rate, including for non-union workers. Thus, union density, UD could be considered as a measurement that has a negative impact on inequality. From 1964 to 2001, UD kept declining, as shown in Figure 7. We can expect an increase in Gini coefficient according to the theory and the graph.

Figure 7

[image: image4.emf]Change of UD: 1964-2001

1964 1973 1982 1991 2000

Year

UD


In addition, MW (the real value of the minimum wage) is the other important variable to indicate the influence of wage on income inequality. Since the minimum wage in the United States is set periodically instead of pegging to inflation, it always loses value, though periodically lift up a bit when the drop gets severe. The inflation-adjusted value of minimum wage of $5.15 in 2003 was almost a quarter less than at its peak in the late 1960s. As a result, the bottom of income distribution gets lower wage. In Figure 8, we can see that every time when the nominal Federal minimum wage increased, the real minimum wage increased with it at first, and then dropped even more than the amount the real minimum wage had increased. Thus, the real minimum wage always shows a downward sloping even though the nominal minimum wage were adjusted to higher level. 

Figure 8
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However, the impact of MW is indeterminable, because a rising real minimum wage can result in both greater income of low skilled worker and higher unemployment rate. The reason for firms to reduce the size of their employment is to deduct the additional cost which is generated by the increasing minimum wage. Figure 9 shows us the dual effect of the increase of real minimum wage. Before the change of wage, the aggregate labor income is parts B and C. After the change of wage, the aggregate income of labor is part A and B. Thus, when A > C, the increase of MW leads to a gain of overall income; while when A < C, the increase of MW leads to a loss of overall income. The “overall income” here only represents the income for the low income families, because the minimum wage directly affects the income of low income families rather than high income families. 

Figure 9
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III. Multicollinearity Test

Multicollinearity can be either perfect or imperfect. Perfect multicollinearity happens when two or more independent variables have a perfect or error free linear relationship with each other. It means that holding other independent variable constant, when one independent variable changes the other variable changes too. Perfect multicollinearity violates the classic assumption that no independent variable is a perfect linear function of other independent variables. Econometricians do not worry about perfect multicollinearity very much because it actually rarely exists or easily avoidable. However, imperfect multicollinearity occurs very often. Imperfect multicollinearity is defined as a strong linear functional relationship between two or more independent variables. A severe imperfect multicollinearity can significantly affect the estimation of the coefficients of the independent variables.

There are three different principles to detect the multicollinearity. First, a high adjusted R2 but low t-scores suggest a multicollinearity problem. Second, if the correlation coefficient of two independent variables is greater than 0.7, a severe multicollinearity may exists. Third, if the correlation coefficient of two independent variables is greater than the correlation coefficient of dependent variable and independent variable, multicollinearity should be suspected. In Table 2, all of the correlation coefficients between variables are listed.

Table 2
: Correlation Matrix for All Explanatory Variables in Equation 1.
	
	GINI
	S
	PROD
	FDIA
	UD
	MW

	GINI
	1.000000
	-0.934063
	0.911270
	0.685940
	-0.947976
	-0.738583

	S
	-0.934063
	1.000000
	-0.800393
	-0.614854
	0.984950
	0.703860

	PROD
	0.911270
	-0.800393
	1.000000
	0.737408
	-0.828174
	-0.663344

	FDIA
	0.685940
	-0.614854
	0.737408
	1.000000
	-0.550379
	-0.234288

	UD
	-0.947976
	0.984950
	-0.828174
	-0.550379
	1.000000
	0.772952

	MW
	-0.738583
	0.703860
	-0.663344
	-0.234288
	0.772952
	1.000000


According to Table 2, a severe multicollinearity problem exists. The absolute values of correlation coefficients between S and PROD, PROD and FDIA, UD and S, UD and PROD, UD and MW are all greater than the correlation coefficient between Gini and these independent variables. The questionable coefficients are shown in the bold form. Based on the theories in Section II, none of the independent variables can be dropped. Hence, I decide to look at the change of each variable instead of the direct value of each variable. The new equation will be:

Equation 2:  ΔGini coefficient t= F (ΔSt, ΔPRODt, ΔFDIAt, ΔUDt, ΔMWt) + error termt 

Table 3
: Correlation Matrix for All Explanatory Variables in Equation 2.
	
	ΔGINI
	ΔS
	ΔPROD
	ΔFDIA
	ΔUD
	ΔMW

	ΔGINI
	 1.000000
	 0.009765
	 0.064754
	-0.058903
	 0.018339
	-0.206022

	ΔS
	0.009765 
	 1.000000
	 0.080402
	 0.121412
	 0.053037
	 0.221938

	ΔPROD
	0.064754
	 0.080402
	 1.000000
	-0.028181
	 0.094474
	-0.177632

	ΔFDIA
	-0.058903
	0.121412 
	-0.028181
	 1.000000
	 0.361496
	 0.078898

	ΔUD
	0.018339 
	0.053037
	0.094474
	 0.361496
	 1.000000
	 0.183408

	ΔMW
	-0.206022
	0.221938
	-0.177632
	 0.078898
	0.183408 
	 1.000000


In Table 3, none of the absolute values of correlation coefficients between independent variables is more than 0.7. However, most of the values between independent variables are greater than the values between independent variables and dependent variable. Such values are shown in bold in Table 3. As a matter of fact, a more serious multicollinearity problem exists in the new equation. The other way to solve this problem is to transform the multicollinear variables. To achieve this goal, I will introduce a new independent variable that captures the characteristics of S, PROD, and FDIA. This new independent variable, DIHC, represents the difference between the high school graduates annual income and college graduates annual income. High school graduates represent the less skilled workers, while college graduates represent the more skilled workers. The annual income can be considered as intersection of demand and income of workers. Therefore, DIHC captures the income gap between less skilled and skilled workers. The third equation will be:

Equation 3:  Gini coefficient t= F (DIHCt, UDt, MWt) + error termt

Table 4
: Correlation Matrix for All Explanatory Variables in Equation 3.
	
	GINI
	DIHC
	UD
	MW

	GINI
	 1.000000
	 0.975694
	-0.947976
	 0.945124

	DIHC
	 0.975694
	 1.000000
	-0.967550
	 0.943203

	UD
	-0.947976
	-0.967550
	 1.000000
	-0.966604

	MW
	 0.945124
	 0.943203
	-0.966604
	 1.000000



In Table 4, two out of three correlation coefficients have problems, which are greater than the correlation coefficients between independent variables and dependent variable. In this equation, I found that multicollinearity is still a severe problem. Besides enlarging the sample size, I have tried all other remedies for the multicollinearity problem. Due to the data limitation, there is nothing else I can do to resolve the multicollinearity problem. As a result, I have to ignore the multicollinearity problem in this case. The major consequence of multicollinearity is that the coefficients may turn out to be insignificant while they should be significant. In other words, the variables cannot explain GINI very well separately. However, the variables can explain GINI as a group, because the variables are still unbiased with multicollinearity problem.
IV. Autocorrelation Test


When the theoretical assumption that no correlation between the error terms exists is violated, autocorrelation becomes a problem. Autocorrelation has two forms, which are positive and negative. If the error term has the same sign from one time period to the next, there is a positive autocorrelation. If the error term has the different sign from one time period to the next, there is a negative autocorrelation. 
Figure 10 shows a certain pattern for residuals of Equation 1. More specifically, we can see that the current observation of the error term tends to have the same sign as the previous observation of the error term. So, I suspect that there is a positive autocorrelation problem. 

Figure 10: Residuals from Equation 1
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To be more accurate, I will use Durbin-Watson procedure to test the autocorrelation. At a 5 percent level of significance, with five explanatory variables, and 38 observations, the lower limit of the critical DW is 1.20 and the upper limit of the critical DW is 1.79. If the DW is smaller than 1.20, then a strong positive autocorrelation problem exists. However, if the DW is greater than 1.79, then there is no major positive autocorrelation problem. The result from EView shows that the approximate DW stat is1.04, which is smaller than 1.20. Thus, a strong autocorrelation problem may be suspected.
Autocorrelation leads to three possible consequences. The first consequence is that the bias exists in the coefficient estimates when the autocorrelation is impure
. Unlike pure autocorrelation, which is caused by the lingering random shocks, impure autocorrelation is caused by wrong functional form, omitted variables or data error. In the    of impure autocorrelation, the mean of the estimated coefficients does not equal to the true coefficient. The second consequence is the increase in the variances of the coefficient distributions that is masked by an underestimation of those variances by OLS. OLS is more likely to misestimate the true coefficient with autocorrelation because the serially correlated error terms will cause the dependent variable to fluctuate in the way that the OLS estimation procedure attributes to the independent variables. The change of getting a wrong coefficient increases lead to a larger variance. However, this fact is masked by the underestimation of the standard errors of the coefficients. The serial correlation usually results in a pattern of observations that allows a better fit than the actual non-serially correlated observations would justify. As a result, the coefficients of OLS have the underestimated standard errors. The low standard errors will cause the high t-scores, which increases the possibility to reject a null hypothesis when it is true. These consequences are very harmful to the estimation, so we have to solve the autocorrelation problem.


The solution for autocorrelation problem is to correct the error terms of Equation1 for autocorrelation via using the GLS
 procedure. To follow the GLS procedure in EView all one has to do is to add AR (1) to the set of independent variables of Equation 1. Therefore, I get a new equation:

Equation 4:  Gini coefficient t= F (St, PRODt, FDIAt, UDt, MWt, AR (1) t) + error termt 


The coefficient of AR (1), ρ
, is the coefficient of serial correlation. With new variable AR (1), the DW stat goes up to 1.86, which is higher than the upper limit of the critical DW at 1.79. This result suggests that the autocorrelation problem is resolved in Equation 4.

V. Empirical Estimation Results

Table 5: The Results of Estimation of Equations 4

Time Series Samples (1965 - 2001)

Sample Size: 37 after adjusting endpoints
Dependent Variable: Gini Coefficient (GINI)

	Variable
	Coefficient
	t-Statistic
	Expected Sign of  Coefficients

	S
	-0.188429
	-0.834802
	Positive

	PROD
	0.042695
	1.197336
	Negative

	FDIA
	0.159576
	1.148457
	Positive

	UD
	-0.244853
	-1.314214
	Negative

	MW
	-0.007127
	-0.785374
	Indeterminable

	C
	0.542818
	3.405235
	

	AR(1)
	0.556176
	3.502661
	

	Adjusted R-squared
	0.964263
	
	


In Table 5, it shows the adjusted R-square is about 0.96. The high adjusted R-square implies that the independent variables as a whole have a strong significance to explain the dependent variable. In this case, 96% of total variation of Gini coefficient (GINI) around its mean is explained by the independent variables. To test the hypothesis of the individual independent variable, we have to do t-test on each independent variable by comparing their t-score with the critical t-score. For one-sided test, null hypothesis can only be rejected when the t-stat is higher than the absolute value of critical t. For two-sided test, null hypothesis can be rejected when the t-stat is either higher than the positive value of critical t or lower than the negative value of critical t. Table 6 shows the results of t-tests for every independent variable.
Table 6: t-Tests for the Coefficients of Independent Variables.

	Variable
	Alternative Hypothesis (Ha)
	Null Hypothesis (Ho)
	Critical t-score

	t-Score
	Reject or Fail to Reject

	S
	Positive
	Negative
	1.697
	-0.834802
	Fail

	PROD
	Negative
	Positive
	1.697
	1.197336
	Fail

	FDIA
	Positive
	Negative
	1.697
	1.148457
	Fail

	UD
	Negative
	Negative
	1.697
	-1.314214
	Fail

	MW
	Not equal to 0
	Equal to 0
	2.042
	-0.785374
	Fail


The results from Table 6 reveal that all of the null hypothesis are failed to be rejected because of low t-scores. In other words, holding other independent variables constant, neither of S (the ratio of non-college population to all educated population), PROD (the ratio of manufacturing labor productivity to business labor productivity), FDIA (the ratio of US FDI abroad to GDP), UD (Percentage of labor force in Labor Union), nor MW (federal minimum wage) is effect the dependent variable at 5% level of significance. The simultaneous existences of both low t-scores and high adjusted R-square imply a potential multicollinearity problem. Although I have already had a discussion on multicollinearity problem in section III, in order to understand the reason of the existence of the insignificant independent variables, it is import to take a more in-depth look at the consequences of multicollinearity.

A. H. Studenmund concludes five consequences. First, it is important to understand that the estimates will remain unbiased with multicollinearity. Second, the estimates appear to have larger variances and standard errors. When two or more of the explanatory variables are significantly related, it is hard to distinguish the effect of multicollinear variables separately. As a result, the variances of estimates increases, which also lead to greater standard errors. Third, the t-scores are low. In fact, the low t-scores derive from the large standard errors. Fourth, the estimates become very sensitive to changes in the specification. The reason for this is that OLS is sometimes forced to stress minor changes in order to capture the different effects between the variables. Fifth, the significance of the equation and the estimation of non-multicollinear variables are unaffected. (Studenmund 248-252) 

With the comprehensive understanding about the consequences of multicollinearity, I believe that Equation 4 is significant to explain Gini coefficient, however the independent variables in Equation 4 have little explanatory power separately. In other words, the forecasting power of Equation 4 will not be affected by multicollinearity.
VI. Forecasting Power Test


The independent variables in Equation 4 have lost their explanatory power because of multicollinearity; however Equation 4 probably has a strong forecasting power due to the fact that the estimates are unbiased with a high adjusted R-square. Therefore, I will test the forecasting power of Equation 4 in this section.


The first step of the test is to show the forecasting equation. The coefficients of Equation 4 have been estimated with GLS, then the forecasting equation is GINIt+1 
= ρGINIt + β0(1 – ρ) + β1(Xt – Xt-1), which can also be shown as Equation 4-2. (Studenmund 506 – 508)

Equation 4-1: GINIt= 0.543 - 0.188St + 0.043PRODt + 0.160FDIAt - 0.245UDt - 0.007MWt + 0.556AR (1) t
Equation 4-2: GINIt+1=0.556GINIt + 0.543(1 – 0.556)-0.188(St+1 – 0.556St) + 0.043(PRODt+1 – 0.556PRODt) + 0.160(FDIAt+1 – 0.556FDIAt) - 0.245(UDt+1 – 0.556UDt) - 0.007(MWt+1 – 0.556MWt) 

 The next step is to plug the data of independent variables into the forecasting equation (Equation 4-2). The data that is used to test equation 4-2’s forecasting power should not be included the sample. In this case, I picked the data from 1960, 1961, 1962 and 1963. The results from these years are shown in Table 7.

Table 7: Forecasting results by performing Equation 4-2
	Year
	Forecasted
	Actual
	Percent Error

	1961
	0.349
	0.374
	6.6%

	1962
	0.373
	0.362
	3.1%

	1963
	0.359
	0.362
	1.0%



The percentage errors in these three years are fairly low. The average percentage error is around 3.5% for the selected three years. The results imply a strong forecast ability of Equation 4.

VII. Conclusion



Concisely, the original purpose of this paper is to investigate the determinants of Gini coefficient using a time-series data from 1964 to 2001 in the United States. According to the theories, I built up the empirical model with five dependent variables, which are the ratio of non-college population over 25-year old to all educated population over 25-year old (S), the ratio of manufacturing labor productivity to business labor productivity (PROD), the ratio of US FDI abroad to GDP (FDIA), Percentage of labor force in Labor Union (UD), and federal minimum wage (MW). As getting towards the end of this paper, I found that the dependent variables had little explanatory power solely. However, as a group in the empirical model, the dependent variables are significant. Thus, I assume that it is more proper to use this empirical model as a forecasting tool instead of an explanatory tool of the Gini coefficient.


There is one major problem in this study – Multicollinearity. This problem leads to the insignificances of the dependent variables by increasing the variances of the estimated regression coefficients and decreasing the calculated t-scores of those coefficients. 


Fortunately, multicollinearity dose not affect the forecasting power of the regression. In Section VI, I have found that the average percentage error was around 3.5% in the three predicted years. This result has proved my empiric model’s forecasting ability.


 Inevitably, there are some flaws that could be improved in the later research. First, the size of observation samples is not sufficient. I only found 38 observations as sample in this paper. The larger sample may increase the adjusted R-square and diminish multicollinearity problem. Second, it is very possible that there are omitted variables being left out the regression. Having omitted variables is one of the causes for impure autocorrelation. According to the US Census report (2003), income taxes, immigration and participation of woman in labor market can all be the possible variable that affect Gini coefficient. However, none of these variables appear in my regression. Third, when I was seeking the solution for the autocorrelation problem, I assumed that the regression had a pure autocorrelation instead of impure autocorrelation. Nevertheless, an impure autocorrelation is possible to exist due to the omitted variables and lack of data. Fourth, the variables that I use in the regression might not be as representative as the theories expected. For instance, the federal real minimum wage (MW) dose not capture the real minimum wage in the entire country because the state statutory minimum wage may be different from the federal statutory minimum wage. For example, Florida is a state without minimum wage law; Ohio is a state with minimum wage rates lower than the Federal criteria; in addition, the minimum wage rate in California is higher than the Federal criteria. (DOL)


In conclusion, my estimated model hold a fairly strong forecasting value, although it is not perfect.

Data Sources
· Data on Gini coefficient is from US Census Bureau report: Income, Poverty, and Health Insurance Coverage in the United States: 2003

<http://www.census.gov/prod/2004pubs/p60-226.pdf>

· Data on Federal minimum wage is from US Department of Labor.



<http://www.dol.gov.esa/minwage/chart.htm>

· Data on education attainment of families with householder 25 years old and over is from US Census Bureau.

<http://www.census.gov/hhes/income/histinc/f18.html>

· Data on productivity of labor in manufacturing industries to the overall productivity of labor in business category, CPI and Data on US foreign direct investment abroad are from:

“Statistical abstract of the United States”. Washington, DC: U.S. Department of Commerce, Economics and Statistics Administration, Bureau of the Census, Data User Services Division, 1964 – 2003.
· Data on US Gross Domestic Product is from U. S. Department of Labor.



<http://www.bea.gov/bea/dn/nipaweb/TableView.asp#Mid>

· Data on US Union density is Unionstats.com Database


<http://www.trinity.edu/bhirsch/Monthly%20Labor%20Review%20Article.htm>
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� OLS is short for Ordinary Least Squares, which is a regression estimation technique that calculates the estimated coefficients so as to minimize the sum of the squared residuals. (Studenmund 35)


� Bolded numbers are values of the correlation coefficients between independent variables that are greater than the values of the correlation coefficients between independent variable and dependent variable.


� See Footnote 2.


� See Footnote 4.


� Autocorrelation is divided into two types: pure and impure.


� Generalized least squares (GLS) is a method of remedying an equation of pure first-order serial correlation and restoring the minimum variance property to its estimation.


� The serial correlation is first-order in nature: εt = ρεt-1 + ut.


� The corresponding one sided and two sided critical values of the t-distribution for a 95% level of certainty with a degree of freedom (30) are 1.697 and 2.042. Except MW, all other independent variables used one-sided test.


� All of the variables, ρ and βs are supposed to be estimated values, so does in Equation 4-1 and Equation 4-2.





