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Abstract

This paper investigates the relationship between employment in the manufacturing sector and the distribution of income in U.S. metro areas.  Previous research has illustrated that as the manufacturing sector in a local economy grows in terms of overall employment, the distribution of income in that area tends to become more equal.  Given the steady decline in manufacturing employment in the U.S. since the 1970s, this research is of particular importance as it provides some expectations for the impact of declining manufacturing employment on the distribution of income in a metro area.  Specifically, this study analyzed the roles of elements of the manufacturing sector, demographic characteristics and selected economic characteristics in determining the level of income inequality for 240 metro areas in the contiguous U.S. as of Census 2000.  In the end, a number of conclusions were reached as to how factors such as education levels, gender, race, technology, industry mix and occupational composition serve to define the distribution of income in a metro area.
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I. Introduction

Since the mid 1970s, manufacturing employment in the United States has been steadily declining.  Accompanying this phenomenon in the U.S. has been a growth in the services sector and in high technological industries.  What these changes ultimately mean for the average U.S. worker is a source of great debate.

Where it concerns income inequality, manufacturing employment has consistently shared a negative relationship with the phenomenon.  In other words, the distribution of income in a population can be expected to become more unequal as manufacturing employment falls—holding other factors constant.  A recent study by this author concluded that differences in manufacturing employment levels across U.S. metro areas in 2000 accounted for as much as 12% of differences in income inequality across those areas (Pflueger 2005).  Given the consistent decline in manufacturing employment in the U.S., this is an issue worthy of study.

This research seeks to answer two main questions concerning the link between manufacturing employment and income inequality:

1. What characteristics of the manufacturing sector have the greatest impact on the distribution of income within a population?

2. What changes can be expected in the distribution of income in the U.S. as other 

     industries fill the manufacturing sector’s place in the U.S. economy?

Before any attempt can be made at answering these questions, however, it is 
necessary to consult previous research on the phenomenon.

II. Literature Review

Several researchers have identified a link between income inequality in a population and the percentage of that population that is employed in the manufacturing sector of the economy.  Specifically—in the overwhelming majority of cases—the relationship has been found to be negative.  This is to say that as manufacturing employment as a percentage of total employment in a population rises, the distribution of income in that population tends to become more equal. 


Inequality in an income distribution can be loosely defined as the gap between the incomes of the poorest and richest members of a population.  Although there are several ways to measure income inequality, virtually all measures compare the actual distribution of income in a population to a theoretical perfectly equal distribution of income.  This comparison can be expressed visually using the Lorenz curve (see Figure 1).  
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The Lorenz curve lines up the members of a population on the  horizontal axis from poorest on the left to richest on the right.  Vertically, the curve illustrates the share of the total income in the population that each member earns.  The values on both axes are expressed as cumulative shares of income and population.  For example, at 40% on the horizontal axis, the curve measures the share of the total income that the poorest 40% of the population receives.  


In Figure 1, at any point on the theoretically equal distribution—the 45º line—population and income shares are equal.  In other words, every 1% of the population earns exactly 1% of the income—every population member earns exactly the same level of income.  For example, at point B (on the perfectly equal distribution) 60% of the population earns exactly 60% of the income.  On the Lorenz curve however, the same 60% of the population earns only 33% of the income (given by point A).  Therefore, income inequality can be defined loosely as the difference between an equal distribution of income and the actual distribution of income.   Thus, the effect that manufacturing employment tends to have on a local distribution of income is to move it closer to a perfectly equal distribution.  Previous research has proposed several hypotheses to explain this relationship.

A. Occupational Structure 

A first hypothesis to explain the link between income inequality and manufacturing employment concerns the occupational structure of the manufacturing industry.  By and large, while manufacturing firms employ workers with many different skill sets, the wages that the majority of workers in the industry earn are relatively homogenous.


While manufacturing firms do employ middle and upper management, the overwhelming majority of workers in the industry are semi-skilled and skilled laborers—craftsmen, machine operators, etc (Nelson and Lorence 1988, Card 2001).  Even in firms with complex manufacturing processes, the majority of workers fall into the same category.  For example, as of 2005, over half of all workers in the manufacturing sector were employed in occupations directly related to production.
  As a result, there is not a great disparity in wages between the majority of workers in a manufacturing firm.  


Given this fact, it stands to reason that as the manufacturing sector employs a larger and larger share of a local labor force, the distribution of income within that labor force should be expected to become more equal.  However, the manufacturing sector does employ highly skilled labor in terms of management, albeit to a lesser degree.  Given this, there should be an element of inequality within the industry itself as a small share of workers in the sector earn high incomes and a large share of workers earn relatively lower incomes.  However, this inequality also tends to decline as the concentration of manufacturing employment in an area increases.


Previous research has illustrated that as manufacturing employment becomes a larger part of a local labor market, average wages for manufacturing workers at low skill levels tend to increase faster than average wages for highly skilled manufacturing workers (Wheeler 2004, Card 2001).  In other words, an increase in the proportion of local labor force employed in manufacturing leads to a reduction in inequality within the manufacturing sector itself that can also impact the distribution of income in a local area.

B. Industrial Structure 


A second hypothesis proposed to explain the link between income inequality and manufacturing concerns industrial structure.  In simple terms, the industrial structure of a population can be thought of as the relationship between the manufacturing sector and other sectors of the economy.


As noted above, the manufacturing sector exhibits largely homogenous wages.  If the economy is divided into three basic sectors—agricultural, manufacturing, and services—this fact becomes instructive as to how manufacturing employment can affect income inequality.


Typically, the agricultural sector employs unskilled seasonal workers, so wages tend to be lower than the average income level in those occupations.  In the services sector, occupations range from food service workers to anesthesiologists, so the distribution of income in that sector tends to be more unequal than in other sectors of the economy (Nielsen and Alderson 1997, Card 2001).  Therefore, if the manufacturing sector is large relative to either of these two sectors in a local economy, it should be expected that incomes should be more equal than in an area where either the services or agricultural sector dominate (Nelson and Lorence 1988, Card 2001, Chevan and Stokes 2000).


In the case of the agricultural sector, a concentration of low-income labor in an area with a relatively small amount of manufacturing employment will lead to increased inequality between the two sectors.  In other words, the small number of workers in the manufacturing industry will earn incomes that are disproportionately larger than the majority of the local labor force.


In the case of the services sector, manufacturing employment serves as a wedge between high and low income service occupations (Card 2001).  For example, virtually any local area will have both doctors and dishwashers, and it stands to reason that this circumstance will lead to an inequality in incomes.  However, the manufacturing sector provides opportunities for moderately skilled members of the labor force to earn higher wages—filling the gap between the doctor and the dishwasher.  While inequality in the services sector will still exist, employment in the manufacturing sector reduces income inequality for the economy as a whole (Chevan and Stokes 2000).

C. Unionization

Another hypothesis concerning the link between manufacturing employment and income inequality deals with the high level of unionization in the manufacturing sector.  However, it should be noted that unionization in the manufacturing sector has been steadily decreasing over the past quarter century. Furthermore, unionization in some other sectors—most notably public sector employment—is now higher than unionization in the manufacturing sector.
  Therefore, it is difficult to examine the impact of unionization solely in the context of manufacturing.  In other words, an analysis of the impact of labor unions on income inequality encompasses all sectors with high concentrations of union membership: public sector employment, private sector construction and transportation, etc.

There is no clear consensus on what impact unionization should be expected to have on income inequality.  Rather, there are a series of competing hypotheses 

concerning the phenomenon.  Regardless of this, virtually all of the hypotheses concerning the impact of unions on income inequality rest upon the assumption that labor unions have the ultimate effect of increasing the wages of their members through collective bargaining.  However, whether the wage-increasing impact of unions increases or reduces income inequality in a labor market is a source of some debate.
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One hypothesis is that greater unionization will cause the distribution of income in a local labor market to become more equal.  There are two factors at work in this hypothesis.  First, as unionized labor becomes a larger and larger share of an available local labor force, the supply of non-union labor is decreased, causing wages in the non-union market to increase (Hyclak 1979).  At the same time, labor supply in the union market is increasing, driving down wages in the market for unionized labor (see Figure 2).  In addition, spillover effects from unionized firms may cause non-union firms to pay higher wages and benefits in order to reduce the possibility that their own workforce will unionize.  In effect, non-union firms pay union level wages and benefits in order to both compete for labor and to avoid the costs associated with a unionized workforce (Hyclak 1979).  What can be seen in Figure 2 is that the original supply curves (given by the solid red curves) shift to new positions (given by the dashed red curves) in such a way that causes wages in the union and non-union labor markets to become more equal.
Akin to these effects is the possibility that unions tend to increase wages for lower skilled labor at a faster rate than they do for more highly skilled labor—much the same as manufacturing employment tends to disproportionately benefit relatively lower skilled manufacturing labor (Card 2001, Chaykowski and Slotsve 1996).  If it is the case that the benefits of union membership disproportionately advantage lower skilled labor, then the effect of higher levels of unionization should be to reduce income inequality in a population—holding all other factors constant.  However, all of these hypotheses are based upon the assumption that the market for unionized labor operates independent of any controls.

A competing hypothesis suggests that the market for union labor is subject to controls—by labor unions themselves—and, as a result, unions will have the effect of increasing income inequality in a population.  This hypothesis rests upon the assumption that it is not in the interest of labor unions to allow their membership to expand freely.  In other words, unions attempt to control the number of jobs at a firm that can be filled with both union and non-union labor (Gwartney, Stroup, et al 2006).  To place this idea in the context of a simple supply and demand framework, this control will be expressed in terms of union labor supply.  

As noted in Figure 2, the ultimate effect of increased supply in the market for union labor is to drive down wages.  Thus, it is in the interest of labor unions to restrict the supply of labor in order to maintain high wages and reduce the possibility of layoffs or cuts in hours.  In order to better explain this concept, it is necessary to examine the extreme case of union control on membership.  In this example, contractual agreements between firms and unions as well as wages are assumed to be perfectly flexible.
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In the short run—if unions are perfectly able to control their membership—the supply curve in the market for union labor is vertical, or perfectly inelastic.  In other words, irrespective of the wage rate in the union market, there is a fixed amount of labor.  Thus, if unions increase the supply of union labor by expanding their membership, wages will fall, and if they restrict their membership, wages will rise.  However, in the non-union market the supply of labor is relatively elastic—it is upward sloping, but not vertical.  If wages in the two markets are initially assumed to be equal, and an economic expansion occurs that causes the demand for labor in both markets to increase identically, a clear picture of how labor unions could cause the distribution of income to become more unequal emerges (see Figure 3).  In both graphs, demand prior to the expansion is given by the solid blue line, and demand after the expansion is given by the dashed blue line.

What can be seen in the graphs is that wages in both the union and non-union labor markets increase.  However, the wage in the union market increases by twice the amount that the wage increases in the non-union market.  Therefore, while wages in both markets were initially equal, the economic expansion had the ultimate effect of creating income inequality as a result of a control on union membership.  

Finally, there is the question of whether unions operate identically in different sectors of the economy.  For example, do labor unions in the private sector have the same effect as unions in the public sector?  Where it concerns Federal government employment in the public sector, the "owners" of the firm have the unique capability of perpetually refinancing "corporate" debt.  As a result, higher payroll expenditures do not have the same effect on government as they have on a private competitive firm.  Given this, it should be expected that the impact of unions will be different in competitive and non-competitive labor markets (Card 2001).  For example, a union of government workers may have much less interest in strictly controlling membership than a union of manufacturing workers as the risk of layoffs and cuts in hours are significantly lower for government employees than they are for private sector employees.  Thus, it is possible that in non-competitive labor markets, labor unions will reduce income inequality while in competitive markets they could have the opposite effect.

D. Technology


The impact of advancements in technology on the distribution of income within a population can be analyzed in terms of their impact on worker productivity.  For example, a higher level of productivity for a worker should result in higher wages for that worker, holding all other factors constant.  As workers increase their output per hour, their employer is able to produce more output with a lower investment in labor, leaving room for increases in wages, benefits, etc.  If it can be held true that technological advancements enhance worker productivity, then it should follow that the same advancements should also reduce income inequality as they raise wages for workers.  The issue, however, is not quite so simple.


Technology divides the labor market into groups of skilled and unskilled laborers—those who can operate the technology and those who cannot (Mishel and Bernstein 2003, Blackburn and Bloom 1987).  Firms that employ a greater degree of technology—have a more complex production process—as a result have a greater demand for skilled labor than they do for unskilled labor.  Therefore, while technological advancements can increase the wages of skilled workers, they can also depress the wages of unskilled workers, thus increasing income inequality in a local labor force (Greenwood 1999, Wheeler 2005).  


The skilled and unskilled workers can be divided not only in terms of the technology that they use, but also in terms of the respective education levels of each group of workers.  Skilled workers—in terms of technology—are most often thought of as those who have attained a college education, while unskilled workers are generally thought of as those who have not (Mishel and Bernstein 2003).  Therefore, the adoption of technology intensive production processes could be considered to increase the demand for college graduates while reducing demand for non-graduates, thus increasing the wage differential between the two groups (Wheeler 2005).  While there is some evidence to support this view, there is an alternative hypothesis that must be considered.


Increases in the demand for any good or resource will only drive prices up for that good so long as supply is not increasing as rapidly as demand.  Therefore, if educational institutions produce graduates that can be employed in technological fields more rapidly than firms demand them, there should be no upward pressure on the wages of college graduates—holding all other factors constant (Mishel and Bernstein 2003).  Furthermore, there is the question of which college graduates technology benefits the most.  For example, demand for those earning advanced degrees could potentially outpace supply at the same time that the supply of those earning bachelor's degrees could outpace demand.  If this is the case, then the inequality that technological advancements may cause is not between skilled and unskilled workers, but within the group of skilled workers itself.  Furthermore, it may not necessarily be the case that unskilled workers receive lower wages directly as a result of technological advancements (Mishel and Bernstein 2003).  For example, there will be unskilled labor groups in virtually every industry that are unaffected by technological advancements by nature of their occupation—physical labor.  

Another hypothesis concerns the time horizon of the actual implementation of new technologies.  Initially, the implementation of a new technology may be a complex process, but it may become less complex as the technology is refined (Greenwood 1999).  For example, the tasks that once required a computer operator to be fluent in the command language of an operating system can now be completed by pressing a button on a mouse.  While initially a firm would have to hire a skilled laborer to fill the role of a computer operator, depending upon the specific position, many of these occupations can now be filled with relatively lower skilled labor—negating the increasing wage effects that the technological advancement may have brought initially (Greenwood 1999).  In other words, as new technologies are "learned" by lower skilled workers, income inequality could be reduced as those workers see their wages rise.  As a result, for lower skilled labor, technological advancements may provide an opportunity to increase their wages relative to highly skilled labor.


For example, a highly skilled worker may demonstrate no new skills when operating new technologies, as they found employment as a result of being able to operate the technology.  Thus, there is a limitation on the ability of the skilled worker to use the technology to increase their productivity and ultimately their wage.  Therefore, the unskilled worker may actually be able to utilize the new technology to increase his or her productivity by a greater amount than the skilled worker (Greenwood 1999).  This is not to say that the unskilled worker will become more productive than the skilled worker, just that they will become more productive relative to the skilled worker.  Therefore, as the productivity gap between the two workers becomes narrower the wage differential between them should lessen.

Conclusions


The list of hypotheses to explain the link between income inequality and manufacturing employment examined here is in no way exhaustive.  However, the majority of literature on the subject tends to focus on these hypotheses as primary explanations for the link between manufacturing employment and income inequality.  Thus, this examination provides a useful starting point for a more in depth examination of the relationship between income inequality and manufacturing employment.  What follows is an explanation of how this specific research will be conducted.

III. Methodology


This research assumes that the portion of income inequality in a population that is determined by its level of manufacturing employment can be explained by the equation

Ii = β0 + β1X1i + β2X2i … + βnXni + (
where I denotes the dependent variable—a measurement of income inequality in area or population “i.”  In the equation, each X corresponds to some characteristic (independent or causal variable) of either the population in question or the manufacturing industry itself, with each subscript numeral corresponding directly to a single variable and n corresponding to the total number of independent variables included in the equation.  The character ( is included to capture errors within the model itself.  For example, it is probable that variables that explain some part of income inequality will not be included in the models here.  The character ( represents the sum of these types of errors.


The parameters, (0 through (n, are to be estimated using ordinary least squares regression.  In simple terms, each ( illustrates the effect that the X it corresponds to has on income inequality.  For example, if (1 is equal to 0.56, then if X1 changes by one unit, income inequality will change by 0.56—holding changes in all other variables constant.  Should (1 equal –0.56, then if X1 changes by one unit, income inequality will change by –0.56 with the same reservation.  Therefore, each ( quantifies the effect that changes in each independent variable have on income inequality. 


In the case of (0, there is no independent variable that it corresponds to.  This parameter can be thought of as the amount of income inequality that is not explained by any of the independent variables in the study—the amount of income inequality that would exist if all other variables were equal to zero.  For example, a regression of a set of independent variables against an income inequality measurement may yield the following equation:

I = 0.63 – 0.5X1 +0.8X2
For the above equation, a one unit change in X1 will cause income inequality to fall by 0.5—holding all other factors constant.  Likewise, a one unit change in X2 will cause income inequality to rise by 0.8 with the same reservation.  And finally, if the values of X1 and X2 were both zero, income inequality would be 0.63.  A more detailed interpretation of these numbers will be explained as statistical results are presented.  In any event, the first stage in constructing the model to be used here is to determine how to measure the dependent variable.

A. The Gini Index


This research will use the Gini Index, or Gini Coefficient, of income inequality as the dependent variable in this study.  Although there are a number of different measures of income inequality that could have been selected for this research, the Gini Index is chosen primarily because it is the most commonly used and accepted measure of income inequality, bar none.  This fact will allow for an easier and more direct comparison between the results of this study and others across disciplines.  However, before a Gini Coefficient for each metro area can be calculated, there are issues with the data measuring the income distribution that must be addressed.

The data used here to measure the income distribution were collected from the 2000 decennial Census.  The income data divide the households in each metro area into different income categories based upon their absolute income—i.e. households earning between $10,000 and $14,999 annually, between $15,000 and $19,999 annually, etc.  Given that the Census Bureau does not publish data on the individual income levels of each household in a metro area, the resulting measurement is in truth an estimate.  

The households in each income category must be assumed to earn specific incomes, as the actual income for each household is unavailable.  In keeping with previous research on the subject, this study assumes that all households in an income category earn incomes at the midpoint of that category.  For example, in an annual income category of $20,000 to $25,000, all households in the category are assumed to earn $22,500 annually.  Given this, it is assumed that there is no income inequality within each income category, only inequality between the categories.  This assumption is only reasonable so long as the endpoints of each income category can be held to reflect quantitatively significant distinctions in the purchasing power of members of different categories.  Given the divisions used by the Census Bureau for income data, it would appear that this is the case.

There is, however, one final issue with the income data that must be addressed.  The uppermost income category has only one definite endpoint.  This category includes incomes of $200,000 annually and above.  Therefore, there is no definite midpoint for this category.  The method used here to estimate a midpoint for this category is adapted from Gubits (1999).  The midpoint of the category is simply assumed to be the mean of the category—the total income in the category divided by the number of households in the category

An empirical test of this method across all metro areas in the contiguous U.S. using Census 2000 data—which includes an aggregate income level for the upper category—reveals a maximum error of estimate of roughly (2% where it concerns the total income in the population, which is deemed to be within reasonably acceptable bounds.
   Once an income distribution for each metro area in the sample is estimated, Gini Indexes for each area can be calculated.  

In order to explain what the Gini Index measures, it is necessary to reintroduce the Lorenz Curve.  The Lorenz Curve provides a picture of the distribution of income within a population (see Figure 4).  The curve lines up the members of the population from left to right—from poorest to richest—on the horizontal axis and illustrates each member’s share of the total income in the population vertically. 
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Figure 4 illustrates two Lorenz Curves.  The first—the 45° diagonal blue curve from the origin—illustrates a perfectly equal distribution of income.  At each point on the curve, the population share on the horizontal axis is identical to the income share on the vertical axis.  In other words, the first 20% of the population earns 20% of the total income, the first 40% of the population earns 40% of the income, etc.  The second Lorenz Curve illustrates a typically shaped distribution.  As can be seen, incomes are unequal.  The first 60% of the population—the poorest 60%—earns less than 40% of the total income.  Conversely, the richest 40% earns more than 60% of the total income.  Given the two curves, a Gini Index can be calculated.
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In simple terms, the Gini Index is a measure of how far the actual distribution of income diverges from a perfectly equal distribution of income.  This calculation is performed as a ratio.  In Figure 5, two areas are marked—the area between the two curves (A), and the area below the Lorenz curve (B).  Taken together, these areas give the total area beneath the perfectly equal distribution (A + B).  The Gini Index is simply a measure of how large the area between the two curves is relative to the total area beneath the perfectly equal distribution, or A/(A + B).

There are a number of different mathematical calculations that can be used to arrive at this ratio.  The method to be used here is known as the standard method of calculating the Gini Index (Gastwirth 1972).   The standard method of calculating the Gini Index is given by:
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where each x corresponds to a cumulative population share and each y corresponds to a cumulative income share in a particular income category given by i. The total number of income categories is given by n. 

Scores for the Gini Index range between zero and one.  A score of zero—where there is no area between the Lorenz Curve and the 45( line—denotes a perfectly equal distribution of income.  This condition would exist if all members of a population were earning exactly equal incomes.  A score of one—where the area between the Lorenz Curve and the 45( line is as large as possible—denotes a perfectly unequal distribution of income.  This condition would exist if only one member of a population earned income and all other members did not.  Therefore, as the Gini Index rises in value, the distribution of income is becoming less equal.

Some care must be taken in interpreting the actual values that the Gini calculation returns.  For example, when comparing a Gini Coefficient of 0.500 against a Gini Coefficient of 0.250, it cannot be stated that the higher score represents a distribution of income that is twice as unequal as the distribution represented by the lower score.  The two scores can only be interpreted as meaning that one distribution of income is more unequal than the other.  

Furthermore, as the calculation of the Gini Coefficient relies on the area between the two curves and not the shape of the Lorenz curve itself, it is entirely possible that two divergent distributions of income could yield identical Gini scores.  As stated, the Gini Coefficient is simply a measure of the overall level of inequality in the income distribution.  In any event, the Gini Coefficient will provide a useful measure for the dependent variable.  

B. Independent Variables


There are a number of independent, or causal, variables that will be tested in this study.  Each variable is subject to three possible expectations: (1) as having a positive impact on income inequality, (2) as having a negative impact on income inequality, (3) as sharing no predicted relationship with income inequality.


A variable that is expected to share a positive relationship with income inequality will be directly followed by a “+” symbol.  Put simply, this means that as the value of the variable increases, the distribution of income is expected to become less equal. A variable expected to share a negative relationship with income inequality will be followed by a    “–.”  Increases in these variables are expected to coincide with decreases in income inequality.  Variables that have no predicted relationship with income inequality will be followed by a “?.”  This indicates that there is no specific expectation for the outcome of the variable.  The independent variables here are grouped into sets that represent the phenomena they are being used to test.

Control Variables


There are a number of variables included in this study in order to control for characteristics of each metro area that are likely to vary depending on geography.  These variables are included, as it is possible that demographic characteristics of a population will affect the level of income inequality irrespective of economic characteristics such as the mix of industries in that population. 


The impact of the control variables on income inequality are assessed here in terms of their effects on two elements of the income distribution: (1) the overall range of the income distribution, and (2) the center of gravity of the income distribution.  In terms of range, any variable that is expected to increase the range of the income distribution—the gap between the highest and lowest incomes in the population—should be expected to increase income inequality.  This stands to reason, as the Gini coefficient measures relative income shares.  If total income in a population is held constant and the lowest income in the population is reduced, the ultimate effect will be to pull the bottom end of the Lorenz curve away from a theoretically perfect distribution of income, thus resulting in an increase in the value of the Gini coefficient.  In the opposite case, if the highest income in the population is increased, the upper end of the Lorenz curve should be expected to shift away from the perfectly equal distribution, having the same effect on the value of the Gini coefficient.  In any event, any variable that increases the range of incomes in the distribution should be expected to cause income inequality to increase, holding all other factors constant.


As the income distribution is ultimately measured here using the Lorenz curve—which lines up population members along the horizontal axis from poorest (left) to richest (right)—the center of gravity in the income distribution is theoretically represented by the point on the curve that has a slope equal to that of the perfectly equal distribution (Cheong 2000).   It is specifically at this point that the two curves are furthest apart, as the slope of the Lorenz curve is always necessarily increasing at an increasing rate.  Thus, geometrically, changes in the shape of the Lorenz curve at this point have the greatest effect on the distance between the Lorenz curve and the perfectly equal distribution and, as a result, the greatest effect on the Gini index.  This specific point also represents the cumulative share of population that identifies the individual who earns the per capita (mean) income level in the population.  In simple terms, the horizontal position of mean income on the Lorenz curve divides the rich from the poor as individuals earning below this point earn incomes that represent less than an equal share, and individuals who earn incomes above this point earn more than an equal share.  Thus, variables can be assessed in terms of their impact on the center of gravity in an income distribution.
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If two metro areas (A and B) are compared, and both have identical levels of total income and total population, the per capita (mean) income for both populations will be the same, and the share of total income that the mean income represents will be the same.  However, this does not necessarily mean that the center of gravity on the Lorenz curve will be the same for both areas (see Figure 6).


The Lorenz curve for area B identifies a condition in which a larger share of the population earns a less than equal share of total income relative to area A.  Although the cumulative share of total income that includes the mean income (given by the vertical height of the horizontal dashed line) for both areas is the same, the area between the Lorenz curve for area B and the equal distribution is obviously larger than it is for area A.  It should be noted that the values of mean income, total population, total income and the share of total income that the mean income represents are not of critical interest.  What is more significant is the share of population that earns above and below the mean.  Thus, any variable that is expected to reduce the number of members earning above the mean and increase the number of members earning below the mean should be expected to cause income inequality to increase.

 
All of the control variables are constructed using data from the 2000 Census.  The control variables, and their expected relationship with income inequality, are as follows:





X1: SIZE (+)


X4: RACE (+)






X2: INC (–)


X5: ED (+)




X3: GEND (+)


X6: AGE (+)


The SIZE variable is simply the number of households in each metro area.  It is hypothesized here that industry and occupational mixes in a metro area will vary with an area's size in terms of population.  For example, there are likely to be occupations that exist in the New York City metro area that do not exist in the Erie, PA metro area.  As a result, the diversity of incomes in the two areas should also be different, and this should be expected to have some effect on income inequality.  The expectation of this study is that as a metro area grows in terms of population, the distribution of income in that area will become less equal as a result of a broader diversity of incomes.


The INC variable is the median income level in each metro area as reported by the 2000 Census.  What is clear from previous research is that increases in the median income level in a population tend to have a negative impact on income inequality.  This result is supported by a broad consensus of research (Betz 1972, Nielsen and Alderson 1997, Gubits 1999).  Therefore, the expectation for this variable here is that it will have a negative impact on income inequality.  However, the reason for this relationship is unclear.


Previous studies have hypothesized that the median income in a population relates positively to the level of economic development in a metro area.  However, while there is some evidence to support this view, correlation does not necessarily dictate causation.  Given the statistical properties of the median income level, this study approaches a proposed relationship between median income levels and economic development with some hesitation.


In terms of the extreme population endpoints of an income distribution, the median income level is a static point that falls midway between the two.  In other words, although the relative position of the median income level to other income levels in a population may change, the absolute position of the household earning that income in terms of other households in the population will never change. In other words, in a population of 3 households, although the absolute income of the middle household—between the richest and the poorest households—may change, that income will always be the median income by virtue of the fact that it is the middle household that earns it. 


Thus, the median income level would appear to be more affected by changes in the distribution of income in a metro area rather than the overall level of income in that metro area.  In other words, if economic development is measured in terms of gross domestic product (GDP) or aggregate income, it does not necessarily follow that the median income level will increase with overall economic growth in a metro area—it could remain unchanged or even fall depending upon how the additional income is distributed among households in a metro area.  


Further, the median income level will only change with increases in population so long as the incomes of additional households in the population are distributed unevenly on either side of the median.  Put simply, the median represents a distributional property and not a size property, regardless of whether or not size is measured in terms of total population or aggregate income.  Thus, it cannot be assumed that median incomes will generally increase with economic development solely upon the basis that this appears to be the case as there is no reason to believe that this must be the case—the data cannot be used to define the theory.   


The variable is included here because it provides a measure of central tendency in the income distribution that must be accounted for.  In other words, a variable measuring some component of manufacturing sector activity may have a strong effect on median incomes, but a weak effect on income inequality.  If median incomes prove to be a strong predictor of income inequality, and no measure of median income levels is included in a model, it could appear that a specific manufacturing variable significantly affects the distribution of income on its own merits when in fact it does not.  


Given that previous research has found a consistent negative relationship between income inequality and median income levels, it is expected that the same result will be found here.  However, this study is reluctant to accept the hypotheses that have been proposed to explain this relationship.  Moreover, it generates none other than that the median income level represents a property of the income distribution that can change independently of the level of economic development in a metro area as there is no sufficient evidence to suggest otherwise.


The GEND and RACE variables are measured as the shares of the working age population in a metro area that are female and that are non-white, respectively.  Data from the BLS indicates that both of these groups tend to have mean income levels across a majority of occupations that are lower than those of the total population.  Given this, if total income and total population are held constant, an increase in the size of either of these two groups (relative to the total working age population) represents an increase in the share of a metro area's working age population that earn less than an equal share of income.  If this is the case, it should be expected that increases in both of these variables will cause increases in income inequality.
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The ED variable measures the share of the population in a metro area that is 25 years or older and has attained a level of education at or above a bachelor's degree.  It is hypothesized here that as this variable increases, the distribution of income should be expected to become more unequal.  The assumption here is that workers who have invested significant amounts of time and money into increasing their skill sets will attempt to gain the greatest return on their investment.  Therefore, they will tend to cluster in metro areas where employment opportunities for their skill sets are available at a premium wage rate.


If this is the case, then metro areas with a relatively large concentration of college graduates should also be metro areas in which there is relatively high demand for skilled labor.  As well, this variable should increase for metro areas where there is a relatively low demand for unskilled workers.  As noted in the second section of this paper, this condition leads to a wage differential between skilled (educated) and unskilled (uneducated) workers.  In other words, the wages for college graduates rise at the same time that wages for non-college graduates fall.  The end result should be expected to be an increase in income inequality. 


The AGE variable is simply a measure of the population in a metro area that is over 65 years of age.  The assumption here is that this variable will share a positive relationship with income inequality.  In other words, as the share of a population that is over 65 increases in a metro area, the distribution of income should be expected to grow more unequal.  The basis behind this assumption is that those members of a population that are over 65 are more likely to be earning incomes that are fixed in terms of their flow than younger members of a population.  Given this, these population members serve as a weight on the average income level in a metro area.  In terms of the Lorenz curve, they can be imagined as a portion of the curve that moves only as a result of changes in other subsets of the population.  In other words, they either become relatively richer as the rest of the population becomes relatively poorer, or vice versa.  

If it can be assumed that other members of the population have both the incentive and the ability to increase their share of the total income in a population, the effect of an increase in the amount of population members earning fixed incomes should be to draw down the average income level of the population.  This effect should be expected to become more pronounced as the share of the population over retirement age increases.  The results here should be expected to be similar to those in terms of the GEND and RACE variables—as those persons earning fixed incomes increase as a share of the total population, income inequality should be expected to increase as well.

Manufacturing Variables

As the primary focus of this study is research into the effect of manufacturing employment on the distribution of income in a metro area, a number of variables are included to measure different aspects of the manufacturing industry.  All of the manufacturing variables were constructed using data from the 2000 Census.  The variables included to measure activity in the manufacturing sector are as follows:



X7: MAN (–) 

X10: T(85) (–)

X8: DUR (–)

X11: T(100) (–)

X9: T(70) (–) 




The MAN variable simply measures the overall concentration of manufacturing employment in a metro area as a ratio between manufacturing and total employment.  The sign of the slope coefficient for this variable is expected to be negative and the relationship between this variable and the dependent variable is expected to be statistically significant.  Previous research by this author that tested the same variable against a broader range of metro areas conclusively demonstrated this to be the case and the same results are expected here, even though the sample size is truncated.


           The DUR variable measures the percentage of manufacturing employment in 

durable industries.  Manufacturing industries are classified as being either durable or non-durable using three digit North American Industry Classification System (NAICS) codes.
  The expectation is that this variable will exert a negative influence on income inequality.  In other words, as the distribution of employment in the manufacturing sector becomes skewed more towards durable manufacturing, the distribution of income in a 

metro area will become more equal.  The reasoning behind this assumption is that, overall, workers in durable manufacturing industries earn higher wages than those in non-durable industries.  However, in the majority of industries, manufacturing workers overall tend to earn incomes that are higher than the per capita income.
  The only industries in which workers earn less than per capita income are non-durable industries.  It should be noted that this comparison is between manufacturing wages and individual per capita income, not household per capita income.  However, as individual incomes contribute to the incomes of households, it is assumed here that individuals who earn higher than individual per capita income stand the greatest chance of belonging to households that earn incomes greater than household per capita income.  


             In any event, durable manufacturing wages are consistently higher than per 

capita income while non-durable wages are not.  If this is the case, as the distribution of employment in the manufacturing sector becomes more skewed towards durable industries, average wages in the manufacturing sector should rise.  The ultimate effect will be to increase the share of the population that earns wages that are higher than the wage that represents a perfectly equal share of income.  In other words, an increase in durable manufacturing employment will shift the center of gravity on the Lorenz curve away from the rich and towards the poor.  The end result should be that as the DUR variable increases, income inequality will fall.  


The remaining manufacturing variables measure the concentration of employment in technology intensive manufacturing industries as a percentage of total manufacturing employment.  It is necessary to note that technology intensive industries are generally defined by both the industry’s output and by the skill sets of the workers who are employed in those industries.  For example, an industry that employs a high number of physical scientists relative to the total workforce in the industry could be deemed as being a technology intensive industry independently of the goods the firm produces.  Thus, technology intensive industries are defined by both their inputs and their outputs (Hecker 2005).

The industries included in the T variables are defined using three digit NAICS industry level codes.  It is necessary to note that this fact represents data availability that is less than optimal.  Typically, technology intensive industries are defined using the more detailed four digit NAICS codes (Hecker 2005).  This allows firms that employ high numbers of workers in technology intensive occupations to be classified more specifically by the types of products that they produce.
  However, given the size of the geographies included in the sample, this level of detail is not possible due to data disclosure issues.  

Government agencies are not permitted by law to release any data that could potentially reveal details concerning the operations of an individual firm.  For example, if the Census Bureau were to publish data for a manufacturing firm in a metro area where that firm was the only manufacturing firm, it would be supplying valuable information to potential competitors concerning employment and wages in that firm, thus giving an unfair advantage to those competitors should they decide to enter the local market.  Given this, the level of detail provided by four digit NAICS data is not available for a broad range of metro areas.  In order to keep the sample size for this study as large as possible, three digit NAICS industry level codes are used to define technology intensive manufacturing employment.


The result of this is some four digit NAICS industries being classified as technology intensive when in fact they are not and some technology intensive four digit NAICS industries being excluded.  Where exclusions are concerned, there are seven three digit NAICS industries that contain technology intensive four digit NAICS industries and only five are included in any of the T variables.  The remaining three digit industries that are not included as part of the T variables are the following:

332 Fabricated Metal Product Manufacturing

335        Electric Equipment, Appliance and Component Manufacturing

The decision to include or exclude industries from the T variables is based upon

the level of technology intensive employment in each three digit industry relative to non-technology intensive employment at the national level.  For example, for the nation as a whole in 2000, only 25% of employment in fabricated metal product manufacturing (NAICS code 332) was in technology intensive four digit industries.  Given this, the fabricated metal product manufacturing industry overall is not designated as being technology intensive as employment in the three digit NAICS industry category cannot be used as a proxy for the sum of employment in four digit NAICS industries that are technology intensive in that specific category.  Ultimately, it is the concentration of employment in technology intensive industries in each of the three digit NAICS categories that defines the different T variables. 


The national average of technology intensive employment concentration (as measured by employment in four digit technology intensive industries) is given for the NAICS categories displayed in Table 1.  The T(70) variable includes only three digit NAICS categories in which employment in technology intensive industries is at least 70% of employment in the category.  In other words, although category 333 (Machinery Manufacturing) includes both technology intensive and non-technology intensive four digit NAICS industries, at least 70% of employment in NAICS category 333 is in technology intensive industries at the national level.  Therefore, category 333 is included in the T(70) variable.  For the T(85) variable, the threshold rises to 85%, and for the T(100) variable, the threshold is set at 100%.  The composition of each variable in terms of three digit NAICS categories is given in Table 1.  However, it should be noted that even though a four digit industry may be classified as being technology intensive, this does not mean that all employment in the industry is in technology intensive occupations.

Relative to total employment in a technology intensive industry, the actual

concentration of workers in technology intensive occupations can be relatively low.

	
	%EMPLOYMENT IN HI-TECH 

INDUSTRIES
	T-70
	T-85
	T-100

	324 Petroleum and Coal Products Manufacturing
	100%
	Included
	Included
	Included

	325 Chemical Manufacturing
	87%
	Included
	Included
	Not Included

	333 Machinery Manufacturing
	71%
	Included
	Not Included
	Not Included

	334 Computer and Electronic Product Manufacturing
	100%
	Included
	Included
	Included

	336 Transportation Equipment Manufacturing
	91%
	Included
	Included
	Not Included

	
	
	
	
	

	Table 1:  Composition of the T Variables


For example, the U.S. Bureau of Labor Statistics' threshold for defining an industry as being technology intensive is that the industry must have at least 9.8% of its workforce employed in technology intensive occupations (Hecker 2005).  Given this fact, it is possible that an industry can be classified as technology intensive although 90.2% of its workers do not work in technology intensive occupations.  It is this fact that distinguishes the expectations for each of the three T variables.


The expectation is that all three of these variables will have a negative impact on income inequality.  In other words, as the distribution of employment in the manufacturing sector becomes more skewed towards technology intensive industries, the distribution of income should be expected to become more equal.  However, this effect should be greatest when the threshold for including industries in the T variables is the highest.  In other words, the T(100) variable should share the strongest negative relation to income inequality of the three variables.


As noted previously, incomes in the manufacturing sector typically fall above the per capita income in a population. This is especially true of technology intensive industries.  The two categories where average wages are the highest are 324 (Petroleum and Coal Products Manufacturing) and 334 (Computer and Electronic Product Manufacturing).  These categories represent average individual incomes that are higher than the national average household income.  It is also these two industries that compose the T(100) variable.  Thus, when the T(100) variable increases, it represents an increase in employment in the manufacturing sector in the specific industries that have the highest average wages of any of the manufacturing industries.  The ultimate effect of such a change should be to increase average wages in the manufacturing sector overall—holding all other factors constant.  In other words, increases in employment in these industries should reflect a movement in overall manufacturing wages towards or above per capita income—the income level that reflects a perfectly equal share of total income.  Thus, an increase in the T(100) variable should cause income inequality in a metro area to fall.


As the threshold is lowered, this effect should become less pronounced, as non-technology intensive industries are being added to the variable.  In other words, lower wages in the non-technology intensive four digit NAICS industries that are being added will work to offset the impacts of employment in NAICS categories 324 and 334.  If the hypothesis is correct, what should be illustrated by the models is that T(100) will share the strongest negative relationship with income inequality, T(85) should share the next strongest relationship, and T(70) should share the weakest negative relationship of the three.  In other words, the T(70) and T(85) variables are included in order to determine whether or not the underlying hypothesis concerning technology intensive manufacturing employment is supported by the data.

Unionization Variables


This study includes three variables to measure the effect of union density on the

distribution of income in a metro area.  They are:






X12: UNION (–)






X13: U-PRIV (–)






X14: U-PUB (–)

The data for all three variables were obtained via a database on metro area union density compiled and maintained by Barry Hirsch of Trinity University and David MacPherson of the University of Florida.  


The UNION variable measures the overall concentration of union members as a share of the total labor force in a metro area.  The expectation here is that, as this variable increases in value, the distribution of income in a metro area should become more equal.  Thus it is assumed that labor unions have the overall effect of reducing income inequality by raising the wages of their members, and that this effect spills over into non-union firms as the overall level of unionization in a population increases.


The U- PRIV and U-PUB variables measure unionization in the private and public sectors, respectively.  In other words, the sum of U-PUB and U-PRIV is not the UNION variable.  These variables measure unionization as a percentage of employment in each sector, not as a percentage of total employment.  If this were not the case, the expectation for one variable would necessarily be the opposite of the expectation for the other.  As is illustrated here, expectations for both variables are the same.


Both variables are expected to share a negative relationship with income inequality.  In other words, as unionization in either sector increases, the distribution of income in a metro area should be expected to become more equal.  The distinction between the two variables is expected to be in terms of the strength of the relationship between each variable and income inequality.


Specifically, public sector unionization is expected to have a greater impact on reducing income inequality than private sector unionization.  The reason for this is noted in the second section of this paper.  It is assumed here that the private sector in terms of employment is far more competitive than the public sector.  Given this, unions in the private sector have a greater interest than unions in the public sector in controlling the expansion of their membership in order to maintain wages that are higher than those in the non-union labor market.  In other words, private sector unions work to generate a wage differential between the union and non-union labor markets to a greater degree than public sector unions.  However, increases in the variable measuring private sector unionization are expected to reduce income inequality.  Obviously, this fact bears some explanation.  This assumption rests on how changes in the share of overall employment that private sector union members represent affect the average wage in a population.


It is assumed here that as unionization increases in a metro area, it applies more pressure to the managers of non-union firms to increase compensation for non-union workers.  This is assumed to occur in two ways.  First, a higher level of unionization reduces the available non-union labor force, causing non-union firms to compete for labor.  Second, as unionization increases in a metro area, the “threat” of unionization at non-union firms also increases.  As a response to this, it is assumed that non-union firms react to higher levels of unionization by increasing wages for non-union workers.  Thus, although it is assumed that unions create a wage differential between the union and non-union labor market, it is also assumed that this differential becomes less significant as the level of unionization in a metro area increases.  Thus, for both sectors, higher levels of unionization should reduce income inequality.  However, this effect should be stronger for public sector unions, which should have similar spill-over effects, but a lower degree of controls on membership than private sector unions.

Technological Employment

The overall level of technology intensive employment in a metro area’s economy is measured by 

X15: TECH (–)

However, this variable does not measure concentrations of employment in technology intensive industries, but rather employment in technology intensive occupations.  Ideally, this study would incorporate both industry and occupation measures.  However, a lack of industry level data availability due to non-disclosure makes such a measurement impossible.  This is the same fact that plagued the construction of the variables measuring technology intensive manufacturing.


In the case of the manufacturing variables, because the technology intensive industries fit reasonably well into three digit NAICS categories, it was possible to construct several proxies for the ideal measure of technology intensive manufacturing.  This is not the case where overall technology intensive industry levels are concerned.  There are 61 four digit NAICS industries that are designated as being high tech, and they fall into a variety of categories, including but not limited to: utilities, federal government, manufacturing, information and telecommunications.


As all metro areas have at least a slightly differentiated industry mix, the non-disclosures do not occur in the same industries for all metro areas.  For example, data may be disclosed for New York City in industry 5415 (Computer systems design and related services), but not disclosed for Erie, PA.  These disclosure issues make it impossible to construct a meaningful variable that consistently measures the same industries across all 240 metro areas in the sample using four digit NAICS data.  Furthermore, many of the individual industries compose such a small portion of employment in the three digit NAICS category that they fall into that it is impossible to use aggregates at the three digit NAICS level as proxies.


The only other available method is to measure the intensity level of technology in metro areas by using the percentage of the workforce that is employed in technology intensive occupations.  In fact, the concentration of technology intensive workers within a specific industry is the primary criterion for designating an industry as being technology intensive (Hecker 2005).  However, this variable should not be viewed as a proxy for technology intensive industry employment as it only measures the impact of occupations.  For example, it is possible that an industry employs people in technology intensive occupations, but at such a low level relative to total employment that the industry itself cannot and should not be designated as being technology intensive.


Occupations in metro areas are categorized using six digit Standard Occupation Classification (SOC) codes.  Currently, 71 out of 820 occupations classified using SOC codes are designated as being technology intensive.
  The 71 technology intensive occupations are, for the most part, grouped into major categories that include only technology intensive occupations, making it a much simpler task to obtain data for these occupations for all metro areas.  However, the measurement is not perfect.  Three of the 71 technology intensive occupation codes, specifically

11-3021 Computer and information systems managers

11-9041 Engineering managers

11-9121 Natural sciences managers
are grouped into a major category that includes all management occupations within the economy.  Thus, much the same as with four digit NAICS data, disclosure issues at the metro area level do not allow for the inclusion of these specific occupations in the variable.  Therefore, the variable here is limited to 68 technology intensive occupations. Although this is a distortion, these specific exclusions accounted for less than 9% of technology intensive employment nationwide in 2000.  In any event, as noted, this variable should not be mistaken to measure technology intensive industry, but rather the size of a technology intensive workforce in a metro area.


It is expected that an increase in the TECH variable will cause a decrease in income inequality.  The basis behind this assumption is that increases in the TECH variable—similarly to increases in the technology intensive manufacturing variables—will reflect a shift of the center of gravity on the Lorenz curve towards the poorer end and away from the richer end.  In other words, technology intensive occupations are assumed to pay wages that are higher than the average income in a population and, given this, a larger technology intensive workforce represents a larger share of a population earning incomes that represent more than an equal share of total income.  

Occupational Structure 


The occupational structure in a metro area will be measured using the 

X16: OCC (?)
variable.  This variable is measured by constructing a simple variance using the distribution of occupations at the national level as a model.


For example, if every metro area only had three occupations (Doctor, Dishwasher, Manufacturer), this variable would measure the distribution of the labor force in each of these occupations in a metro area relative to the distribution at the national level.  This variable is calculated as a variance, given by

OCCM = 
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where x gives the percentage of the population in a particular occupation category—given by i—, for a metro area (M) and for the U.S. (US).
  The parameter n gives the total number of occupation categories.  Thus, as the value of the OCC variable increases, the distribution of employment across occupations is moving further away from the national distribution.


There is no specific expectation for this variable.  It is entirely possible that the distribution of occupations at the national level represents a more unequal income condition than is given by the distribution of occupations in any specific metro area.  The opposite is also possible.  Using the national average of the distribution of employment in occupations as a benchmark simply provides a reference point from which metro areas can be examined against one another.  For example, a metro area with a high value of the OCC variable will not only have a distribution of employment across occupations that diverges significantly from the national distribution, but also a distribution of employment that diverges significantly from metro areas with lower values of the OCC variable.


However, as stated previously, it is not known whether this variable will cause income inequality to increase or decrease.  However, it is expected that whatever the outcome, this variable will share a strong relationship with income inequality as average wages for each occupation group will necessarily be different.    

The logic behind including this variable is that it will capture differences in the economies of metro areas that would not be revealed by an examination of the mix of industries.  For example, the corporate offices of a nationwide chain retailer may be classified as a retail NAICS industry, but they would also obviously employ a significantly larger number of management and executive workers than the individual retail stores over which those offices exercise control.  Thus, the distribution of occupations in a metro area will likely reveal information that the distribution of industries will not.  Given this, the OCC variable will control for changes in a local economy that the industry variables included in this study are incapable of measuring.

In any event, this study will examine a number of different characteristics of a metro area's demographic and economic conditions in order to assess their impact on income inequality.  A summary of the variables included in this study as well as the expectations for the sign of each variable's coefficient is provided in Table 2.

	Variable
	Expectation
	Variable
	Expectation

	AGE
	(+)
	U-PUB
	(–)

	ED
	(+)
	U-PRIV
	(–)

	GEND
	(+)
	MAN
	(–)

	INC
	(–)
	DUR
	(–)

	OCC
	(?)
	T(70)
	(–)

	RACE
	(+)
	T(85)
	(–)

	SIZE
	(+)
	T(100)
	(–)

	UNION
	(–)
	TECH
	(–)

	
	
	
	

	Table 2: Summary of Independent Variables


IV. Results and Analysis


Given the large number of independent variables used in this study, it is impossible to analyze the impact of all of the variables on income inequality in a single regression test.  The primary reason for this is the potential for multicollinearity to exist between some of the variables in the data set.  Multicollinearity is the condition in which movements in two or more independent variables are so similar that it appears that both variables measure the same phenomenon although they technically do not.  Because of the mechanics of multiple regression analysis, the inclusion of variables that are closely related can lead to misleading and distorted results.  In simple terms, if variables that are closely related are included in the same test, it is impossible to determine which of the variables actually bears the greatest responsibility for changes in the dependent variable.  However, this problem is compensated for somewhat by the size of the sample being used here (240 metro areas).   


A simple correlation of the variables can serve to point out potential issues (a complete correlation matrix is included on page 45).  For example, given three variables—A, B, and C—if the correlation between A and B is 0.71, the correlation between B and C is 0.83, and the correlation between A and C is 0.67, it is likely that these variables are multicollinear.  However, it is also possible that they are not.  For example, in a sample of 100 observations, variables A and B may be highly correlated over only observations 1 to 33, B and C may be highly correlated only over observations 34 to 66, and A and C may be highly correlated only over observations 67 to 100.  Thus, although the correlation coefficients between the variables would seem to indicate multicollinearity, they in fact do not.  The variables are obviously not measuring the same phenomena.  Obviously, the larger the sample size, the greater the possibility that high correlations may be mistaken for indicating multicollinearity, as a larger sample size necessarily increases the number of relatively large ranges over which two variables can be closely related.  The solution applied to this problem is twofold.


A primary focus of this study is to measure the effects of manufacturing employment on income inequality and, as a result, there will be a series of tests in which no two manufacturing variables will be included in the same test.  The ultimate goal will be to test the effect of each of the manufacturing variables in as many identical settings as possible.  Thus, this study will examine each manufacturing variable in the context of 
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different sets of independent variables.  However, it is also the aim of this study to examine such factors as technology, unionization, and occupational structure and their independent effects on income inequality.


The three variables measuring the level of unionization are only highly correlated with each other.  This means that their effects can be tested alongside any of the manufacturing variables—so long as each unionization variable is tested individually.  The OCC variable shares no high correlation with any other variable, meaning that it can


likely be included in all tests.  The TECH variable is highly correlated with a number of different variables—most notably all of the variables measuring technology intensive manufacturing.  As a result, in terms of testing, the TECH variable will be treated both as an individual variable and as the tenth manufacturing industry variable.  In other words, it will be included in tests with the manufacturing variables it does not share a strong relationship with, but will also be tested against clusters of independent variables that do not include any manufacturing variable.  The next logical step is to test for possible relationships between the non-manufacturing variables.  However, it is first necessary to explain how the results from each series of tests will be presented.  A hypothetical sample of results from one test is given in Table 4. 

	
	R²
	0.319
	

	
	Adj. R²
	0.301
	

	
	n
	240
	

	
	TEST
	1
	

	
	Constant
	-0.022
	

	
	
	(0.332)
	

	
	AGE
	0.071*
	

	
	
	(1.719)
	

	
	SIZE
	1.4E-08***
	

	
	
	(4.720)
	

	
	OCC
	22.625***
	

	
	
	(4.188)
	

	
	
	
	

	Table 4: Sample Results


Vertically, each table is divided into columns that represent each model.  Horizontally, each row gives the independent variables included in each model.  At the top of each column is the sample size for the model (n) as well as the explanatory power of the variables included in the model where it concerns income inequality (R² and Adj. R²).  For example, given the R² value in the first model, differences in the values of the independent variables included in the model explain 31.9% of the differences in the value of the Gini Coefficient across the 240 metro areas in the sample.

The adjusted R² value corrects for the possibility that some of the independent variables included in the model have no more than a negligible effect on income inequality.  In other words, it is possible that simply by virtue of adding another independent variable to the model, the explanatory power of the variables included in the model will increase, even though the variable that was added has no real consequence on the ultimate outcome.  


The relationship between each independent variable and income inequality is expressed in terms of two values: (1) a regression coefficient, and (2) a t-statistic.  The regression coefficient (the top row for each variable) gives the slope value associated with each independent variable in an equation that defines the relationship between each variable and income inequality.  For example, the results from model one can be used to define the following equation:

GINI = – 0.022  + 0.071(AGE)  + 1.4E-08(SIZE) + 22.6(OCC) 

Thus, every time the AGE variable increases by one unit, the Gini Coefficent falls by 0.071—holding all other factors constant.  What is most important, however, is not the value of the coefficient, but whether it is positive or negative.  For example, a positive coefficient indicates a variable that causes income inequality to increase.  In other words, while the value of the coefficient is of importance, that importance is secondary to the sign of the coefficient. However, it must be noted that the regression coefficients are estimated and, as such, they are subject to error.  


Thus, each estimated regression coefficient should be interpreted as being the central point in a range of possible values that the true regression coefficient could assume.  This range is defined by the error associated with the estimate of the coefficient, or the standard error of the estimate.  In order to be confident that the relationship illustrated by each slope coefficient is accurate it is necessary to compare the value of each coefficient with the value of the standard error.  This is done using the t-statistic (the value in parentheses directly under each coefficient).


The t-statistics are given by dividing each coefficient by its standard error.  Thus, t values less than one indicate a condition in which the standard error is larger than the coefficient, and t values greater than one indicate the opposite condition.  The standard error of the estimate serves to create an interval of confidence around the coefficient.  In other words, it is used to define the width of the range of possible values that the true coefficient could assume.  To explain exactly what the t values indicate, it is necessary to examine the condition illustrated by a t value that is less than one (see Figure 7).  
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Figure 7 illustrates a hypothetical regression coefficient of 0.5 (given by the blue vertical line and value) that has a standard error of one.  The endpoints of the confidence interval for the coefficient are defined by one standard error on either side of the coefficient (given by the red vertical lines and values).  This is illustrated on a standard number line.  


What is most significant in Figure 7 is that the confidence interval around the coefficient contains zero as a value.  Given that this interval contains all of the values that the true coefficient could assume, it is possible that the true coefficient is zero.  Given this, it is impossible to determine whether or not the variable that corresponds to this hypothetical coefficient has any effect on income inequality whatsoever.  By using the t values, certain levels of confidence concerning the sign of the coefficient can be established.


The t statistic effectively defines a specific number of standard errors on either side of the regression coefficient that can be associated with a certain level of confidence.

For the sample size here, a t value of 1.651 (1.651 standard errors on either side of the coefficient) means that, nine times out of ten, the confidence interval around the coefficient does not contain zero as a value.  These results dictate that 90% of the time, the true coefficient will assume a discrete sign, and not zero.  In other words, the level of confidence that the estimated sign of the coefficient is accurate is 90%.  Obviously, as t-statistics increase in value, the width of the interval around the coefficient is increasing.  Thus, larger t values indicate a greater level of confidence that the sign of the estimated coefficient is indicative of the sign of the true coefficient.


For the sample size here, a t value of 1.977 (1.977 standard errors on either side of the regression coefficient) indicates that 19 times out of 20 (95% of the time), the confidence interval around the coefficient does not contain zero as a value.  A t value of 2.597 indicates that the confidence that the sign of the estimated value of the coefficient reflects the sign of the true value of the coefficient is 99%.  Coefficients that meet these standards are identified in each table by a series of asterisks.  One asterisk indicates a 90% level of confidence that the sign of the coefficient is correct, two asterisks indicates a 95% level of confidence that the sign of the coefficient is correct, and three asterisks indicate a 99% level of confidence that the sign of the coefficient is correct.


To summarize, there are a series of values that should be given close attention in each of the tables.  The first values are the R² and the adjusted R² values, as they indicate the cumulative impact of the independent variables in each model on income inequality.  The regression coefficients illustrate the individual impact of each variable on income inequality.  Finally, the t values indicate how much certainty can be associated with the sign of each coefficient.  In order to provide a concrete example of how the regression results should be interpreted, it is necessary to revisit Table 4.

	
	R²
	0.319
	

	
	Adj. R²
	0.301
	

	
	n
	240
	

	
	MODEL
	1
	

	
	Constant
	-0.022
	

	
	
	(0.332)
	

	
	AGE
	0.071*
	

	
	
	(1.719)
	

	
	SIZE
	1.4E-08***
	

	
	
	(4.720)
	

	
	OCC
	22.625**
	

	
	
	(2.188)
	

	
	
	
	

	Table 4: Sample Results



Given the hypothetical results in Table 4, the independent variables included in the model account for between 30.1% (adjusted R²) and 31.9% (R²) of differences in the Gini Coefficient, or income inequality across the 240 metro areas.  As well, it is a 90% certainty that increases in the AGE variable cause increases in income inequality, a 99% certainty that increases in the SIZE variable cause increases in income inequality and a 95% certainty that increases in the OCC variable cause increases in income inequality.

While this study is focused primarily upon analyzing the impacts of different elements of the manufacturing industry on income inequality, it includes a number of variables that examine either demographic or economic characteristics (not directly related to the manufacturing sector) of each metro area.  As noted previously, there are specific expectations for the causal relationships that these variables should share with income inequality, regardless of their relationships with specific manufacturing variables.  Given this, it is necessary to test these variables in environments that do not include any manufacturing variable in order to determine whether or not these variables follow the patterns predicted by this study and to determine whether or not these variables share significant relationships (multicollinearity) with each other.  


The purpose of these models is to establish a series of benchmarks for the non-manufacturing independent variables.  In other words, it is necessary to determine what sets of independent variables can be responsibly included in models with the manufacturing variables.  Thus, the first series of models of the independent variables do not include any of the manufacturing variables.

A. Benchmark Models


In the first set of models, the AGE, SIZE, OCC, and UNION variables are included in all models as a result of low correlations between the variables.  Each test is then performed with either the RACE variable, the GEND variable, or both of these variables.  These tests are then all performed three times, once with the ED variable, once with the INC variable, and once with the TECH variable.  Thus, the models can be divided into three groups—models 1-3, models 4-6, and models 7-9.  Results for this series of models are given in Table 5.


What can be seen is that, by and large, the independent variables have the expected signs.   It is necessary then to examine the cases in which each independent

variable did not meet the expectations of this study.  Coefficients for the ED variable are negative, which is contrary to the prediction of this study.  It was assumed that higher 

	R²
	0.319
	0.247
	0.341
	0.388
	0.336
	0.406
	0.362
	0.293
	0.378

	Adj. R²
	0.301
	0.228
	0.321
	0.372
	0.319
	0.388
	0.345
	0.275
	0.359

	n
	240
	240
	240
	240
	240
	240
	240
	240
	240

	MODEL
	1
	2
	3
	4
	5
	6
	7
	8
	9

	Constant
	-0.022
	0.415
	0.030
	0.074
	0.459
	0.117
	0.022
	0.434
	0.064

	
	(0.332)
	(43.052)
	(0.447)
	(1.133)
	(44.352)
	(1.761)
	(0.336)
	(51.543)
	(0.968)

	AGE (+)
	0.071*
	0.162***
	0.095**
	0.047
	0.114***
	0.066*
	0.030
	0.106**
	0.051

	
	(1.719)
	(3.789)
	(2.277)
	(1.208)
	(2.860)
	(1.691)
	(0.741)
	(2.488)
	(1.247)

	SIZE (+)
	1.4E-08***
	1.3E-08***
	1.3E-08***
	1.8E-08***
	1.8E-08***
	1.6E-08***
	1.6E-08***
	1.5E-08***
	1.4E-08***

	
	(4.720)
	(4.025)
	(4.133)
	(6.116)
	(5.730)
	(5.582)
	(5.421)
	(4.908)
	(4.893)

	OCC (?)
	22.625***
	17.872***
	23.501***
	25.455***
	21.789***
	26.142***
	22.666***
	18.139***
	23.448***

	
	(4.188)
	(3.196)
	(4.406)
	(4.944)
	(4.114)
	(5.134)
	(4.335)
	(3.348)
	(4.526)

	GEND (+)
	0.907***
	
	0.783***
	0.783***
	
	0.679***
	0.845***
	
	0.744***

	
	(6.942)
	
	(5.753)
	(6.211)
	
	(5.204)
	(6.635)
	
	(5.620)

	RACE (+)
	
	0.076***
	0.045***
	
	0.064***
	0.040***
	
	0.066***
	0.039**

	
	
	(4.633)
	(2.811)
	
	(4.171)
	(2.622)
	
	(4.161)
	(2.485)

	UNION (–)
	-0.070***
	-0.064***
	-0.059***
	-0.049***
	-0.043**
	-0.041**
	-0.070***
	-0.066***
	-0.060***

	
	(3.808)
	(3.245)
	(3.176)
	(2.748)
	(2.253)
	(2.254)
	(3.898)
	(3.438)
	(3.340)

	ED (+)
	-0.022
	-0.008
	-0.015
	
	
	
	
	
	

	
	(1.080)
	(0.363)
	(0.714)
	
	
	
	
	
	

	INC (–)
	
	
	
	-9.3E-07***
	-1.0E-06***
	-8.9E-07***
	
	
	

	
	
	
	
	(5.272)
	(5.615)
	(5.084)
	
	
	

	TECH (–)
	
	
	
	
	
	
	-0.254***
	-0.257***
	-0.234***

	
	
	
	
	
	
	
	(4.113)
	(3.929)
	(3.790)

	
	
	
	
	
	
	
	
	
	

	Table 5: Benchmark Models 1 through 9


values for this variable would represent a greater demand in a metro area for skilled labor and a lesser demand for unskilled labor which would ultimately lead to a wage differential between the two groups that would increase income inequality.  However, no firm conclusion can be reached concerning the ED variable (the variable's coefficient is not statistically significant).


What can also be seen in all three groups is that the removal of the GEND variable causes a significant drop in the explanatory power of the models.  At the same time, models including both the RACE and GEND variables have the greatest explanatory power.  As the signs and significance of both variables tend to remain relatively stable across all models, there is no evidence that these two variables are collinear.  However, these variables do appear to affect the AGE variable.  What can be seen in every group is that models including only the GEND variable are also the models in which the AGE variable is of the least significance.  The significance of AGE increases when RACE is added, and is highest when the models do not include the GEND variable.  Thus, it would appear from this first series of models that the GEND variable is a more significant predictor of income inequality than the RACE variable.  As well, it is possible that the GEND and AGE variables share some relationship.

	R²
	0.318
	0.247
	0.343
	0.392
	0.341
	0.411
	0.362
	0.295
	0.381

	Adj. R²
	0.300
	0.227
	0.323
	0.376
	0.324
	0.393
	0.346
	0.277
	0.363

	n
	240
	240
	240
	240
	240
	240
	240
	240
	240

	MODEL
	10
	11
	12
	13
	14
	15
	16
	17
	18

	Constant
	-0.032
	0.415
	0.026
	0.070
	0.459
	0.116
	0.013
	0.433
	0.060

	
	(0.487)
	(42.915)
	(0.385)
	(1.087)
	(44.486)
	(1.760)
	(0.195)
	(51.847)
	(0.916)

	AGE (+)
	0.061
	0.155***
	0.088**
	0.041
	0.110***
	0.062
	0.021
	0.100**
	0.045

	
	(1.463)
	(3.622)
	(2.102)
	(1.061)
	(2.780)
	(1.606)
	(0.509)
	(2.341)
	(1.094)

	SIZE (+)
	1.4E-08***
	1.3E-08***
	1.3E-08***
	1.8E-08***
	1.8E-08***
	1.7E-08***
	1.6E-08***
	1.5E-08***
	1.4E-08***

	
	(4.718)
	(3.999)
	(4.134)
	(6.152)
	(5.757)
	(5.618)
	(5.396)
	(4.868)
	(4.875)

	OCC (?)
	22.094***
	17.364***
	23.065***
	25.078***
	21.424***
	25.784***
	22.099***
	17.595***
	22.970***

	
	(4.082)
	(3.100)
	(4.326)
	(4.878)
	(4.052)
	(5.078)
	(4.223)
	(3.247)
	(4.439)

	GEND (+)
	0.930***
	
	0.793***
	0.792***
	
	0.682***
	0.864***
	
	0.751***

	
	(7.140)
	
	(5.841)
	(6.313)
	
	(5.248)
	(6.814)
	
	(5.695)

	RACE (+)
	
	0.079***
	0.048***
	
	0.066***
	0.041***
	
	0.070***
	0.042***

	
	
	(4.919)
	(3.002)
	
	(4.335)
	(2.740)
	
	(4.450)
	(2.692)

	U-PRIV (–)
	-0.089***
	-0.081***
	-0.077***
	-0.067***
	-0.060***
	-0.059***
	-0.089***
	-0.084***
	-0.080***

	
	(3.762)
	(3.222)
	(3.297)
	(2.975)
	(2.564)
	(2.644)
	(3.917)
	(3.504)
	(3.520)

	ED (+)
	-0.028
	-0.012
	-0.019
	
	
	
	
	
	

	
	(1.325)
	(0.550)
	(0.919)
	
	
	
	
	
	

	INC (–)
	
	
	
	-9.5E-07***
	-1.0E-06***
	-9.0E-07***
	
	
	

	
	
	
	
	(5.498)
	(5.793)
	(5.240)
	
	
	

	TECH (–)
	
	
	
	
	
	
	-0.263
	-0.264
	-0.240

	
	
	
	
	
	
	
	(4.247)***
	(4.029)***
	(3.895)***

	
	
	
	
	
	
	
	
	
	

	Table 6: Benchmark Models 10 through 18



The second set of models for relationships between the non-manufacturing variables followed exactly the same pattern, with the only difference being that the U-PRIV variable (measuring private sector unionization) is substituted for the UNION variable.  Results from this series of models are given in Table 6.  The results of models including the U-PRIV variable are nearly identical to those that included the UNION variable.  


The only notable distinction is that the group of models that include the INC variable have slightly higher explanatory power when the U-PRIV variable is included in

place of the UNION variable.  The next set of tests for relationships between the non-manufacturing variables rotated the U-PRIV variable out and replaced it with the U-PUB variable (measuring the level of unionization in the public sector).  Results from this

	R²
	0.313
	0.238
	0.333
	0.374
	0.323
	0.394
	0.350
	0.278
	0.365

	Adj. R²
	0.295
	0.219
	0.312
	0.358
	0.305
	0.376
	0.333
	0.259
	0.346

	n
	240
	240
	240
	240
	240
	240
	240
	240
	240

	MODEL
	19
	20
	21
	22
	23
	24
	25
	26
	27

	Constant

 
	-0.022
	0.410
	0.025
	0.063
	0.456
	0.110
	0.017
	0.430
	0.056

	
	(0.327)
	(43.769)
	(0.367)
	(0.962)
	(43.651)
	(1.647)
	(0.256)
	(51.437)
	(0.832)

	AGE (+)

 
	0.095**
	0.181***
	0.112***
	0.050
	0.111***
	0.064
	0.049
	0.121***
	0.064

	
	(2.226)
	(4.131)
	(2.609)
	(1.233)
	(2.678)
	(1.580)
	(1.155)
	(2.755)
	(1.510)

	SIZE (+)

 
	1.5E-08***
	1.4E-08***
	1.3E-08***
	1.8E-08***
	1.7E-08***
	1.6E-08***
	1.6E-08***
	1.6E-08***
	1.5E-08***

	
	(4.788)
	(4.053)
	(4.141)
	(6.027)
	(5.543)
	(5.412)
	(5.474)
	(4.878)
	(4.858)

	OCC (?)

 
	23.758***
	18.824***
	24.379***
	26.102***
	22.386***
	26.747***
	23.811***
	19.067***
	24.371***

	
	(4.379)
	(3.347)
	(4.545)
	(5.019)
	(4.189)
	(5.209)
	(4.513)
	(3.481)
	(4.658)

	GEND (+)

 
	0.896***
	 
	0.785***
	0.798***
	 
	0.688***
	0.848***
	 
	0.755***

	
	(6.795)
	 
	(5.727)
	(6.263)
	 
	(5.217)
	(6.584)
	 
	(5.645)

	RACE (+)

 
	 
	0.073***
	0.043***
	 
	0.068***
	0.043***
	 
	0.065***
	0.038**

	
	 
	(4.330)
	(2.605)
	 
	(4.310)
	(2.748)
	 
	(3.959)
	(2.333)

	U-PUB (–)

 
	-0.026***
	-0.022***
	-0.020***
	-0.011
	-0.004
	-0.005
	-0.023***
	-0.020**
	-0.018**

	
	(3.534)
	(2.775)
	(2.647)
	(1.476)
	(0.547)
	(0.664)
	(3.291)
	(2.554)
	(2.479)

	ED (+)

 
	-0.008
	0.004
	-0.004
	 
	 
	 
	 
	 
	 

	
	(0.392)
	(0.185)
	(0.183)
	 
	 
	 
	 
	 
	 

	INC (–)

 
	 
	 
	 
	-9.1E-07***
	-1.1E-06***
	-9.1E-07***
	 
	 
	 

	
	 
	 
	 
	(4.790)
	(5.400)
	(4.851)
	 
	 
	 

	TECH (–)

 
	 
	 
	 
	 
	 
	 
	-0.230***
	-0.238***
	-0.216***

	
	 
	 
	 
	 
	 
	 
	(3.669)
	(3.579)
	(3.449)

	
	
	
	
	
	
	
	
	
	

	Table 7: Benchmark Models 19 through 27


series of models are given in Table 7.

In this series of models, the variables follow the exact same pattern as they did in the two sets of models listed above.  Once again, the results of models including the U-PUB variable are quite similar to those models that included either the UNION or U-PRIV variable.  This leads to the conclusion that although unionization obviously affects the level of income inequality in a metro area, what sector unionization is concentrated in appears to be of little importance.  Therefore, for the remainder of the models, the UNION variable (measuring the overall level of unionization) will be used to capture the effects of unionization on the distribution of income in a metro area, and the other two variables measuring unionization will be discarded.


Given the results here, all of the variables followed their expected relationships with income inequality except the ED variable.  However, the variable was not statistically significant in any model, so the true sign of the coefficient of the ED variable remains unknown.  


One final series of models was conducted on the non-manufacturing variables in order to assess the impact of removing each one of the variables that are common to all models.  These variables were the AGE variable (the proportion of a metro area that is over 65 years old), the SIZE variable (the number of households in a metro area) and the OCC variable (the variance between the distribution of occupations at the national and metro area levels).  Each of these variables was tested individually against two sets of independent variables.  The only distinction between the two sets of variables is that the RACE and GEND variables were rotated in and out.  This resulted in a series of eight models—two including the AGE variable, two including the SIZE variable and two including the OCC variable. The results from these models are given in Table 8.


What can be seen is that the relationships of the independent variables are generally unchanged when these results are compared with those of previous models.  An examination of the explanatory power of the models illustrates that, of the three, the SIZE variable appears to be the strongest predictor of income inequality, and between RACE and GEND, the GEND variable appears to be a stronger predictor of income inequality.  One additional piece of information was obtained.  It would appear that there is some

	R²
	0.319
	0.247
	0.254
	0.195
	0.310
	0.201
	0.267
	0.214

	Adj. R²
	0.301
	0.228
	0.238
	0.178
	0.295
	0.184
	0.252
	0.197

	n
	240
	240
	240
	240
	240
	240
	240
	240

	 MODEL
	28
	29
	30
	31
	32
	33
	34
	35

	Constant

 
	-0.022
	0.415
	-0.053
	0.412
	-0.037
	0.442
	0.041
	0.420

	
	(0.332)
	(43.052)
	(0.768)
	(41.538)
	(0.567)
	(65.323)
	(0.624)
	(43.391)

	AGE (+)

 
	0.071*
	0.162***
	0.054
	0.155***
	 
	 
	0.083*
	0.162

	
	(1.719)
	(3.789)
	(1.250)
	(3.524)
	 
	 
	(1.934)
	(3.723)

	OCC (?)

 
	22.625***
	17.872**
	20.879***
	16.490***
	23.242***
	17.917***
	 
	 

	
	(4.188)
	(3.196)
	(3.709)
	(2.863)
	(4.294)
	(3.116)
	 
	 

	SIZE (+)

 
	1.4E-08***
	1.3E-08***
	 
	 
	1.4E-08***
	1.3E-08***
	1.4E-08***
	1.3E-08***

	
	(4.720)
	(4.025)
	 
	 
	(4.567)
	(3.775)
	(4.295)
	(3.762)

	UNION (–)

 
	-0.070***
	-0.064***
	-0.060***
	-0.052**
	-0.0689***
	-0.062***
	-0.072***
	-0.066***

	
	(3.808)
	(3.245)
	(3.133)
	(2.573)
	(3.656)
	(3.053)
	(3.789)
	(3.279)

	ED (+)

 
	-0.022
	-0.008
	0.001
	0.015
	-0.032
	-0.031
	-0.020
	-0.007

	
	(1.080)
	(0.363)
	(0.057)
	(0.697)
	(1.577)
	(1.424)
	(0.941)
	(0.333)

	GEND (+)

 
	0.907***
	 
	0.969***
	 
	0.959***
	 
	0.790***
	 

	
	(6.942)
	 
	(7.131)
	 
	(7.509)
	 
	(5.981)
	 

	RACE (+)

 
	 
	0.076***
	 
	0.090***
	 
	0.068***
	 
	0.069***

	
	 
	(4.633)
	 
	(5.483)
	 
	(4.083)
	 
	(4.181)

	
	
	
	
	
	
	
	
	

	Table 8: Benchmark Models 28 through 35


 relationship between the ED and the AGE variables.  Although the ED variable is not significant in any of the models, it approaches 90% significance when the AGE variable is not included (model #32).  As well, in models where the AGE variable is included, the sign of the ED variable is not consistent.


From the results of this and the previous models, certain base models can be developed to test the impact of the manufacturing variables.  As stated, the U-PUB and U-PRIV variables have been removed from the models, and the UNION variable will be used to capture the effects of unionization for the remainder of the tests.  As well, the RACE variable will be removed, as it appears that it shares some type of relationship with both the AGE and the GEND variables.  The AGE variable is only significant in models where RACE is included, and the inclusion of the GEND variable appears to significantly impact the t values for the RACE variable.  As it appears that the GEND variable is a better predictor of income inequality than RACE, it will be used for the remainder of the tests.


As noted previously, the ED, INC and TECH variables cannot be included in the same model.  However, it would also appear that the AGE and ED variables cannot be included in the same model as the explanatory power and sign of the ED variable is significantly affected by the AGE variable.  The remaining variables—SIZE, OCC, and UNION—appear to be usable in all models, as they do not appear to share any significant relationships with any of the other independent variables or with each other.  A summary of the remaining non-manufacturing variables that will be used in subsequent models is given in Table 9.  Given the results of the benchmark models, it is now possible to begin

examining the impacts of the industry specific manufacturing variables.

	Variable
	Expectation
	Variable
	Expectation

	AGE
	(+)
	OCC
	(?)

	ED
	(+)
	SIZE
	(+)

	GEND
	(+)
	TECH
	(–)

	INC
	(–)
	UNION
	(–)

	
	
	
	

	Table 9: Remaining Non-Manufacturing Variables


B. Manufacturing Models


As stated previously, for each of the manufacturing variables, there will be at least one model in which only one of the manufacturing variables will be included.  However, because of low correlations between the MAN variable and the other manufacturing variables, it was possible to estimate a series of models that included the MAN variable with at least one of the other manufacturing variables.  The first series of models included the MAN variable (measuring manufacturing employment as a percent of total employment) and the DUR variable (measuring durable manufacturing employment as a percent of overall manufacturing employment).  Three tests were performed—one including the AGE variable, one including the ED variable, and one including the INC variable.  The results of models including the MAN and the DUR variable are given in Table 10.

	R²
	0.409
	0.410
	0.462

	Adj. R²
	0.391
	0.393
	0.446

	n
	240
	240
	240

	MODEL
	1
	2
	3

	Constant
	0.042
	0.030
	0.110

	
	(0.668)
	(0.483)
	(1.781)

	MAN (–)
	-0.113***
	-0.129***
	-0.112***

	
	(5.142)
	(5.787)
	(5.379)

	DUR (–)
	-0.023**
	-0.013
	-0.012

	
	(2.227)
	(1.249)
	(1.283)

	GEND (+)
	0.823***
	0.879***
	0.760***

	
	(6.661)
	(7.354)
	(6.511)

	OCC (?)
	21.138***
	22.287***
	24.766***

	
	(4.173)
	(4.418)
	(5.111)

	SIZE (+)
	1.2E-08***
	1.3E-08***
	1.6E-08***

	
	(4.405)
	(4.536)
	(5.684)

	UNION (–)
	-0.051***
	-0.049***
	-0.031

	
	(2.894)
	(2.803)
	(1.831)

	AGE (+)
	0.082*
	
	

	
	(2.127)
	
	

	ED (+)
	
	-0.044**
	

	
	
	(2.267)
	

	INC (–)
	
	
	-8.7E-07***

	
	
	
	(5.281)

	
	
	
	

	Table 10:  Models of the MAN and DUR Variables



What can be seen is that the MAN and DUR variables have the predicted signs in all models.  However, the DUR variable (measuring the percentage of durable manufacturing employment in the manufacturing sector) is only significant in the model that includes the AGE variable.  When either education or median income levels are included as a factor, durable manufacturing employment appears to be unimportant.  This outcome will be monitored closely in the remainder of the models including the DUR variable.


What can also be seen is that the other independent variables, with the exception of the ED variable, follow the predicted relationships.  In this series of models, differences in the values of the of the independent variables explain between 39.1% (the lowest adjusted R2 value)and 46.2% (the highest R2 value)of changes in income inequality across the metro areas.  What is also noteworthy is that the model that includes the INC variable (measuring the median income level in a metro area) has significantly greater explanatory power than the other two models.  The next series of models was identical to the first, save for that the DUR variable was rotated out and the T(70) variable was rotated in.  The results from this series of models are given in Table 11.

	R²
	0.398
	0.406
	0.461

	Adj. R²
	0.380
	0.388
	0.445

	n
	240
	240
	240

	MODEL
	1
	2
	3

	Constant
	0.019
	0.018
	0.093

	
	(0.308)
	(0.282)
	(1.511)

	MAN (–)
	-0.120***
	-0.134***
	-0.118***

	
	(5.470)
	(6.028)
	(5.719)

	T(70) (–)
	-0.007
	-5.0E-04
	0.011

	
	(0.813)
	(0.052)
	(1.208)

	GEND (+)
	0.853***
	0.893***
	0.780***

	
	(6.870)
	(7.406)
	(6.687)

	OCC (?)
	21.590***
	22.779***
	26.587***

	
	(4.196)
	(4.452)
	(5.388)

	SIZE (+)
	1.2E-08***
	1.3E-08***
	1.6E-08***

	
	(4.246)
	(4.539)
	(5.697)

	UNION (–)
	-0.052***
	-0.050***
	-0.028

	
	(2.951)
	(2.859)
	(1.629)

	AGE (+)
	0.061
	 
	 

	
	(1.591)
	 
	 

	ED (+)
	 
	-0.049**
	 

	
	 
	(2.426)
	 

	INC (–)
	 
	 
	-9.8E-07***

	
	 
	 
	(5.500)

	
	
	
	

	Table 11:  Models of the MAN and T(70) Variables



What can be seen is that although the MAN variable still follows its predicted relationship, the T(70) variable is not significant in any model, and the sign of the T(70) variable reverses when the INC variable is included in the model.  The prediction for the T(70) variable (measuring employment in industries for NAICS categories in which at least 70% of employment is in technology intensive industries) was that it was expected to share the weakest relationship with income inequality of any of the T variables.  Therefore, this outcome is not necessarily a repudiation of the theory of this study, but simply an indication that the results of additional tests must be consulted.  Once again, the ED variable defies the predictions of this study.  As well, among the AGE, ED and INC variables, the INC variable emerges as the most significant predictor of income inequality.  The variables included in this series of models explain between 38.0% and 46.1% of changes in income inequality.  The next series of tests rotated the T(70) variable out and the T(85) variable in.  The results from this series of models are given in Table 12.

	R²
	0.397
	0.406
	0.463

	Adj. R²
	0.379
	0.388
	0.447

	n
	240
	240
	240

	MODEL
	1
	2
	3

	Constant
	0.017
	0.015
	0.090

	
	(0.274)
	(0.247)
	(1.465)

	MAN (–)
	-0.122***
	-0.134***
	-0.116***

	
	(5.564)
	(6.122)
	(5.646)

	T(85) (–)
	-0.005
	1.4E-03
	0.013

	
	(0.577)
	(0.149)
	(1.462)

	GEND (+)
	0.855***
	0.896***
	0.787***

	
	(6.857)
	(7.404)
	(6.741)

	OCC (?)
	21.930***
	22.909***
	26.444***

	
	(4.287)
	(4.514)
	(5.421)

	SIZE (+)
	1.2E-08***
	1.3E-08***
	1.6E-08***

	
	(4.227)
	(4.532)
	(5.677)

	UNION (–)
	-0.052***
	-0.050***
	-0.027

	
	(2.938)
	(2.837)
	(1.555)

	AGE (+)
	0.061
	 
	 

	
	(1.604)
	 
	 

	ED (+)
	 
	-0.051**
	 

	
	 
	(2.507)
	 

	INC (–)
	 
	 
	-1.0E-06***

	
	 
	 
	(5.606)

	
	
	
	

	Table 12:  Models of the MAN and T(85) Variables



What can be seen is that the MAN variable once again follows the predicted relationship.  Once again, however, the variable measuring technology intensive manufacturing employment is not significant in any model.  However, what can be seen is that the T(85) variable does approach significance in the third model.  As with the previous series of models, this outcome only indicates that results of subsequent models be examined with scrutiny.  All of the other variables appear to follow their previously established relationships and, once again, the model including the INC variable has the greatest explanatory power.  The variables included here explain between 37.9% and 46.3% of income inequality, which is nearly identical to the previous set of models.  The next series of models rotated the T(85) variable out and the T(100) variable in.  Results from this series of models are given in Table 13.

	R²
	0.406
	0.409
	0.458

	Adj. R²
	0.388
	0.391
	0.442

	n
	240
	240
	240

	MODEL
	1
	2
	3

	Constant
	0.049
	0.037
	0.095

	
	(0.761)
	(0.578)
	(1.514)

	MAN (–)
	-0.125***
	-0.134***
	-0.116***

	
	(5.766)
	(6.143)
	(5.548)

	T(100) (–)
	-0.022*
	-0.014
	0.003

	
	(1.963)
	(1.047)
	(0.248)

	GEND (+)
	0.797***
	0.852***
	0.779***

	
	(6.267)
	(6.786)
	(6.487)

	OCC (?)
	22.542***
	22.948***
	25.375***

	
	(4.458)
	(4.560)
	(5.240)

	SIZE (+)
	1.2E-08***
	1.3E-08***
	1.6E-08***

	
	(4.403)
	(4.548)
	(5.655)

	UNION (–)
	-0.056***
	-0.053***
	-0.030*

	
	(3.150)
	(2.988)
	(1.729)

	AGE (+)
	0.053
	 
	 

	
	(1.400)
	 
	 

	ED (+)
	 
	-0.039*
	 

	
	 
	(1.789)
	 

	INC (–)
	 
	 
	-9.1E-07***

	
	 
	 
	(4.952)

	
	
	
	

	Table 13:  Models of the MAN and T(100) Variables



What can be seen is that the results of this series of models are nearly identical to those of the previous models.  The MAN variable follows its predicted relationship in every model.  However, in the first model, the T(100) variable emerges as a significant predictor of income inequality, and has the expected sign in all models.  This result, in combination with previous results, would appear to support the theory of this study—that technology intensive manufacturing will tend to reduce income inequality as it raises average wages in the manufacturing sector overall.  However, this conclusion—without the support of additional information—is not solid.  Once again, the model including the INC variable has the greatest explanatory power, and all of the other independent variables tend to follow the previously established patterns.  The independent variables included in these models explain between 38.8% and 45.8% of income inequality.


The remainder of the models were designed to assess the impact of each manufacturing variable independently of the other manufacturing variables.  Thus, each manufacturing variable was examined in as many different environments as possible given the relationships that existed between them and the other independent variables as well as the relationships between the other independent variables themselves.  The first series of tests included the MAN variable (measuring overall manufacturing employment as a percent of total employment) in four different models.  The results of this series of models are given in Table 14.

	R²
	0.396
	0.406
	0.458
	0.434

	Adj. R²
	0.381
	0.391
	0.444
	0.419

	n
	240
	240
	240
	240

	MODEL
	1
	2
	3
	4



	Constant
	0.010
	0.017
	0.098
	0.051

	
	(0.165)
	(0.278)
	(1.602)
	(0.837)

	MAN (–)
	-0.122***
	-0.134***
	-0.116**
	-0.116***

	
	(5.587)
	(6.148)
	(5.629)
	(5.514)

	GEND (+)
	0.865***
	0.893***
	0.772***
	0.822***

	
	(7.017)
	(7.494)
	(6.620)
	(6.958)

	OCC (?)
	22.215***
	22.824***
	25.345***
	22.534***

	
	(4.369)
	(4.535)
	(5.246)
	(4.586)

	SIZE (+)
	1.2E-08***
	1.3E-08***
	1.6E-08***
	1.4E-08***

	
	(4.196)
	(4.549)
	(5.662)
	(4.991)

	UNION (–)
	-5.1E-02***
	-5.0E-02***
	-3.1E-02*
	-0.052***

	
	(2.903)
	(2.869)
	(1.852)
	(3.034)

	AGE (+)
	0.064*
	 
	 
	

	
	(1.695)
	 
	 
	

	ED (+)
	 
	-0.050***
	 
	

	
	 
	(2.632)
	 
	

	INC (–)
	 
	 
	-8.9E-07***
	

	
	 
	 
	(5.463)
	

	TECH (–)
	 
	 
	 
	-0.240***

	
	 
	 
	 
	(4.317)

	
	
	
	
	

	Table 14: Models of the MAN Variable



What can be seen is that, once again, the MAN variable follows its predicted relationship with income inequality—increases in manufacturing employment tend to cause decreases in income inequality.  The remainder of the independent variables, with the exception of the ED variable, follow their expected relationships.  The ED variable was expected to cause increases in income inequality, as it was expected to illustrate a high demand for skilled labor and a low demand for unskilled labor that would lead to a wage differential between these two groups that would increase income inequality.  Obviously, this is not the case.  One possible conclusion is that increases in the ED variable causes an increase in the share of the population earning higher than average income levels that is sufficient to offset any disequalizing effect the variable may have on the income distribution.  The high positive correlation between this variable and the INC variable (measuring median income) suggests that this may be the case.  In any event, the independent variables in this set of models explain between 38.1% and 45.8% of variation in income inequality.

	R²
	0.341
	0.325
	0.395
	0.365

	Adj. R²
	0.324
	0.308
	0.379
	0.349

	n
	240
	240
	240
	240

	MODEL
	1
	2
	3
	4

	Constant
	0.022
	-0.008
	0.088
	0.031

	
	(0.324)
	(0.120)
	(1.340)
	(0.478)

	DUR (–)
	-0.032***
	-0.024**
	-0.020**
	-0.015

	
	(3.042)
	(2.287)
	(2.002)
	(1.389)

	GEND (+)
	0.842***
	0.927***
	0.791***
	0.851***

	
	(6.474)
	(7.282)
	(6.410)
	(6.807)

	OCC (?)
	20.924***
	22.180***
	24.974***
	22.303***

	
	(3.923)
	(4.119)
	(4.870)
	(4.272)

	SIZE (+)
	1.4E-08***
	1.4E-08***
	1.8E-08***
	1.6E-08***

	
	(4.857)
	(4.548)
	(6.040)
	(5.340)

	UNION (–)
	-6.7E-02***
	-6.4E-02***
	-4.5E-02**
	-0.066***

	
	(3.670)
	(3.482)
	(2.534)
	(3.730)

	AGE (+)
	0.106***
	 
	 
	

	
	(2.637)
	 
	 
	

	ED (+)
	 
	-0.022
	 
	

	
	 
	(1.090)
	 
	

	INC (–)
	 
	 
	-9.2E-07***
	

	
	 
	 
	(5.304)
	

	TECH (–)
	 
	 
	 
	-0.245***

	
	 
	 
	 
	(4.001)

	
	
	
	
	

	Table 15: Models of the DUR Variable



The next series of models were identical to the previous, save for that the MAN variable was rotated out and the DUR variable (measuring the percentage of manufacturing employment that is in durable industries) was rotated in.  The results from this series of models are given in Table 15.


The results for this series of models is distinct, as the DUR variable is not significant in all models.  For the model that includes the TECH variable, the DUR variable is not significant.  This could be due to a relationship between the two variables, but this is not known.  As well, the ED variable in this series of models is not significant.  However, in three of the four models, the DUR variable has the predicted effect on income inequality.  The series of independent variables included in these models explain between 30.8% and 39.5% of income inequality—outcomes that are significantly lower than those models that included the MAN variable.


The remainder of the models assessed the impact of technology on income inequality.  In all, there were four independent variables that measured technology in a metro area—the T(70), T(85), T(100) and TECH variables.  The first three variables measured the impacts of technology intensive manufacturing employment within the manufacturing sector, and the TECH variable measured the impact of the size of the technology intensive workforce in a metro area.  Due to high correlations between each of these variables and the ED and INC variables, only one model could be constructed to test the impact of each of these variables on income inequality.  For the purposes of comparison, the results for each of these variables are included in a single table.


The format for this table is slightly different than that of previous tables, as each column measures a test of one specific variable that measures technology intensive activity in a metro area's economy.  In the leftmost column, the technology variable being tested is identified by the row titled "X."  Instead of each model being numbered, they are given the name of the specific technology variable being tested.  For example, in the first column of results, X identifies the T(70) variable, in the second row X identifies the T(85) variable, etc.  The initial expectation for the sign of each of the technology variables is given next to the variable name in the "MODEL" row.  Results for this series of models are given in Table 16.

	R²
	0.320
	0.317
	0.321
	0.362

	Adj. R²
	0.303
	0.299
	0.303
	0.345

	n
	240
	240
	240
	240

	MODEL
	T(70) (–)
	T(85) (–)
	T(100) (–)
	TECH (–)

	Constant
	-0.011
	-0.019
	0.001
	0.022

	
	(0.165)
	(0.280)
	(0.015)
	(0.336)

	X
	-0.013
	-0.006
	-0.017
	-0.254***

	
	(1.304)
	(0.661)
	(1.389)
	(4.113)

	GEND (+)
	0.884***
	0.893***
	0.855***
	0.845***

	
	(6.724)
	(6.752)
	(6.320)
	(6.635)

	OCC (?)
	21.413***
	22.128***
	22.727***
	22.666***

	
	(3.925)
	(4.072)
	(4.213)
	(4.335)

	SIZE (+)
	1.4E-08***
	1.4E-08***
	1.4E-08***
	1.6E-08***

	
	(4.681)
	(4.632)
	(4.732)
	(5.421)

	UNION (–)
	-0.071***
	-0.070***
	-0.073***
	-0.070***

	
	(3.826)
	(3.795)
	(3.927)
	(3.898)

	AGE (+)
	0.077*
	0.080*
	0.075*
	0.030

	
	(1.901)
	(1.964)
	(1.862)
	(0.741)

	
	
	
	
	

	Table 16: Models of the Technology Variables



The only technology variable that had a significant impact on income inequality was the TECH variable.  However, the T(100) variable approached significance.  This was also the only one of the technology intensive manufacturing variables that had significance when measured in models that included the MAN variable.  Whether this fact is of any consequence is unknown.  While the remainder of the variables followed their previously established relationships, what is clear is that technology intensive manufacturing employment does not have the impact on income inequality that this study predicted.  The series of independent variables included in these models explain between 29.9% and 36.2% of changes in income inequality.


In any event, a number of relationships between income inequality and measures of economic and demographic activity were identified by this research.  It is necessary to examine the results from all of the models in order to generate some general conclusions as to the relationship between the manufacturing sector and income inequality.

V.  Conclusions and Policy Implications


Any analysis of income inequality will inevitably encounter the question of whether or not income inequality in and of itself is necessarily a good or a bad thing.  It is easy to think of income inequality as a bad thing as it brings to mind images of inequity.  However, this is not necessarily the case.


If the two extreme types of possible income distributions—a perfectly equal and a perfectly unequal distribution—are examined, what can be seen is that both distributions share a common thread where economic output is concerned.  If all members of a society are guaranteed to earn the exact same amount of income—a perfectly equal distribution of income—then no individual has any incentive to work, and the economic output of the population will fall to zero.  If one individual is guaranteed all of the income and no other members of society are to receive any income—a perfectly unequal distribution of income—the exact same condition should be expected to arise.  Therefore, at the opposite extremes of possible distributions of income, the question of income inequality becomes a moot point, as there will likely be no income to distribute.


This implies that as the distribution of income approaches either extreme, the economic output of a population should be expected to fall.  This also implies that there is a range of inequality in incomes that promotes economic growth.  However, where this range lies was not a question addressed by this research, and even if it had been it would have almost certainly been impossible to answer.  Thus, policymakers must focus on what factors in a population cause income inequality.  If inequality is due to some type of discrimination, then obviously the onus is on policymakers to react in some way.  However, if income inequality is due to naturally occurring economic phenomenon, the problem may be best left untreated.  In any event, it will be up to those who manage events in the public sphere to determine what levels of income inequality and what causes of income inequality should be dealt with in terms of policy initiatives.


The primary concern of this research was to examine relationships between key economic and demographic characteristics in metro areas and the level of income inequality in those metro areas.  Specifically, the focus here was on employment in the manufacturing industry.  However, several relationships between other characteristics of a population and income inequality were identified.


In terms of demographics, this study found that race, gender, age, education, and population size all played a significant role in determining a metro area's level of income inequality.  However, there were interrelationships among these demographic characteristics that cannot be discounted.


In terms of population size, this study found that as a metro area grows in terms of total population, the distribution of income tends to become more unequal.  Obviously, this implies nothing for the policymaker other than to be aware of the fact that as their metro area grows in terms of population, they should expect the growth to be accompanied by an increase in income inequality.


Where education is concerned, what was shown is that areas with larger numbers of college graduates tended to have more equal distributions of income—contrary to the predictions of this study.  However, education appeared to be somehow linked to the size of the population in a metro area that was over 65 years old.  One conclusion that can be reached here is there is a disparity between the percentage of the younger population that have college educations and the older population that have college educations.  


Further, this disparity is significant enough to make the two variables indistinguishable from one another in certain tests.  Therefore, they tend to capture the same condition.  It is assumed here that this relationship is due to relatively lower education levels for persons over 65 when compared to the younger population.  Thus, the overall impact is assumed to be due to education levels.  In other words, policy makers attempting to reduce the level of income inequality in a metro area should give some attention to policies that promote post-secondary education.


Race proved to be a significant predictor of income inequality in all tests in which it was measured.  As a reminder, race was measured here as a percentage of the working age population that was not white in each metro area as of Census 2000.  These results would be consistent with some form of racial discrimination, but there is not sufficient information from these results to draw that or any other conclusion.  The same can be said of gender—which was measured here as the percentage of a working age population that was female as of Census 2000.  Thus, these results should not be construed as implying that wage discrimination is an underlying cause of income inequality—although it could be.  For policymakers, the results concerning gender and race imply that further study is necessary.  This research has simply identified that these relationships are consistent and significant, but no conclusions can be drawn concerning the causes of these relationships from the work done here.


In addition to the demographic characteristics examined here, there were also a number of economic characteristics—independent of the manufacturing sector—that were also examined.  In particular, unionization and the distribution of occupations in metro areas were measured.


Where it concerns unionization, it appears that a larger unionized workforce—regardless of whether it is in the public or private sector—consistently reduces income inequality.  The effect, however, appears to be more consistent with unionization in the private sector.  It should be noted that this was an unexpected outcome.  One possible conclusion is that the spill-over effects of unionization into non-union labor markets is stronger in the private sector than in the public sector.  However, this is simply speculation and should be taken as such.  The overarching conclusion for the policymaker is that labor unions tend to decrease income inequality as their membership as a percentage of a local labor force rises.


As well, the mix of occupations in a metro area emerged as a significant predictor of income inequality.  Specifically, as the distribution of employment across occupations in a metro area diverges from the distribution of employment across occupations at the national level, the distribution of income tends to become more equal.  There is no concrete explanation for this outcome that can be given here.  However, one possible conclusion is that any individual metro area may be highly specialized in terms of occupations.  For example, an area with a large concentration of employment in one specific occupation group may tend to have a more equal distribution as a result.  However, when that metro area's distribution is aggregated with all other metro areas into a national distribution, that concentration becomes negligible.  Thus, the national distribution as a benchmark ignores factors such as geography, population size, location relative to resources, and other factors that are likely to heavily influence the distribution of occupations in a metro area.  As noted, the use of the national distribution as a benchmark simply provided a standard against which metro areas could be compared.


The primary focus of this research, however, was to assess the impacts of both the manufacturing and the technology intensive sectors of the economy on the distribution of income.  In terms of impact, each of the manufacturing variables was tested individually against one cluster of independent variables that was identical in all tests.  As well, each of the manufacturing variables measuring components of the sector was tested in identical models that included the MAN variable (measuring overall manufacturing employment as a percent of total employment).  Thus, the impacts of each variable are assessed in terms of models where the MAN variable is included and where the MAN variable is not included.  The first set of results examines each of the manufacturing variables in models that include the MAN variable.  Results from this series of tests are given in Table 17.  It should be noted that Table 17 follows the same order as Table 16—with each column of results corresponding to the test of a particular manufacturing variable, which is given by "X" in the leftmost column.

	R²
	0.409
	0.398
	0.397
	0.406
	0.434

	Adj. R²
	0.391
	0.380
	0.379
	0.388
	0.417

	n
	240
	240
	240
	240
	240

	MODEL
	DUR (–)
	T(70) (–)
	T(85) (–)
	T(100) (–)
	TECH (–)

	Constant
	0.042
	0.019
	0.017
	0.049
	0.053

	
	(0.668)
	(0.308)
	(0.274)
	(0.761)
	(0.871)

	MAN
	-0.113***
	-0.120***
	-0.122***
	-0.125***
	-0.116***

	
	(5.142)
	(5.470)
	(5.564)
	(5.766)
	(5.466)

	X
	-0.023**
	-0.007
	-0.005
	-0.022*
	-0.232***

	
	(2.227)
	(0.813)
	(0.577)
	(1.963)
	(3.964)

	GEND (+)
	0.823***
	0.853***
	0.855***
	0.797***
	0.812***

	
	(6.661)
	(6.870)
	(6.857)
	(6.267)
	(6.751)

	OCC (?)
	21.138***
	21.590***
	21.930***
	22.542***
	22.402***

	
	(4.173)
	(4.196)
	(4.287)
	(4.458)
	(4.542)

	SIZE (+)
	1.2E-08***
	1.2E-08***
	1.2E-08***
	1.2E-08***
	1.4E-08***

	
	(4.405)
	(4.246)
	(4.227)
	(4.403)
	(5.002)

	UNION (–)
	-0.051***
	-0.052***
	-0.052***
	-0.056***
	-0.052***

	
	(2.894)
	(2.951)
	(2.938)
	(3.150)
	(3.059)

	AGE (+)
	0.082*
	0.061
	0.061
	0.053
	0.017

	
	(2.127)
	(1.591)
	(1.604)
	(1.400)
	(0.441)

	
	
	
	
	
	

	Table 17: Tests Including two Manufacturing Variables



It should be noted that there are results from a model included here that are

not included in the previous section.  These results are given in the rightmost column, where the TECH variable is measured against the same series of variables as the manufacturing variables.  The results of this test were not included previously, simply for the reason that there was no other combination of independent variables that the TECH variable and the MAN variable could be included with.  Thus, although it is included for comparison here, this model would have been without a basis for comparison in the previous section.


What can be seen is that increases in manufacturing employment consistently cause decreases in income inequality.  Employment in durable manufacturing industries also cause decreases in income inequality.  Technology intensive manufacturing employment, however, only causes decreases in income inequality when the phenomenon is measured in the purest possible sense.  In other words, it is only when the T variable includes NAICS categories that are comprised completely of technology intensive manufacturing industries that technology intensive manufacturing employment has an impact on income inequality.  While this result is not entirely congruent with the specific predictions of this study, it does contradict the underlying theory—that technology intensive manufacturing employment causes average wages in the manufacturing sector to increase, and that this ultimately causes the distribution of income in a metro area to become more equal.


Where it concerns the size of the technology intensive workforce in a metro area (the TECH variable), the results support the predictions of this research.  The prediction of this study was that increases in the size of the technology intensive workforce in a metro area would reflect an increase in the share of a population that earns wages that reflect more than an equal share of total income.  What is known is that workers in technology intensive occupations tend to have higher wages than workers in non-technology intensive occupations.   Given this, one conclusion that could be drawn from these results is that the increase in average wages that accompanies increases in the size of the technology intensive workforce in a metro area tends to equalize incomes faster than the disparity in demand for skilled and unskilled workers tends to disequalize them.  However, this is only speculation, and should be treated as such.  The results seem to indicate that increases in the size of the technology intensive workforce in a metro area reliably cause the distribution of income to become more equal.


As stated, the impact of the manufacturing variables on income inequality was also assessed in terms of each variable's individual contribution to the distribution of income in a metro area.  The models that measured this captured the effect of each manufacturing variable individually against the same set of non-manufacturing variables included in the previous table.  Results from this series of models are given in Table 18.


What can be seen is that, although all of the manufacturing variables have their expected relationships, only the MAN, DUR, and TECH variables are statistically significant.  Thus, the hypotheses concerning technology intensive manufacturing industry employment are neither refuted nor supported by these results.  Although there are a number of possible explanations for why the results of the technology intensive manufacturing variables do not fit the theory, these explanations would be speculation at best.


From both of the tables of results, however, there are a number of clear policy implications that have emerged.  First and foremost, regardless of how manufacturing employment is distributed across particular industries, it is clear that one consequence of

	R²
	0.396
	0.341
	0.320
	0.317
	0.321
	0.362

	Adj. R²
	0.381
	0.324
	0.303
	0.299
	0.303
	0.345

	n
	240
	240
	240
	240
	240
	240

	MODEL
	MAN (–)
	DUR (–)
	T(70) (–)
	T(85) (–)
	T(100) (–)
	TECH (–)

	Constant
	0.010
	0.022
	-0.011
	-0.019
	0.001
	0.022

	
	(0.165)
	(0.324)
	(0.165)
	(0.280)
	(0.015)
	(0.336)

	X
	-0.122***
	-0.032***
	-0.013
	-0.006
	-0.017
	-0.254***

	
	(5.587)
	(3.042)
	(1.304)
	(0.661)
	(1.389)
	(4.113)

	GEND (+)
	0.865***
	0.842***
	0.884***
	0.893***
	0.855***
	0.845***

	
	(7.017)
	(6.474)
	(6.724)
	(6.752)
	(6.320)
	(6.635)

	OCC (?)
	22.215***
	20.924***
	21.413***
	22.128***
	22.727***
	22.666***

	
	(4.369)
	(3.923)
	(3.925)
	(4.072)
	(4.213)
	(4.335)

	SIZE (+)
	1.2E-08***
	1.4E-08***
	1.4E-08***
	1.4E-08***
	1.4E-08***
	1.6E-08***

	
	(4.196)
	(4.857)
	(4.681)
	(4.632)
	(4.732)
	(5.421)

	UNION (–)
	-5.1E-02***
	-6.7E-02***
	-0.071***
	-0.070***
	-0.073***
	-0.070***

	
	(2.903)
	(3.670)
	(3.826)
	(3.795)
	(3.927)
	(3.898)

	AGE (+)
	0.064*
	0.106***
	0.077*
	0.080*
	0.075*
	0.030

	
	(1.695)
	(2.637)
	(1.901)
	(1.964)
	(1.862)
	(0.741)

	
	
	
	
	
	
	

	Table 18: Tests of the Manufacturing Variables


declines in manufacturing employment for a metro area will be an increase in income inequality.  Thus, for policymakers interested in influencing the distribution of income in a metro area, the manufacturing sector should be a particular area of interest.


A second conclusion that can be reached is that employment in durable manufacturing industries is a key reason why employment in the manufacturing sector tends to reduce income inequality.  It is clear that as the share of manufacturing employment that is in durable industries grows, income inequality falls.  Conversely, as the share of manufacturing employment that is in non-durable industries grows, income inequality increases.  Thus, growth in the manufacturing sector of a metro area does not conclusively cause decreases in income inequality.  In other words, the distribution of employment among specific industries in the manufacturing sector affects the impact of manufacturing sector employment on the distribution of income.  Thus, for policymakers interested in influencing income inequality in a metro area, it is not only the size of the manufacturing sector, but the distribution of employment across specific industries in the manufacturing sector that should be of interest.


Finally, it is unclear as to whether or not employment in technology intensive manufacturing industries has a discrete effect on the distribution of income.  However, some general conclusions can be reached as to how technology intensive employment affects the income distribution.


As noted previously, technology intensive industries are defined by a rather low threshold of employment for the number of their workers that are in technology intensive occupations.  By current standards, an industry can be classified as being technology intensive when less than 10% of its workforce is employed in technology intensive occupations.  Thus, even in the case of the T(100) variable, where all employment is concentrated in technology intensive manufacturing industries it is still possible that less than 10% of workers in those industries in a metro area actually work in technology intensive occupations.  As stated previously, technology intensive manufacturing industries are defined using a combination of their inputs and outputs.


What is clear, however, is that the input side that defines technology intensive manufacturing industries—and other technology intensive industries—reduces income inequality.  When employment in technology intensive occupations grows—regardless of what industry that employment is concentrated in—income inequality consistently falls.  This conclusion is supported by every model.  Thus, for the policymaker interested in influencing the distribution of income in a metro area, the size of the technology intensive workforce in that area should be of interest.


In conclusion, the purpose of this research was to answer two key questions:

1. What characteristics of the manufacturing sector have the greatest impact on   

     the distribution of income within a population?

2. What changes can be expected in the distribution of income in the U.S. as other 

     industries fill the manufacturing sector’s place in the U.S. economy?


One conclusion here is that the ultimate consequence of declines in manufacturing employment for a metro area will necessarily be a more unequal distribution of income in that area.  This effect should be most pronounced when losses occur more heavily in durable manufacturing industries within the overall manufacturing sector.  However, increases in technology intensive employment in a metro area may work to offset the inequality caused by losses in employment in the manufacturing sector.  


The effect of one variable on income inequality has yet to be mentioned, but in this context is of particular interest.  The OCC variable—measuring the distribution of employment across occupations in a metro area relative to the distribution at the national level—had a significant positive impact on income inequality.  In fact, the variable was statistically significant to 99% confidence in all but one model (in which it was significant to 95% confidence).  Additionally, the TECH variable—measuring employment in technology intensive occupations—was statistically significant to 99% confidence in all models.  


The conclusion here is that it is necessary to look beyond the mix of overall employment in specific sectors of a metro area's economy for the causes of income inequality.  The fact that the relationships between the variables measuring employment in technology intensive industries (where less than 10% of workers may be employed in technology intensive occupations) and income inequality were generally weak appears to lend credence to this view.  In other words, the effect of a technology intensive workforce on income inequality—when examined in the context of a technology intensive industry—may be "diluted" by the manner in which technology intensive industries are defined.  When a pure measure of the size of a technology intensive workforce is applied, it is clear that growth in that workforce consistently reduces income inequality—irrespective of industry.  


The final objectives of policymakers interested in stemming a growth in income inequality should be to pursue policies that are geared towards either promoting the growth of durable manufacturing employment in their metro area, promoting the growth of the size of the technology intensive workforce in a metro area, or policies that promote growth in both of these areas.  Where these objectives are concerned there are several possible extensions of the work done here.


One possible extension of this research would be to examine the relationship between technology intensive employment and technology intensive industries in greater detail.  From the results here, technology intensive occupations are clearly not the sole province of the manufacturing sector.  The examination of other industries, such as information technology industries or technology intensive medical industries, may serve to provide a more narrow focus for policymakers where income inequality is concerned.  In other words, although technology intensive manufacturing industries have no clear effect on income inequality, it is possible that other technology intensive industries do.  Further research is needed in order to determine whether or not this is the case.


As well, there are obvious relationships between income inequality and characteristics of a metro area such as race, gender, occupational structure, and unionization that have as of yet been unexplained.  While the relationships between specific elements of the manufacturing sector and income inequality have been identified, the root cause of these relationships remains unexamined.  Therefore, another logical extension of this research would be to examine these phenomena in greater detail in order to provide a more narrow focus in these areas.
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Appendix A: Durable vs. Non-Durable Manufacturing Industries (3 


   Digit NAICS Classifications)

Manufacturing: Super-sector 31, 32, 33


Durable Manufacturing



321
Wood Product Manufacturing

327
Non Metallic Mineral Product Manufacturing

331
Primary Metal Manufacturing

332
Fabricated Metal Product Manufacturing

333
Machinery Manufacturing

334
Computer and Electronic Product Manufacturing

335
Electric Equipment, Appliance and Component 



           Manufacturing

336
Transportation Equipment Manufacturing

337
Furniture and Related Product Manufacturing

339
Miscellaneous Manufacturing


Non-Durable Manufacturing



311
Food Manufacturing

312
Beverage and Tobacco Product Manufacturing

313
Textile Mills

314
Textile Product Mills

315
Clothing Manufacturing

316
Leather and Allied Product Manufacturing

322
Paper Manufacturing

323
Printing and Related Support Activities

324
Petroleum and Coal Products Manufacturing

325
Chemical Manufacturing

326
Plastics and Rubber Products Manufacturing

Appendix B: Technology Intensive Industries*(4 Digit NAICS 



  Classification)

	***
	Federal Government, excluding Postal Service

	1131, 32
	Forestry

	2111
	Oil and gas extraction

	2211
	Electric power generation, transmission, and distribution

	3241
	Petroleum and coal products manufacturing

	3251
	Basic chemical manufacturing

	3252
	Resin, synthetic rubber, and artificial synthetic fibers and filaments manufacturing

	3253
	Pesticide, fertilizer, and other agricultural chemical manufacturing

	3254
	Pharmaceutical and medicine manufacturing

	3255
	Paint, coating, and adhesive manufacturing

	3259
	Other chemical product and preparation manufacturing

	3324
	Boiler, tank, and shipping container manufacturing

	3329
	Other fabricated metal product manufacturing

	3332
	Industrial machinery manufacturing

	3333
	Commercial and service industry machinery manufacturing

	3335
	Metalworking machinery manufacturing

	3336
	Engine, turbine, and power transmission equipment manufacturing

	3339
	Other general-purpose machinery manufacturing

	3341
	Computer and peripheral equipment manufacturing

	3342
	Communications equipment manufacturing

	3343
	Audio and video equipment manufacturing

	3344
	Semiconductor and other electronic component manufacturing

	3345
	Navigational, measuring, electro-medical, and control instruments manufacturing

	3346
	Manufacturing and reproducing magnetic and optical media

	3353
	Electrical equipment manufacturing

	3359
	Other electrical equipment and component manufacturing

	3361
	Motor vehicle manufacturing

	3362
	Motor vehicle body and trailer manufacturing

	3363
	Motor vehicle parts manufacturing

	3364
	Aerospace product and parts manufacturing

	3369
	Other transportation equipment manufacturing

	4234
	Professional and commercial equipment and supply merchant wholesalers

	4861
	Pipeline transportation of crude oil

	4862
	Pipeline transportation of natural gas

	4869
	Other pipeline transportation

	5112
	Software publishers

	5161
	Internet publishing and broadcasting

	5171
	Wired telecommunications carriers

	5172
	Wireless telecommunications carriers (except satellite)

	5173
	Telecommunications resellers

	5174
	Satellite telecommunications

	5179
	Other telecommunications

	5181
	Internet service providers and web search portals

	5182
	Data processing, hosting, and related services

	5211
	Monetary authorities—central bank

	5232
	Securities and commodity exchanges

	5413
	Architectural, engineering, and related services

	5415
	Computer systems design and related services

	5416
	Management, scientific, and technical consulting services

	5417
	Scientific research and development services

	5511
	Management of companies and enterprises

	5612
	Facilities support services

	8112
	Electronic and precision equipment repair and maintenance

	
	

	Source - Hecker, Daniel E. “High-Tech Employment: A NAICS Based Update.” Monthly Labor Review. (July, 2005), pp. 57-72.


	


*Technology Intensive Manufacturing Industries in italics.

Appendix C: Technology Intensive Occupations (6 Digit SOC 



  Classification)

	11–3021
	Computer and information systems managers
	17–3013
	Mechanical drafters

	11–9041
	Engineering managers
	17–3021
	Aerospace engineering and operations technicians

	11–9121
	Natural sciences managers
	17–3022
	Civil engineering technicians

	15–1011
	Computer and information scientists, research
	17–3023
	Electrical and electronic engineering technicians

	15–1021
	Computer programmers
	17–3024
	Electromechanical technicians

	15–1031
	Computer software engineers, applications
	17–3025
	Environmental engineering technicians

	15–1032
	Computer software engineers, systems software
	17–3026
	Industrial engineering technicians

	15–1041
	Computer support specialists
	17–3027
	Mechanical engineering technicians

	15–1051
	Computer systems analysts
	17–3031
	Surveying and mapping technicians

	15–1061
	Database administrators
	19–1011
	Animal scientists

	15–1071
	Network and computer systems administrators
	19–1012
	Food scientists and technologists

	15–1081
	Network systems and data communications analysts
	19–1013
	Soil and plant scientists

	15–2011
	Actuaries
	19–1021
	Biochemists and biophysicists

	15–2021
	Mathematicians
	19–1022
	Microbiologists

	15–2031
	Operations research analysts
	19–1023
	Zoologists and wildlife biologists

	15–2041
	Statisticians
	19–1031
	Conservation scientists

	15–2091
	Mathematical technicians
	19–1032
	Foresters

	17–2011
	Aerospace engineers
	19–1041
	Epidemiologists

	17–2021
	Agricultural engineers
	19–1042
	Medical scientists, except epidemiologists

	17–2031
	Biomedical engineers
	19–2011
	Astronomers

	17–2041
	Chemical engineers
	19–2012
	Physicists

	17–2051
	Civil engineers
	19–2021
	Atmospheric and space scientists

	17–2061
	Computer hardware engineers
	19–2031
	Chemists

	17–2071
	Electrical engineers
	19–2032
	Materials scientists

	17–2072
	Electronics engineers, except computer
	19–2041
	Environmental scientists and specialists, including health

	17–2081
	Environmental engineers
	19–2042
	Geoscientists, except hydrologists and geographers

	17–2111
	Health and safety engineers, except mining safety engineers and inspectors
	19–2043
	Hydrologists

	17–2112
	Industrial engineers
	19–4011
	Agricultural and food science technicians

	17–2121
	Marine engineers and naval architects
	19–4021
	Biological technicians

	17–2131
	Materials engineers
	19–4031
	Chemical technicians

	17–2141
	Mechanical engineers
	19–4041
	Geological and petroleum technicians

	17–2151
	Mining and geological engineers, including mining safety engineers
	19–4051
	Nuclear technicians

	17–2161
	Nuclear engineers
	19–4091
	Environmental science and protection technicians, incl. health

	17–2171
	Petroleum engineers
	19–4092
	Forensic science technicians

	17–3011
	Architectural and civil drafters
	19–4093
	Forest and conservation technicians

	17–3012
	Electrical and electronics drafters
	

	

	Source - Hecker, Daniel E. “High-Tech Employment: A NAICS Based Update.” Monthly Labor Review. (July, 2005), pp. 57-72.



Appendix D: Occupational Categories Included in the OCC Variable

	1. Management, Business and Financial Workers

	2. Science, Engineering and Computer Professionals

	3. Healthcare Practitioner Professionals

	4. Other Professional Workers

	5. Technicians

	6. Sales Workers

	7. Administrative Support Workers

	8. Construction and Extractive Craft Workers

	9. Installation, Maintenance and Repair Craft Workers

	10. Production Operative Workers

	11. Transportation and Material Moving Operative Workers

	12. Laborers and Helpers

	13. Protective Service Workers

	14. Service Workers, except Protective

	15. Unemployed, No Civilian Work Experience Since 1995
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Figure 2: Union and Non-Union Labor Markets
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Figure 4: Lorenz Curves
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Figure 5: Areas Composing the Gini Index
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Figure 6: Lorenz Curves





Figure 7: Confidence Intervals
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� More information available online at: http://data.bls.gov/oep/nioem/empiohm.jsp.


� Data on changes in union concentration across industries and sectors can be found online at:    


   www.trinity.edu/bhirsch/unionstats/


� For a more detailed explanation of the test methodology used here, see Pflueger (2005).


� Detailed results can be found in Pflueger (2005).


� Durable manufacturing industries produce goods that are generally not thought of as being disposable (automobiles, machinery, etc.) For a listing and explanation of NAICS codes that are included in the durable and non-durable manufacturing industries, see Appendix A.


� More information is available online at www.bls.gov/qcew/


� The four digit technology intensive NAICS industries are listed in Appendix B.


� A complete listing of the SOC classified occupations that are designated as being technology intensive is included in Appendix C.


� A full listing of the occupational categories used in this study is included in Appendix D.
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0.649

-0.112

-0.201

0.052

-0.072

0.332

0.520

0.602

1.000

OCC

0.129

0.025

-0.007

-0.210

0.108

-0.141

-0.092

0.008

-0.008

-0.045

0.055

0.011

-0.062

-0.133

-0.078

0.077

1.000

Table 3: Correlation Matrix
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