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An Examination of the Correlation Between Educational Attainment and Upward Economic Mobility Within and Without ‘High Tech Clusters’ in the US in 2012

	A relatively new book by economist Enrico Moretti titled The New Geography of Jobs encompasses Moretti’s research on the topic of income inequality across cities in America. With the recent boom in the innovation sector, the demand for high levels of education has increased. Higher educational attainment, in turn, should increase wages and mobility. However, highly educated people tend to conglomerate, creating education segregation, as Moretti coined it. Since these highly educated communities are unique in their values and expertise, the ideas generated and products produced in that specific place are often hard to replicate in other cities. Moretti showed that high school graduates living in these more highly educated localities garner higher wages and salaries due, in part, to knowledge spillovers from interactions between skilled and unskilled workers. This presence of skilled workers reduced the overall effect of education on unskilled workers’ salaries, meaning they needed less education to attain proportionate increases in salary.
	I want to examine further if less educated workers do in fact benefit the same as better-educated workers in these innovation clusters. Considering the higher standard of living in most high tech clusters, I would think that less skilled workers gain much less from higher wages than their more educated peers. More people may be employed—which is an invaluable necessity for middle-class aspirations—but the larger issue of real upward economic mobility did not seem to be adequately addressed in Moretti’s analysis. I want to take his research further by examining the effects of educational attainment on upward mobility, which I defined as the probability of moving from the bottom quintile to the top quintile. I then want to examine if that correlation changes when located in a high tech cluster. Moretti identified seven high tech clusters: San Jose, San Francisco, Seattle, Austin, Raleigh, Washington D.C., and Minneapolis. 
	In their Equality of Opportunity project, Raj Chetty et al. measured mobility of current thirty year olds (a single set of birth cohorts) as a function of parental income. They found that children from families below the 85th percentile have better outcomes when relative mobility is greater in their area, meaning that location matters most for children from low income families. This would seem to support Moretti’s theory that high tech clusters act as a rising tide to lift all ships. However, upward income mobility was significantly lower in communities with large African American populations. 
	The relationship between parental income and educational attainment in measuring relative upward mobility is more connected than I originally thought, according to the paper “Recent Developments in Intergenerational Mobility.” Wealthier parents are better able to invest in their children’s human capital. Wealthier parents also tend to have more education, and their children are often rewarded with higher earnings as a result. These findings illustrate that intergenerational mobility depends on parental means; those from more privileged backgrounds have more economic mobility than those with low-income backgrounds. Thus, to some degree, economic mobility is a function of privilege.
	More than parental income and potentially even educational attainment, location affects a person’s economic mobility prospects. The Pew 2013 Mobility Report found that the descendants of poor families living in low-mobility metro areas will take four generations to reach their metro area’s mean income, while descendants of poor families living in high-mobility areas will only need three. Thus, focusing investment on these lower-mobility areas with better public services and access to quality education could improve opportunities. 
	I believe economic upward mobility will increase as educational attainment increases. I think counties with high mobility statistics will have higher levels of educational attainment, due in part to knowledge spillovers. I do not think that living in a high tech cluster will increase upward mobility for the less-educated adults. I am using the Equality of Opportunity data, which measured economic mobility across commuting zones in America in 2012. I will then merge that with a crosswalk (also from the Equality of Opportunity project) that matches commuting zones with counties. Lastly, I will merge the mobility/crosswalk datasets in Stata with my census data from 2012. My county-level census data includes the following metrics from 2012: educational attainment, median income, employment status, and poverty rates. 
The literature I came across focused mainly on the correlation between income and mobility, while educational attainment was always considered as a secondary factor. I decided to focus my project on measuring the correlation between CZA-level mobility statistics (calculated by Chetty et al. from their Equality of Opportunity project) and county-level educational attainment data to further examine the direct impact of one on the other. I want to see if a correlation exists between level of education and real upward mobility in different counties throughout America.  The mobility statistic I use is the probability of an individual moving from the bottom income quintile to the top income quintile as of 2012 (prob_p1_k5). The mean of this mobility variable is 9.09 percent, meaning there is, on average, a 9.09 percent chance of moving from the bottom quintile to the top across America. The bottom 10 percent of commuting zones offers only a 4.69 percent chance of moving from the bottom quintile to the top. Lastly, the top 90 percent of commuting zones has a 15.16 percent mobility statistic. The complete summary of this variable is below. 
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The educational attainment statistics divide the total adult population in each county into the percent who have less than a high school diploma, the percent who have only a high school diploma, the percent who have attended some college or have an associate’s degree, and the percent who have a bachelor’s degree or higher. In all of America, the average percent of adults with a high school diploma is only 34.7 percent. The nationwide average for percent of adults with at least a bachelor’s degree is 19.6 percent. These nationwide educational attainment statistics are summarized in the chart below. 
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I merged the mobility measures dataset with a CZA-to-county crosswalk in order to later be able to match my county-level educational attainment data (from the 2008-2012 American Community Survey for adults 25 and older). The variables I focused on from that educational attainment data were the percent of the adult population with less than a high school diploma, the percent with only a high school diploma, the percent with some college or an associate’s degree, and the percent with a bachelor’s degree or higher. 
However, my educational attainment data suffered from perfect multicollinearity. My right hand side education variables were the percent of the total adult population with a certain level of education. Thus, including all of them in one equation was impossible because together they summed to be 100 percent. A decrease in one variable meant an automatic increase to another. My only options at this point were to reinterpret my coefficients as a change relative to the omitted variable or choose a different functional form. Changing my functional form was necessary. Log-log specification—although not as readily intuitive—gets around the collinearity issue by taking the derivative of these variables and interpreting them essentially as percent changes. 
Even still, after converting to a log-log specification, I had crippling multicollinearity. To salvage my regressions, I decided to only include the log of the percent of the adult population with a bachelors’ degree or higher. This specification implicitly assumes that in the baseline (0% having a bachelor’s degree or higher), everyone went to some college or less. Obviously, this is a shortcoming of my model, which will impact the intuitiveness of my coefficient interpretations and accessibility of my final results. 
In addition to my educational attainment data, I also included some 2012 census data as controls. Although I am focused on the correlation between education and economic mobility, I need to include other factors to prevent unwanted omitted variable bias. I decided to include the county-level poverty rate and unemployment rate for 2012 as well as 2012 median household income. 
Having all my data clean and ready, I thought the best way to measure and clearly illustrate the effects of a high tech cluster (denoted in my Stata output as ‘HTC’) would be to add it as an intercept dummy variable. An intercept dummy identifies the 7 high tech clusters with a 1, while all other localities are labeled with a 0.  I wanted to determine if the presence of a high tech cluster implicitly raised mobility so that an individual was born into a higher level of mobility. Since my research question focuses on the correlation between educational attainment and economic mobility in and out of high tech clusters, I made my educational variables slope dummies to assess their impact on my mobility statistic, relative to my controls. Transforming my educational variables into slope dummies simply changes their slope when in a high tech cluster because, presumably, the effect of an individual’s educational attainment on her upward mobility will differ within and without a high tech cluster. 
	In my final regression (which can be found in this paper’s Appendix), I used the intercept dummy for high tech cluster (HTC) coupled with the slope dummy for the log of the percent of the population with a bachelors’ degree or higher. I had to do this to avoid a truly devastating multicollinearity problem in my model. When HTC is 0 (when the locality is not a high tech cluster), if the percent of the population with a bachelors’ degree or higher increased by 1 percent, the percent of those moving from the bottom quintile to the top quintile would decrease by 0.089%. This is statistically significant (according to its corresponding t-statistic and p-value). Thus, an increase education attainment actually decreases economic mobility. However, when HTC is 1 (located in one of Moretti’s high tech clusters), the results are weakly statistically significant or merely suggestive, meaning that presence of a high tech cluster does not strongly boost educational attainment’s effects on economic mobility, as I originally believed. Although barely statistically significant at the 10 percent level, the relationship between educational attainment and upward economic mobility within a high tech cluster is negative, meaning the probability of one moving from the bottom income quintile to the top quintile decreases as educational attainment increases. 
I also included my control variables to avoid omitted variable bias. My control variables are also strongly statistically significant, with high t-statistics and p-values of zero, meaning unemployment and poverty rate are negatively correlated with mobility. So, if the unemployment and poverty rate increased by 1 percent, mobility would decrease by 0.067 percent and 0.03 percent, respectively. 
	My hypothesis was that education would have an outsized impact on mobility, but those with less education would not fare better in a high tech cluster simply because of potential knowledge spillovers and higher overall wealth. In his book, The New Geography of Jobs Moretti focused on their income level, which obviously grew in the presence of a high tech cluster. I wanted to see if that increase in income overcame the higher standard of living and translated to a higher level of mobility. My regressions have proven that living in a high tech cluster does not, in fact, significantly increase mobility for the lesser-educated baseline (with 0 percent having a bachelors degree or higher). In fact, within and without a high tech cluster, higher levels of education were negatively correlated with moving from the bottom income quintile to the top quintile. 
	In exploring why higher levels of educational attainment actually decrease mobility from the bottom quintile to the top quintile, I thought of many possible explanations. First, I wonder if my characterization of mobility as the movement from the bottom income quintile to the top quintile was too strict and narrow. Higher levels of educational attainment may have a different effect on different measures of economic mobility such as relative or absolute measurements. There is space for further examinations using different measures. 
Another potential reason why higher educational attainment decreased mobility from the bottom to the top quintile could be that the cost of higher education is prohibitively expensive, especially for those in the lower income quintiles. So, those in the lower income quintiles are effectively barred from pursuing higher education, meaning only the already privileged are able to afford it. With the cost of higher education out of reach, there can be no upward mobility from the bottom to the top quintile due to educational attainment. In this sense, mobility is a function of privilege, and mobility exclusively for higher income quintiles is not necessarily something I value. 
Another potential reason for my results could be that educational attainment cannot overcome other social and systemic factors that impact those in lower income quintiles. For example, our public school system does not work equally across income brackets. Funded primarily by property taxes, schools in wealthier sections of the country have greater access to quality resources, such as up-to-date textbooks, interactive learning technology, and their first choice of teachers. For children in lower income neighborhoods and schools, the public education experience can be unsatisfactory at best and discouragingly incompetent at its worst. A higher percentage of low-income youth receive a worse education than their more affluent peers, leaving them unprepared for higher education or so dejected they drop out all together. By addressing these systemic inequalities in our public school system, educational attainment could increase among our society’s least privileged, in turn, setting them up for greater economic mobility. 
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Appendix
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8% of the adult population in the bottom 10% of counties has less than a high school diploma. The top 10 percent of counties have 26.4% of their adult population with less than a high school diploma. The percent of adults with just a high school diploma in the bottom 10 percent of counties is 25.5%, which jumps to 43% in the top 10% of counties. 
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In the bottom 10% of counties, 22.4% of adults have completed some college or have an associate’s degree. That number increases to 36.6% in the top 10% of counties. The percentage of adults with a bachelor’s degree or higher in the bottom 10% of counties is 11% and 31% in the top 10% of counties. 
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These are summary statistics for the variables I used in my final regression. Ln_perc_mob is the log of the percent mobility starting in the bottom quintile and moving to the top quintile. Ln_less_hs is the log of the percent of the population with less than a high school diploma. Ln_hs is the log of the percent of the population with only a high school diploma. Ln_aa is the log of the percent of the population with some college or an associate’s degree. Ln_ba is the log of the percent of the population with a bachelor’s degree or higher. Median~2012 is the median income in each county as of 2012. Unemployme~2 is the unemployment rate in each county as of 2012. PCTPOVA~2012 is the poverty rate in each county as of 2012.
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This is my final regression. 
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The plot of residuals against fitted variables shows no discernable trend, meaning that my model does not suffer from serial correlation. This is obvious, however, because my data is not time series data, which makes a Durbin-Watson test irrelevant.
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This is a scatter plot of the percent of adults with a bachelor’s degree or higher against my mobility statistic, the probability of one moving from the bottom income quintile to the top quintile. As you can see, the correlation between the two variables is not very strong. 
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