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ABSTRACT 

The United States has long been thought of as the “land of opportunity,” where economic 

success is within reach for anyone who is willing to work hard.  Recent research, however, into 

the transmission of economic status across generations has challenged this perception, showing 

that a substantial portion of any individual’s long-run earnings can be explained by the relative 

socio-economic status of their parents.  This paper explores this relationship in greater depth, 

looking specifically at some of the contributing factors to economic mobility and whether the 

relative importance of these factors differs at different levels of income.  I use forty years of data 

from the Panel Survey of Income Dynamics (PSID) to measure the persistence of economic 

status across generations and the role that education, race, religious preference, and parent’s 

labor force participation play in affecting economic mobility. In addition to measuring economic 

mobility at the mean, this paper also uses quantile regression to see how the intergenerational 

correlation of income and its causes vary across the income distribution.  Consistent with 

previous research, I find that the intergenerational earnings correlation is strongest at the bottom 

of the son’s earnings distribution, and gets weaker at higher levels of earnings.  In contrast to 

previous research, however, I find that the effect of education in improving children’s long-run 

earning may have become larger for the wealthy than for the poor or middle class.  I also identify 

significant effects for race and religion in the transmission of economic status, and a possible 

negative relationship between fathers’ extended hours at work and their sons’ eventual long-run 

earnings.  
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I. INTRODUCTION 
 

The United States has long been thought of as the “land of opportunity”, where economic success 

is within reach for anyone who is willing to work hard.  Yet despite anecdotal tales or aspirational 

rhetoric, there has been fairly limited empirical study into whether the United States actually exhibits the 

kind of socio-economic mobility that such aphorisms imply.  As early conflicting analyses have slowly 

been resolved, the growing consensus is that the United States is not nearly as mobile a society as was 

previously thought.  Researchers have found that, on average, roughly 40 percent of an individual’s long-

run earnings can be explained by the economic position of their parents.  For any society that seeks to 

provide true equality of opportunity, this level of intergenerational correlation in earnings has potentially 

worrisome implications.  Individuals have no choice over the family into which they are born, yet this act 

of chance may be one of the prime determinants of a person’s long-run economic success.   

Equality of opportunity and the possibility of economic success for all have been hallmarks of 

American culture.  These values have built American society not just rhetorically, but physically, through 

the numerous immigrants who have flocked to U.S. borders seeking fulfillment of this promise.   And 

while the last century has seen the United States reach unparalleled economic heights, there is growing 

concern that the benefits of this expanded wealth have not been realized by significant portion of the U.S. 

population.  While we cannot expect all people to achieve grand economic successes, the possibility that 

some individuals were denied success due to structural factors raises yet another call for closer 

investigation.   

If individuals born into wealthy families enjoy fundamentally different prospects for their future 

success than individuals born into poverty, then many may find cause for government intervention.  Yet if 

public policy is to be used to alleviate disparities in economic opportunity, researchers and policymakers 

need to know more about how economic status is transmitted from one generation to the next.  

Particularly in cases where low economic status persists, what factors contribute to this persistence?  For 
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those individuals that break out of the socio-economic bounds of their birthright, what factors allowed 

them to do so?   

While many economists and sociologists have theorized on these issues, direct empirical research 

into these questions has been somewhat limited.   Only in the last several decades have researchers begun 

to test the different ways in which parental income or socio-economic status influences child economic 

outcomes. This paper continues this research by investigating how the “transmission channels” of 

economic status—the genetic, cultural, environmental, and experiential contributors to long-run socio-

economic status—vary for individuals of different races, different religions, and different levels of 

income.   Using the latest release of the Panel Study of Income Dynamics, I use traditional ordinary least 

squares (OLS) regression methods to first establish a baseline model of the parent-child economic 

relationship.  I then employ quantile regression to explore how the factors contributing to 

intergenerational economic outcomes vary at different levels of the income distribution.   

By understanding how closely individual economic outcomes are tied to the status of one’s 

parents, and the causal mechanisms that manifest this link, public policy might be used to better ensure 

that every child enjoys the same opportunity to succeed, regardless of the circumstances into which they 

are born. 

 

II. BACKGROUND AND PREVIOUS RESEARCH 
 

Most of the research exploring the link between parent economic status and long-run child 

outcomes is based upon the classic theoretical framework of human capital investment put forward most 

prominently by Gary Becker (1967). Becker’s model postulates that parents make rationally-calculated 

investments in the human capital of their children—in the form of education, healthcare, nutrition—that 

eventually determine the child’s success in the labor market.  Parents with greater earnings or wealth will 

be able to make larger investments in their children’s human capital than those parents of more limited 

means. Consequently, the children of wealthy parents fare better in the labor market than their poverty-
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born peers, and are thus more likely to become wealthy themselves.  (Becker, 1967. Becker and Tomes, 

1986) 

Yet despite this theoretical foundation, early researchers found only weak correlations between 

parent economic status and the economic status of their children upon reaching adulthood.  Jere Behrman 

and Paul Taubman (1985) estimated the father-son correlation in the logarithm of earnings to be no 

greater than 0.2, meaning that no more than 20 percent of the son’s ultimate level of earnings could be 

explained by his father’s level of earnings.   (For similar or even smaller correlations see Sewell and 

Hauser, 1975, or Becker and Tomes, 1986) These weak associations led many to believe that the United 

States was a society of relatively high intergenerational mobility.  

But at the time of these initial analyses, few surveys tracked the long-term economic outcomes of 

both individuals and their offspring.  As such, these early researchers had to rely mainly upon tests of 

sibling economic outcomes and imputed parental incomes to measure the transmission of socio-economic 

status.  In an article in the American Economic Review, Gary Solon (June 1992) described how these 

previous attempts at measuring intergenerational earnings mobility were plagued with issues of 

measurement error and under-representative samples.  This created downward biases on the correlation 

estimates between parents’ income and offspring income that led researchers to conclude that mobility in 

the United States was far more dynamic than it actually was.   

Since then, a number of large, longitudinal surveys have matured to a point where offspring of the 

original cohort can be treated as unique adult observations in the dataset, thereby allowing researchers to 

directly observe the economic outcomes of both parents and children.  Studies that have employed these 

datasets have some variation in their results, but consistently paint a picture of a far less mobile society.  

The majority of studies of intergenerational income mobility make use of the University of Michigan’s 

Panel Survey of Income Dynamics (PSID).  This long-running survey has tracked a cohort of roughly 

5000 U.S. families since 1968, with annual, and later biannual, surveys of every family member.  Most 

estimates generated from the PSID of the intergenerational elasticity of income fall in the range of 0.34 to 
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0.54, with some of the more robust model specifications by Hertz (2002), Grawe (2004), and Solon 

(2009) generating average elasticities of 0.42, 0.47, and 0.44 respectively.  These results indicate that for 

every dollar earned by a father in the U.S., we would expect roughly another 40 cents in earnings for that 

father’s son.   

Subsequent research has also explored how intergenerational correlations have varied over time 

(Mayer and Lopoo, 2005; Lee and Solon, 2009), finding no discernable long-term linear trends.  Solon 

(2009) asserts that on average, intergenerational mobility appears to have remained relatively stable in the 

United States since 1980.   

Some researchers have also found it more useful to examine intergenerational mobility using 

transition matrices.  This technique involves calculating the conditional probability that a child from 

parents of a particular earnings level will ultimately achieve some other discrete level of earnings.  For 

example, Hertz (2002) estimates that a son born in the top decile of the U.S. income distribution has a 

22.9 percent chance of also attaining the top decile and a 40.7 percent chance of attaining the top quintile.  

Conversely, a son born to parents in the lowest decile has a 1.3 percent chance of attaining the top decile 

and only a 3.7 percent chance of reaching the top quintile.  Perhaps more disturbing is that this son from 

the bottom decile carries a 31.2 percent chance of remaining in the bottom decile and a 50.7 percent 

chance of never leaving the bottom quintile. 

These figures paint a fuller and more compelling picture of the effects implied in a society of high 

intergenerational earnings correlation.  Yet the policy prescriptions that might be used to alter this picture, 

and more fundamentally the desired policy outcomes, are not entirely straightforward.  In a fully mobile 

society, where the intergenerational correlation of earnings were zero, individuals born into a family at 

any income level would have an equal probability of moving as an adult into any other income level.  

Many would likely take issue with this scenario.  For example, the parents that have saved in order to 

provide a safety net of assets for their children would not want that safety net removed solely to ensure 

the equality of their economic prospects.  
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This raises the question then of how we should view the persistence of economic status. If equal 

opportunity is our ultimate goal, how do we appropriately define such equality?  John Roemer (2004) 

provides some insight into this question and challenges the presumption that all intergenerational earnings 

persistence is inherently bad. Roemer provides a framework for conceptualizing equality of opportunity in 

a way that “views inequalities of outcome as indefensible, ethically speaking, when and only when they 

are due to differential circumstances.  Inequalities due to differential effort are acceptable.”  Jencks and 

Tach (2005, p.23) echo these sentiments, stating that “the size of the correlation between the economic 

status of parents and their children is not a good indicator of how close a society has come to equalizing 

opportunity.  Measuring equality of opportunity requires data on why successful parents tend to have 

successful children.” 

Roemer (2004) provides a theoretical framework of four “transmission channels” through which 

parents can influence child economic outcomes: 1) provision of social connections; 2) formation of beliefs 

and skills in children through family culture and investment; 3) genetic transmission of ability; and 4) 

formation of preferences and aspirations in children.  He argues that if society believes that labor market 

outcomes should be based solely upon merit, then there is a valid role for public policy to play in 

“leveling the playing field,” by addressing disparities in the first two channels.  According to Roemer, this 

has ostensibly been the role of public education: to “compensate for inadequacies of family culture”  

(2004, p. 51).  However, to simply conclude that education is the key for creating a society of equal 

opportunity would be an oversimplification of the issue.  As a number of researchers have noted, 

education levels typically account for no more than 20 percent in the variation in log-earnings (Esping-

Andersen, 2004; Card, 1999.) 

Other researchers have attempted to break down, in more precise detail, the relative importance of 

each of these intergenerational transmission channels.  Samuel Bowles and Herbert Gintis (2002) provide 

the first empirical work on this topic. They explain the basic theory of how the intergenerational 

correlation coefficient can be decomposed into the various components theorized to contribute to the 
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persistence of economic status.  For example, they theorize that the effect of an individual’s 

“circumstances”—i.e. the conditions into which they are born—can be classified into three basic 

categories: environmental effects, genetic effects, and wealth effects.  They estimate that with an 

intergenerational correlation of 0.41, environmental factors contribute 0.20 of this correlation, genetic 

factors contribute 0.09, and the direct effect of wealth is 0.12.   

Hertz (2006) makes a similar decomposition to test a wide range of variables that might play a role 

in transmitting economic status.  His results show the greatest significant effects coming from parents’ 

race and education level, but he also observes significant effects from parents’ “sense of personal control” 

or fatalism, as well as effects from parents’ educational expectations of their children, and their religion.  

Interestingly, after controlling for all of these other potential transmission channels, Hertz finds that 

estimated effect of parental income is reduced from an initial correlation of 0.51 down to only 0.20.  This 

means that by Hertz’s estimates, roughly three-fifths of the intergenerational correlation is caused by 

factors other than parental income. 

Findings such as these demonstrate the continued challenge in attempting to draw policy 

conclusions from assessments of intergenerational mobility.  Even as the mechanisms of socio-economic 

transmission are better understood, the policy implications of their relative importance are not clear.  If 

factors as obliquely related as religious preference are truly a significant contributor to the persistence of 

socio-economic status across generations, what does that mean for poor parents who want their children to 

achieve the greatest success, or conversely for wealthy parents who want to preserve their family’s 

economic position?   

Obviously, with any observed correlation, there is a danger of attributing causal relationships 

where none exist.  There is also the possibility that the factors contributing to economic mobility for some 

social classes may differ from those of others.  For this reason, it may be more valuable to examine 

intergenerational correlations—and the mechanisms behind them—not at the average across the entire 

population, but at discrete income levels or for distinct subsets of the population.  Eide and Showalter 
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(1999) make the first contribution in this endeavor, using PSID data to assess the intergenerational 

correlation in the United States.  They use the quantile regression techniques described by Koenker and 

Bassett(1982) to calculate the intergenerational elasticity of income, and a measure of the relative 

importance of education in the intergenerational transmission, at different percentiles of the children’s 

long-run income distribution.  Nathan Grawe (2004) also makes use of quantile regression to compare the 

varying levels in income mobility between the United States and a number of other developed and 

developing countries.  Grawe also employs a model traditionally used for examining wage discrimination 

to control for individual effort, by independently comparing the outcomes of the highest achieving 

children and lowest achieving children of families at different income levels.  His results indicate that not 

only does intergenerational mobility vary across the distribution of parental income, but at different rates 

for low-performing and high-performing children.   

This paper seeks to expand upon these previous findings by using the most recent PSID data to 

examine how the transmission of socio-economic status in the U.S. changes at different points on the 

economic spectrum.  Specifically, I follow up on the work of Eide and Showalter (1999), Bowles and 

Gintis (2002), and Hertz (2006), to assess how the intergenerational elasticity of income and the relative 

importance of education in the transmission of economic status changes across the income distribution.  I 

also test several other hypothesized transmission channels of economic status and assess how their effects 

might also change for different income classes.  By better understanding how these causal channels vary 

across different income levels, we can hope to better understand whether the factors that keep poor 

families poor are the same as those that keep rich families rich.   

 

III. METHODS 
 

This study of intergenerational mobility in the U.S. uses a number of different model 

specifications that build off of one another and provide complementary interpretations of the 
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intergenerational earnings relationship.  The basic model that is commonly used in intergenerational 

studies is of the following form: 

���� = � + ����	 + 
�     (1) 

where Y represents income or earnings, c denotes the child, and p is the parent. In this specification, � 

would then express the effect of the natural log of parent’s income or total earnings on the natural log of 

income or total earning of the child; it is the percentage change in the child’s long-run earnings predicted 

by a percentage change in the parent’s long-run earnings. 

My analysis first uses the basic intergenerational model to measure the direct effect of parent 

income on child income.  Income is measured in both generations using a three-year average of the 

respondent’s income during the years that they were aged 35-50.  Using a multi-year average makes the 

estimate less susceptible to measurement error or single-year changes in the business cycle.  Similarly, 

measuring the respondents’ income during the “prime earning” years of their life provides a better 

estimate of long-term, “lifetime” earnings (Lee and Solon, 2009). 

This relationship between parental and child earnings can also be used to consider changes in the 

distribution of earnings across generations.  The intergenerational earnings correlation coefficient, �, is 

defined as: 

� = � �
���
��
�                     (2) 

where ��is the standard deviation of earnings for the parents’ generation and � is the standard deviation 

of earnings in the children’s generation.  As Bowles and Gintis (2002) explain, so long as Y is defined in 

terms of natural logs, � provides a unit-free measure of earnings inequality.  Setting up the earnings 

correlation coefficient in this way allows us to see how changes in income inequality affect the 

intergenerational correlation.  If inequality is rising, the intergenerational income elasticity, �, will 

exceed �, and � will be less than � if inequality is declining. 
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After establishing a basic model of intergenerational earnings correlation, I also examine the 

specific transmission mechanisms through which economic status persists across generations.  The 

rationale for this analysis is that a parent’s economic status will affect their child’s long-run economic 

outcome through a variety of different means.  For example, parents with greater earnings can afford more 

or better education for their children, thus the parent’s wealth transmits a long-run economic outcome of 

wealth for the child through the child’s level of education.  Conversely, a poorer parent may be poor due 

to a lack of adequate labor force participation, either from limited access to work opportunities or health 

conditions that restrict their ability to work. In this sense, the parent’s low level of earnings transmits a 

long-run outcome of poverty for the child through their limited time in the labor force. 

In addition to the income measures in my initial model, subsequent specifications also include 

controls for race, religion, the child’s years of education, the number of children in the parent’s 

household, and a quadratic term that measures the deviation of the father’s average weekly hours of work 

from the mean weekly hours of work.  This final variable is designed to capture the effect—if any—that a 

parent’s additional hours at work may have on their children’s long-run earnings. 

Finally, to better understand how each of these factors may have a different effect for individuals 

of different socio-economic backgrounds, I will explore how the magnitudes of these channels change at 

different points on the income distribution.  For example, the return from an additional year of education 

may not be the same for individuals at the bottom of the income distribution as it is for those at the top.  

In order to test how the various transmission channels change at different income levels, one first must be 

able to establish how the intergenerational earnings correlation varies across the income distribution.  A 

useful approach for this is quantile regression.  Quantile regression “answers the question of what is the 

marginal effect of an explanatory variable at an arbitrary point in the conditional distribution of the 

dependent variable” (Eide and Showalter, 1999).  In the context of intergenerational mobility, quantile 

regression can show how the predicted income of a child at a particular centile of the income distribution 
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changes with a change in the income of that child’s parents.  This relationship can be expressed by the 

equation: 

��,� = �� + ��,��	      (3) 

where Yc,n represents the income of the child at the nth centile of the income distribution, and an and ��,� 

represents the separate intercept and slope coefficient of parent income’s effect on child income at the nth 

centile of the child’s income distribution.  Using this method, an intergenerational correlation coefficient 

can be determined for any level of the son’s earnings distribution.  In this paper, I employ quantile 

regression to model both the intergenerational correlation coefficient and the all of the potential 

“transmission channels” of economic status first modeled through OLS: race, religion, the child’s years of 

education, the number of children in the parent’s household, and the father’s average weekly hours of 

work.   

 

IV. DATA 
 

Researching intergenerational income mobility has demanding data requirements: not only must 

the survey be representative of the larger population, but multiple generations of respondents must be 

tracked for long time periods in order to make any long-run income predictions.  As previously noted, 

early research lacked this type of representative and fully matured, multi-generational data.   This paper 

follows the example of more recent work, which has identified and remedied earlier biases through use of 

the University of Michigan’s Panel Study of Income Dynamics (PSID).   

Initiated in 1968, the PSID is a longitudinal study of a representative sample of U.S. individuals 

and the families in which they reside.  It is conducted and managed by the Survey Research Center, 

Institute for Social Research at the University of Michigan.  With an initial cohort of approximately 5000 

respondents, the study has re-interviewed this same core sample every year, regardless of any changes in 

location or family composition.  Additionally, respondents who were children in the original cohort were 

interviewed as well, and continued to be observed as they entered into adulthood, starting careers and 
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families of their own.  In 1997, the study changed from annual interviews to biannual interviews, and the 

core sample was slightly modified to reflect changes in U.S. demography.   

The dataset used for this paper consists of 1,424 individuals across 35 rounds of data collection 

from the PSID between the years 1968 and 2007.  The full PSID study contains data on a larger sample of 

respondents; however, not all observations could be included for this study.  First, as previously 

explained, observations from the full PSID were included in the sample only if they reported labor income 

during the time when they were aged 35 to 50.  This necessary restriction to ensure a more accurate 

measure of permanent lifetime earnings reduced the number of useable observations down from the 2007 

PSID release’s full size of over 40,000 observations to less than 8,000. 

Second, the dataset contains only observations listed as male heads of households.  This is 

primarily due to the structure of the PSID dataset and survey design.  In the earliest years of the survey, 

income data was collected only on male heads of households, and while the survey was expanded to 

income spousal information by 1970, the data is still structured around the head.  Some researchers have 

found this advantageous for examining intergenerational earnings correlations, as the omission of female 

respondents would preclude biases in the results due to male-female disparities in workforce participation 

or time in the labor market (Corak, 2004).  Spousal information for each head of household is included, 

and was used in some model specifications to measure income for mothers within the data set. 

Finally, to look at the intergeneration relationships, analysis was limited to only those pairings of 

fathers and sons for which both had at least 3 years of income information.  This limited the useable 

dataset to 1,424 observations.  Restricting the dataset in this way did not fundamentally alter the racial, 

ethnic, or religious characteristics of the sample from the larger PSID dataset, although there were some 

noteworthy changes.  Religious composition and the distribution of children in the household remained 

relatively constant both before and after observations that were missing income data were dropped from 

the sample.  Racial/ethnic composition did change more noticeably, with the proportion of white 

respondents growing by roughly seven percentage points, from 58.22 percent of the full sample to 65.10 
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percent in the paired father-son data.  This corresponded to a slight drop in the number of black 

respondents, from 33.92 percent down to 31.39 percent of the sample, and a more pronounced decrease in 

the number of Hispanic and Asian respondents, from 3.58 percent down to 1.62 percent, and 0.90 percent 

to 0.21 percent, respectively.  Figures illustrating this change are included in the appendix. 

This roughly 55 percent drop in the proportion of Hispanic respondents and 77 percent drop in 

Asian respondents is an unfortunate consequence of the unique data requirements of this type of study.  

Moreover, the literature on the PSID indicates that the current full PSID sample, nearly 40 years after the 

initial survey, is no longer representative of all households now found in the United States.  The survey 

has experienced some non-random attrition and the demographic composition of the U.S. has changed 

considerably due to immigration since 1968.1  As such, the age-restricted sample of households, with 

primarily native-born residents, is likely to have higher average incomes than the larger U.S. population.  

Still, for the purposes of examining intergenerational changes and the relative magnitudes of socio-

economic transmission channels, the sample is still valuable; however, the findings related specifically to 

racial and ethnic differences may warrant subsequent research with a sample that contains higher 

proportions of immigrant families.  

Table 1. Descriptive Statistics – Paired Father & Son Observations 

Principal Variables of Interest: 
Number of 

Observations Minimum Maximum Median  Mean 
Standard 
Deviation 

Son’s Annual Labor Income 1,424 744.31 749,600 41,760.90 53,495.25 53,560.29 

Father’s Annual Labor Income 1,424 109.14 446,553.10 46,091.44 53,190.04 39,563.74 

Mother’s Annual Labor Income 1,114 49.68 169,114.30 11,754.80 15,316.12 14,294.47 

Son’s Average Weekly Work Hours 1,424 2.73 76.84 42.10 42.23 10.32 

Father’s Average Weekly Work Hours 1,424 0.46 94.42 42.56 43.97 10.14 

Mother’s Average Weekly Work Hours 1,106 0.08 73.93 24.10 23.42 13.24 

Son's Years of Education 1,415 6 17 13 13.44 2.1 

Number of Children in Parent Family1 1,372 0 9 2 2.92 2.05 

Note: Labor Income and Work Hours for each observation are recorded for multiple years, 1968-2007, when the respondent was 
between the ages of 35 and 50.  For this reason descriptive statistics of each individual year are omitted. 

1Average number of children calculated during years when head of household is ages 35-50 
 

                                                           
1 Fitzgerald, Gottschalk, and Moffitt (1996) provide a detailed analysis of attrition from the PSID. Among other conclusions, 
they find, for example, that low-income respondents were more likely to attrite than higher-income participants.  



13 

 

Table 1 lists the descriptive statistics for observations used in the intergenerational model.  At an 

inflation-adjusted value of $53,190.04 for fathers and $53,495.25 for sons, the paired observations have 

higher income levels than the larger U.S. population; in 2007, mean income for males in the U.S. was 

$47,137.  Indeed, the mean income values for the paired subsample are noticeably higher than even for 

the larger PSID dataset – $40,788.67 for fathers and $48,000.36 for sons.2  We can speculate that 

wealthier families may have stronger ties to larger social and professional networks that facilitate easier 

tracking by the survey’s administrators.  Moreover, the data requirements of multiple years of income 

data does preclude ex ante those respondents who have struggled to maintain employment, whose mean 

incomes would likely be considerably lower than the paired father-son subsample.   

  

While this deviation from the larger U.S. population again speaks to the difficulty of maintaining a 

truly representative multi-generational dataset, the more interesting observation from these figures is that 

the inflation-adjusted incomes for fathers and sons are virtually identical. Without the added controls of 

multivariate regression, this simple comparison of generational means tells us little about the father-son 

link, but its implication for the larger U.S. society is striking.   After adjusting for inflation, not only is 

                                                           
2
 A comparison of descriptive statistics for both the paired subsample and the larger PSID dataset is included in the appendix. 

Table 2. Distribution of Son's Labor Income by Race 

  
Paired Father-Son Observations 

  
Full Data Set 

Race N Percentage 

Son's Mean 

Income 

Standard 

Deviation   N Percentage 

Son's Mean 

Income 

Standard 

Deviation 

White 927 65.10% $63,679.11 61,073.11 4450 58.22% $57,779.34 54,714.34 

Black 447 31.39% $31,966.80 31,966.80 2593 33.92% $32,135.31 20,379.63 

American Indian 8 0.56% $35,969.68 35,969.68 53 0.69% $35,818.03 24,770.00 

Asian 3 0.21% $139,804.20 139,804.20 69 0.90% $70,378.54 38,990.17 

Hispanic 23 1.62% $63,349.31 63,349.31 274 3.58% $38,426.38 42,317.34 

Other 11 0.77% $48,969.85 48,969.85 154 2.01% $46,351.74 55,049.72 

NR / DK 5 0.35% $30,934.04 30,934.04 49 0.64% $40,917.72 30,741.23 

(missing) - - - - 2 0.03% $21,680.13 1,762.27 

Total: 1424 100.00% $53,495.25 51,798.79   7644 100.00% $48,000.36 42,112.61 

Note: Calculations based upon PSID data for years 1967-2007 for male heads of households reporting at least three years of 
labor income during the years when they were ages 35-50. 
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there no change in mean income between the generations,  the median income appears to have declined: 

from $46,091.44 in the fathers’ generation to $41,760.90 in the sons’. 

Table 2 reports the distribution of the sons’ mean labor income by the race of the household head 

for the paired father-son observations used in the intergenerational model.  To highlight particular 

differences with the larger PSID dataset, the table also includes the distribution of the sons’ mean income 

for the larger set of all sons, ages 35-50.  As previous noted, the paired observations are noticeably more 

affluent than the full data set, particularly for some racial groups.  Figure 1 highlights this issue.   

 

 

The proportion of Asian respondents—already alarmingly small at 69 observations in the full data 

set—is even smaller in the paired subsample, with only 3 father-son pairs. At the same time, these three 

observations have a strikingly large mean income, $139,804.20.  A similar jump in mean income is 

observed for Hispanic respondents, going from $38,426.38 in the full data set up to $63,349.31 in the 

subsample.  While the numbers of respondents in these two groups are small enough to not undercut the 

study’s larger trends, they do call into question the validity of drawing any racial or cultural-specific 

conclusions, particularly for the Asian and Hispanic populations.  Still, looking at either the paired father-
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Figure 1. Son's Mean Labor Income by Race

Paired Observations Full Data Set

Source: Author’s illustration using PSID data for years 1967-2007 for male heads of households 
reporting at least three years of labor income during the years when they were ages 35-50. 
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son subsample or the larger dataset, the mean income for black respondents is roughly half the mean 

income of white respondents.  Such a large disparity, even before controlling for mitigating factors, 

strongly suggests that race-related factors play a significant role in determining intergenerational 

economic outcomes.  

Table 3 shows the distribution of son’s mean income by religious preference for the paired father-

son subsample.  While there was again some bias towards wealthier respondents in the paired subsample, 

the overall distribution of religious preferences between the full sample and the paired father-son 

subsample is considerably more consistent than the racial distribution.  A full comparison of these results 

is included in the appendix. 

Table 3. Distribution of Son’s Labor Income by Religious Affiliation 

Religion N Percentage 

Son's Mean  Labor 

Income 

Standard 

Deviation 

Baptist 337 23.67% $38,548.78 23,245.55 

Methodist 95 6.67% $53,981.60 63,651.63 

Episcopalian 12 0.84% $97,270.14 75,850.00 

Presbyterian 40 2.81% $70,229.64 53,533.11 

Lutheran 61 4.28% $57,373.48 32,046.68 

Bahai/Mormon 5 0.35% $71,388.28 15,969.56 

General Protestant 48 3.37% $51,770.94 29,003.26 

Catholic 225 15.80% $64,973.60 43,360.73 

Jewish 33 2.32% $119,864.60 115,993.20 

Other Non-Christian, Muslim 6 0.42% $101,849.30 172,955.20 

Other / Atheist / Agnostic / DK 481 33.78% $49,457.76 61,344.95 

Greek/Russian Orthodox 1 0.07% $50,467.52 - 

(missing) 80 5.62% $58,931.93 39,541.89 

Total: 1424 100.00% $53,495.25 47,507.71 

Note: Calculations based upon PSID data for years 1967-2007 for male heads of households 
reporting at least three years of labor income during the years when they were ages 35-50. 

 

The most striking figures from the religious distribution within the paired subsample are for 

Episcopalian, Jewish, Muslim and other non-Christian respondents.  Each of these groups has noticeably 

higher mean incomes than the mean for the sample.  In the case of Episcopalian and Muslim/Other non-

Christian respondents, the small number of respondents in each category clearly lends doubt to the larger 

representativeness of these particular figures.  However, with 33 Jewish respondents, constituting 2.32 
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percent of the sample, the exceptionally high mean income for this group may be surprising, but it is 

nonetheless more credible.   

Analysis-of-variance (ANOVA) tests of son’s income by both religion and race are included in the 

appendix.  Both tests return highly significant results, indicating that sons’ income does vary significantly 

based upon race and religion.  

Table 4 shows the distribution of the number of children in each household during the father’s 

prime earning years and the mean labor income for each family size.  

Table 4. Distribution of Son’s Labor Income by Number of Children in 

Father's Family 

Average Number 

of Children N Percentage 

Son's Mean  

Labor Income 

Standard 

Deviation 

No children 53 3.72% $54,596.51 54,662.22 

1 child 315 22.12% $58,891.08 58,891.08 

2 children 338 23.74% $65,265.21 63,460.55 

3 children 272 19.10% $54,325.08 58,049.78 

4 children 130 9.13% $41,754.76 22,993.58 

5 children 100 7.02% $37,410.55 23,839.10 

6 children 66 4.63% $38,714.64 40,134.71 

7 children 32 2.25% $34,577.69 23,363.00 

8 children 28 1.97% $24,940.58 14,288.64 

9 or more children 38 2.67% $34,816.16 30,208.74 

(missing) 52 3.65% $53,506.96 47,894.69 

Total 1,424 100.00% $53,311.03 50,207.24 

Note: Calculations based upon PSID data for years 1967-2007 for male heads 
of households reporting at least three years of labor income during the years 
when they were ages 35-50. 

 

The numbers are fairly consistent across both the full data set and the paired sub-sample, as well 

as with general United States demographic information.  Without controlling for other mitigating factors, 

there is already a small, but visible downward trend in sons’ long-run mean income as the number of 

children in their parent’s household increases beyond two children. 
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V. ESTIMATION RESULTS 

A) OLS Estimation 

The OLS results for the basic intergenerational model are presented in table 5.  Column one 

describes strictly the effect of the log of the father’s average labor income on the log of the son’s average 

labor income.  The results indicate a highly significant intergenerational income elasticity of 0.417.  This 

indicates that without controlling for any other factors, for every one percent increase in the father’s long-

run income, we would expect a 0.417 percent increase in the son’s long-run income. This result is 

consistent with the most recent research in this field (Hertz 2002, Grawe 2004, and Solon 2009.)  For 

example, Solon (2009) calculates intergenerational income elasticities, by year, for each year of available 

PSID data from 1977 to 2000 and finds an average of 0.44.  

Table 5. OLS Results of the Intergenerational Model with Controls for Son’s Years of Education, Siblings, Father’s 

Weekly Work Hours, and Mother’s Income 

Dependent Variable: Log of Son's Income 

Model 1  

Model 2 
Includes 

Education 

Model 3     
Includes 

Number of 
Children 

Model 4 
Includes 
Father's 
Work 
Hours 

Model 5 
Includes 
Mother's 
Income Predictor 

Log of Father's Income 0.417*** 0.272*** 0.255*** 0.300*** 0.315*** 

(0.025) (0.025) (0.026) (0.035) (0.041) 

Son’s Years of Education  
0.147*** 0.146*** 0.143*** 0.145*** 

 
(0.009) (0.010) (0.010) (0.011) 

Number of Children in Household   
-0.019* -0.016* -0.018 

  
(0.010) (0.010) (0.012) 

Deviation of Father’s Weekly Work 
Hours from Mean    

-0.003 -0.003 

(0.002) (0.003) 

Deviation of Father's Work Hours 
Squared 

0.000*** 0.000** 

(0.000) (0.000) 

Log of Mother's Income 0.007 

(0.018) 

Constant 6.166*** 5.711*** 5.961*** 5.509*** 5.258*** 

(0.265) (0.248) (0.281) (0.361) (0.457) 

N 1,424 1,415 1,363 1,363 1,075 

Adjusted R
2
 0.165 0.295 0.297 0.300 0.285 

Notes: *** p < 0.01; ** p< 0.05; *p<0.10.  Calculations based upon PSID data for years 1967-2007 for male heads of 
households reporting at least three years of labor income during the years when they were ages 35-50. Standard errors in 
parentheses. 
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This finding indicates that the most recent release of the PSID shows no major change in the 

intergenerational correlation of income that has been identified with previous releases; the data continues 

to show that roughly 40 percent of a child’s long-run income is predicted by the income of their parent’s.  

Using the formula outlined by Bowles and Gintis (2002), multiplying this income elasticity of 0.417 by 

the ratio of the standard deviation of income in the parent’s generation to the standard deviation of income 

in the son’s generation, corresponds to an intergenerational correlation of 0.387.  The fact that the 

intergenerational income elasticity exceeds the intergenerational correlation indicates that income 

inequality in the United States has risen between the father’s generation and the son’s. 

Column 2 reports the results of the model controlling for the son’s years of education.  Once again 

the result are highly significant and, consistent with previous research, show a noticeable drop in the 

independent effect of father’s income on son’s income, down more than 34 percent to 0.27.  Eide and 

Showalter (1999) observe a similar decrease in the independent effect of the father’s income down from 

0.34 to 0.24 when controlling for the son’s level of education. Hertz (2002) observes that the independent 

effect of the parent’s income on the child’s income drops to 0.20 when controlling for education levels, 

along with a host of other family traits, such as race, religious preference, and sense of personal control. 

The model in column 3 adds an additional control for the number of children in the father’s 

household (effectively each additional sibling to the sons in the model).  Again consistent with previous 

research, this model indicates a significant, negative effect, predicting that for each additional child in the 

father’s household we would expect a decrease in the son’s long-run earnings of 1.9 percent.  According 

to Becker’s hypothesis (Becker, 1983), this effect is essentially the diluting of the parents’ human capital 

resources as they are divided amongst a greater number of children.   

Hertz (2002) speculates that the economic mobility of children may also be influenced by the 

work habits they observe in their parents – that children of homes where parents spend long hours in the 

labor market might exhibit a stronger work ethic and thus greater economic mobility.  He models this 
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possibility using indicator variables for heads that work 2,000 to 3,000 hours annually and more than 

3,000 hours annually, yet finds no significant effects.  The model in Column 4 tests this same hypothesis 

but with a different specification.  This model contains controls for the deviation of the father’s average 

weekly number of work hours from the mean number of work hours, and a quadratic term to allow for a 

change in the direction of the effect.  In this form, we find that holding the father’s income constant, 

additional hours of work beyond the weekly mean of forty has a small, decreasing negative effect upon 

the son’s long-run income.  While the coefficient on the linear component of this variable is not 

individually significant, a joint test of the linear and quadratic variables does indicate a significant effect  

(F(2, 1357)=3.96, p=0.019).  The magnitude of this effect is so small that that we cannot draw major 

conclusions from these findings; however, the sign of the effect, and its persistence across further 

specifications, suggests an interpretation that is different from Hertz’s initial speculation.  The additional 

hours beyond the mean that parents spend in the labor market may not instill a stronger work ethic in their 

children, but may actually have negative consequences as each additional hour of work represents one 

fewer hour available for the parent to engage in the child’s development.3  

It is also interesting to note that omitting the labor-hours variable in models one, two, and three 

places a noticeable downward bias on the coefficient of father’s income.  In the model in column 3, the 

coefficient on the log of the father’s income predicts that a one percent increase in the father’s income 

will lead to a 0.255 percent increase in the son’s income. Yet in column 4, after controlling for the father’s 

average weekly work hours, the coefficient on father’s log income increases by 18 percent: a one percent 

increase in the father’s income now predicts a 0.30 percent increase in the son’s income.  This apparent 

bias may speak to the same hypothesis of the effect of additional hours spent at work rather than at home.  

Without controlling for hours in the labor market, each additional dollar earned by the father has a 

positive effect on the son’s long-run outcome, but when the hours spent in the labor market are held 

constant, the return from each additional dollar earned for the same hours of work has a stronger 

                                                           
3
 See Phillips, 2002 for a summary of related literature. 
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independent effect.  In other words, children born to fathers making more money for the same hours of 

work will be better off than those who might be earning the same income, but working additional hours to 

get it.   These findings are suggestive, albeit far from conclusive. Still, this could be an area for future 

research, particularly in conjunction with sociological research and studies in child developmental 

psychology. 

Finally, column 6 reports results controlling for the log of the mother’s income.  The coefficient 

on the log of mother’s income shows a very small positive effect, however this value is not even 

marginally significant.  The introduction of this variable into the model also increases the standard error 

of the coefficients on log father’s income and the number of children in the household, and actually 

causes a slight increase in the effect of the father’s income.  It is possible that in two parent households, as 

the father’s earnings increase, the incentive for the mothers to work decreases, thus causing a negative 

relationship between the father and the mother’s incomes.  This would produce the downward bias on the 

effect of father’s income that we observe when the mother’s income is omitted.  Given that introducing 

the mother’s income increased the inefficiency of several of the other variables while reducing the overall 

explanatory power of the model, it has been omitted from subsequent regressions.  
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Table 6. OLS Results of Intergenerational Model with Controls for Race and Religion                             

Dependent Variable: Log of Son's Income 

Model 1    

Model 2 
Includes Race  

Variables 

Model 3 
Includes 
Religion  
Variables 

Model 4 
Includes All  

Variables Predictor 

Log Father's Income 0.300*** 0.202*** 0.261*** 0.183*** 

(0.035) (0.037) (0.036) (0.037) 

Years of Education 0.143*** 0.140*** 0.139*** 0.138*** 

(0.010) (0.010) (0.010) (0.010) 

Number of Children in Household -0.016* 0.004 -0.014 0.004 

(0.010) (0.010) (0.010) (0.010) 

Deviation of Father’s Weekly Work 
Hours from Mean 

-0.003 -0.000 -0.001 0.001 

(0.002) (0.002) (0.003) (0.002) 

Deviation of Father's Work Hours 
Squared 

0.000*** 0.000 0.000** 0.000 

(0.000) (0.000) (0.000) (0.000) 

Black   -0.332***   -0.320*** 

 
(0.048) 

 
(0.051) 

Hispanic   -0.253*   -0.309** 

 
(0.140) 

 
(0.141) 

Asian   0.544   0.644* 

 
(0.384) 

 
(0.384) 

Baptist     0.006 0.092* 

  
(0.048) (0.049) 

Lutheran     0.155* 0.099 

  
(0.093) (0.092) 

General Protestant     0.188* 0.195* 

  
(0.103) (0.102) 

Catholic     0.217*** 0.187*** 

  
(0.055) (0.055) 

Jewish     0.233* 0.229* 

  
(0.132) (0.130) 

Constant 5.509*** 6.638*** 5.897*** 6.788*** 

(0.361) (0.391) (0.375) (0.396) 

N 1,363 1,363 1,363 1,363 

R
2
 0.300 0.324 0.308 0.329 

Notes: *** p < 0.01; ** p< 0.05; * p<0.10; Race dummy 'white' and religion dummy 'Other, Atheist, Agnostic, No 
religion'omitted as reference group. Calculations based upon PSID data for years 1967-2007 for male heads of households 
reporting at least three years of labor income during the years when they were ages 35-50. Standard errors in parentheses.  
Controls for additional race and religion values not displayed.  A full listing of all variables and coefficients is included in 
the appendix. 
 

Table 6 shows the OLS results for the intergenerational model with indicator variables for both 

race and reported religion.  Column 1 reports the basic intergenerational model, column 2 adds controls 

for race, column 3 includes religion variables without racial controls, and the model in column 4 contains 



22 

 

all race and religion variables.  The racial category ‘white’ and the religious category “other, atheist, 

agnostic, or no religion” are omitted from the models as the reference group.  Due to the large number of 

variables, only those with significant coefficient results are shown.  The full output results are included in 

the appendix.   

The model with controls for race in column two shows significant negative effects for the 

individual coefficients on the Black and Hispanic indicators.  The positive coefficient on Asian also 

becomes marginally significant after controlling for religion in the model listed in column 4.  Overall, the 

full set of race variables are jointly highly significant (F(6, 1353)=10.03, p<0.0001) although the 

additional variation in sons’ income explained by the racial controls is fairly small, bringing the adjusted 

R-squared from 0.300 up to 0.324.   Despite this relatively small improvement in the model’s explanatory 

power, it is interesting to note how dramatically the independent effect of the father’s income variable 

decreases after controlling for race.  At 0.30 in the basic human capital model shown in column one, the 

coefficient on father’s income drops by a third to 0.202 in the model with racial controls.  On one hand, 

this drop can be viewed positively, as it indicates that when race is held constant, there may be greater 

economic mobility from fathers to sons than the basic model suggests.  Unfortunately, it also implies that 

race is clearly an important mitigating factor in intergenerational outcomes.   

The large, significant, negative coefficients on the Black and Hispanic variables, contrasted with 

the large positive coefficient on the Asian variable underscore this fact.  With a value of 0.544 in the 

racial model, or 0.644 in the model controlling for race and religion in column 4, the coefficient on the 

Asian variable indicates that Asian sons are predicted to have a mean income that is between 72% and 

90% larger than white sons. 4   The difference when compared to black sons is even greater: Asians are 

predicted to earn between 140% and 162% more than black sons based upon the coefficients in models 

two and four.  While Asian respondents may have significantly larger mean incomes, the magnitude of 

                                                           
4
 The percentage differences are calculated for each regression coefficient using the formula %∆� = ���� − 1! × 100%. See 

Wooldridge (2009), p. 233 for further details. 
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this difference is undoubtedly skewed by the small number of Asian respondents in the paired father-son 

subsample, whose mean income was so extreme compared to population mean.   

Still, with these subsample characteristics in mind, it is particularly noteworthy that the coefficient 

on the Hispanic indicator is significant and shows a large negative effect.  Like the Asian subsample used 

in the model, the Hispanic father-son pairs had a much larger mean income than the full data set: 

$63,349.31 in the paired subsample versus $38,426.38 in the full data set.  Yet after controlling for 

education, work hours, and the number of children in the father’s household, the coefficient on the 

Hispanic variable of -0.25 indicates that Hispanic sons will have incomes 22 percent lower than white 

sons, holding their father’s income equal.  For black respondents, the effect is even more pronounced: 

with a coefficient of -0.344, black sons typically have incomes 29 percent lower than white sons whose 

fathers had equivalent incomes.  As noted before, the proportion of minority respondents in the sample is 

small—particularly for Hispanic, American Indian, and Asian respondents—making it difficult to 

investigate why such racial disparities in economic mobility exist.  Nevertheless, these results reinforce 

previous findings that such disparities do exist and are worthy of further investigation with more 

representative data sets.  It would also be worthwhile to examine whether the strength of these disparities 

has changed over time, particularly for some racial groups more than others. 

Theoretically, religion may serve a similar role in the transmission of economic status in the same 

way that racial identification may contribute to economic outcomes.  As Bowles and Gintis (2002) 

explain, “economic success is influenced not only by a person’s traits, but also by characteristics of the 

group of individuals with whom the person typically interacts.”  In this sense, religious affiliation can 

influence economic mobility through the provision of larger social and job networks, but also in more 

nuanced ways such as increasing conformity to particular social norms and practices that may or may not 

be consistent with greater economic success (Borjas, 1995; Durlauf, 2001).  After controlling for race, and 

with “Atheist, Agnostic, or no religion” as the reference group, the coefficients on the Baptist, Protestant, 

Catholic and Jewish indicator variables all showed a significant, positive effect upon the log of son’s 
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income.  These results are reported in column 4.  The coefficient on the Lutheran indicator also showed a 

significant positive effect in the regression excluding controls for race in column 3.  The largest of these 

effects was for Jewish sons who, with a coefficient of 0.229, are predicted to earn 25.7 percent more than 

atheist or agnostic sons with fathers of equivalent income.  Similarly, Catholic sons earn 20.6 percent 

more than atheist or agnostic sons, while Protestant and Baptist sons earn 21.5 percent and 9.6 percent 

more, respectively.  

To attempt to understand why the effect of each of these religious affiliations differs in magnitude 

would be beyond the scope of this paper, but the fact that all four have a positive effect could be 

demonstrative of a larger, general positive effect of religious participation.  On a basic level, religious 

communities are incubators of social capital providing the same spill-over effects of other civic and 

community involvements (Smidt, 2003).  They can provide sources of additional education for children—

such as “Sunday School” or Hebrew classes—and can expand job networks.  Additionally, religious 

communities often uniquely provide the type of extended social safety net we would expect from familial 

relationships.  Religious organizations and the larger community they create can help to safeguard 

members against crises and income shocks that might endanger member children’s long-run economic 

potential (Cnaan, 1999).   

 

 

 

B) Quantile Estimation 

OLS estimations provide a useful estimation of average intergenerational mobility and the factors 

that contribute to the persistence of economic status.  But as previous research has noted, regression 

techniques that estimate effects at specific points on the income distribution may be more useful in 

exploring how social mobility changes at different positions on the socio-economic ladder.   
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Table 7. Quantile Regression Results of Baseline Intergenerational Model 

Dependent Variable: Log of Son's Income Quantile 

Predictor 
OLS 0.05 0.10 0.25 0.50 0.75 0.90 0.95 

Log Father's Income 0.417*** 0.633*** 0.519*** 0.491*** 0.455*** 0.406*** 0.384*** 0.245*** 

(0.025) (0.141) (0.076) (0.050) (0.041) (0.041) (0.079) (0.076) 

Pseudo-R
2
 0.17 0.1 0.09 0.09 0.09 0.10 0.08 0.07 

N 1,424        

Notes: *** p < 0.01; ** p< 0.05; * p < 0.10. Results calculated using quantile estimation based upon PSID data for years 1967-2007 for male 
heads of households reporting at least five years of labor income during the years when they were ages 35-50.  Standard errors generated 
using bootstrapping with 100 repetitions. 

 
 Table 7 reports the OLS and quantile regression estimations of the intergenerational income 

elasticity at the 5th, 10th, 25th, 50th, 75th, 90th, and 95th percentiles of the income distribution in the son’s 

generation.5  All of the estimates are statistically different from zero at the 1 percent level. The results 

clearly show a decreasing trend in the effect of the father’s income as the son’s income level increases, 

with a coefficient on the father’s log income of 0.63 at the .05 quantile, declining all the way to 0.25 at the 

.95 quantile.   

These results are consistent with previous quantile estimations of the intergenerational income elasticity 

in the United States, such as Eide and Showalter (1999) who found a declining trend in the 

intergenerational income elasticity from 0.77 for the .05 quantile down to 0.19 at the .90 quantile (see also 

Grawe, 2004).  These findings reinforce the hypothesis that the persistence of economic status is stronger 

for those at the bottom of the income distribution than for those at the top.  Put differently, it suggests that 

each additional dollar to a poor father has a stronger positive effect upon the long-run income of his child 

than each additional dollar’s effect on the long-run income of a rich father’s son.  

Individual hypothesis tests for a difference in the coefficient of the father’s income at each 

percentile had less explicit results.6  Table 8 outlines these tests with significant results written in bold.   

 

                                                           
5 Because the quantile regression models used throughout this paper are all estimated on the conditional distribution of son’s 
income, the terms “percentile” and “quantile” are used interchangeably to refer to the different levels of son’s income. 
6
 Hypothesis testing for the equality of coefficients across quantiles is explained in Koenker and Bassett (1982). 
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Table 8. Hypothesis Tests for Differences in the Effect of 

Father's Income Across the Income Distribution 

Test F(1, 1422) P 

β.05 - β.10 = 0 1.66 0.198 

β.05 - β.25 = 0 1.62 0.203 

β.05 - β.50 = 0 2.08 0.149 

β.05 - β.75 = 0 3.12 0.077 

β.05 - β.90 = 0 3.50 0.062 

β.05 - β.95 = 0 8.33 0.004 

β.10 - β.25 = 0 0.22 0.639 

β.10 - β.50 = 0 0.75 0.387 

β.10 - β.75 = 0 1.95 0.163 

β.10 - β.90 = 0 2.22 0.137 

β.10 - β.95 = 0 9.02 0.003 

β.25 - β.50 = 0 1.06 0.303 

β.25 - β.75 = 0 3.34 0.068 

β.25 - β.90 = 0 2.65 0.104 

β.25 - β.95 = 0 13.22 0.000 

β.50 - β.75 = 0 2.79 0.095 

β.50 - β.90 = 0 1.80 0.180 

β.50 - β.95 = 0 13.45 0.000 

β.75 - β.90 = 0 0.27 0.606 

β.75 - β.95 = 0 11.70 0.001 

β.90 - β.95 = 0 12.77 0.000 

Note:  βq represents the coefficient on the log of fathers income 
in the quantile regression predicting the log of son's income at 
the q percentile of income. Significant results in bold. 

 

The tests showed a significant difference in the coefficient on the log of fathers income between the 5th 

percentile and the 75th, 90th, and 95th; between the 10th and 95th percentile; between the 25th and the 75th 

and 95th percentiles; between the 50th and the 75th and 95th percentiles; between the 75th and 95th 

percentiles; and between the 90th and 95th percentiles.  In other words, the effect of the father’s income is 

statistically different at many of the tested income levels, although the data did not show a significant 

difference at every tested income level.  Still, these results may not be entirely conclusive as some of the 

hypothesis tests may be hampered by a lack of sufficient data points at a particular income level.7   

                                                           
7 For example, the fact that the effect of father’s income at the 25th and 50th percentiles was significantly different from that at 
the 75th and 95th percentiles, yet not different from the effect at the 90th percentile seems dubious.  According to Koenker and 
Bassett (1982), the Wald test used to test for equality of quantile coefficients can require a large number of observations to 
compensate for even modest deviations from normality in the distribution of the data.  This suggests that larger p-values on 
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Table 9 reports the OLS and quantile estimation results for four separate quantile regressions.  The 

first model is the baseline intergenerational income elasticity model previously reported.  The second 

model adds a control for the son’s years of education.  Model 3 adds the number of children in the father’s 

household.  Model 4 contains the quadratic term for the deviation of the father’s weekly work hours from 

the mean.  The results are reported in this fashion to allow comparisons between the strength of the 

intergenerational income elasticity in model 1 and its effects in subsequent models across the conditional 

distribution of the son’s income.  As with the OLS results, changes in the magnitude of the coefficient on 

father’s income, after controlling for additional factors, are a reflection of the relative importance of each 

of these factors in the transmission of economic status.   

Looking first at model 2, we once again see a highly significant, declining effect of father’s 

income as the son’s income level increases.  Individual hypothesis tests for equivalence in the coefficients 

on father’s income at different quantiles show that the effect at the 90th and 95th percentiles is statistically 

different from its effect at nearly all other specified percentiles.8   

The magnitude of this effect after controlling for education, however, has changed dramatically at 

all income levels. At the 5th percentile, the coefficient on the father’s income drops from 0.633 in model 1 

to 0.363 in model 2, a nearly 43 percent change.  The drop at the 90th percentile is even more pronounced, 

falling from 0.384 in model 1 to 0.180 in model 2, a 53 percent change.  All of the other quantile 

estimates of the father’s income coefficient are reduced in model 2 by roughly a third. This is consistent  

with the reduction that occurs in the OLS model, a 34.8 percent drop, as well as with previous research 

into these effects.  Using PSID data through the 1999 survey, Eide and Showalter (1999) observe a drop 

in the magnitude of the father’s income coefficient of roughly a third for their OLS estimation, and 

reductions of 11 percent to 35 percent in their quantile estimates. 

                                                                                                                                                                                                            

some of the individual tests may still indicate differences in quantile coefficients.  If we use p<.15 as our benchmark, we see a 
significant difference in the coefficient at 90th percentile and those at the 25th and 10th percentile, as well as between the 5th 
and 50th percentiles. 
8
 Only the 5th percentile was not statistically different from the 90th and 95th percentiles, with associated p-values of 0.24 and 

0.21, respectively. The full results of these tests are included in the appendix. 
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Table 9. Quantile Regression Results of Intergenerational Models with Controls for Son's Education Level, Number of 

Children in Father's Household, and Deviation of Father's Weekly Work Hours 

Dependent Variable: Log of Son's Income Quantile 

Predictor OLS 0.05 0.10 0.25 0.50 0.75 0.90 0.95 

Model 1: Baseline Specification with only Father's Income       

Log Father's Income 0.417*** 0.633*** 0.519*** 0.491*** 0.455*** 0.406*** 0.384*** 0.245*** 

(0.025) (0.141) (0.076) (0.050) (0.041) (0.041) (0.079) (0.076) 

        
Pseudo-R

2
 0.17 0.1 0.09 0.09 0.09 0.10 0.08 0.07 

N 1,424 
       

Model 2: Specification with Son's Years of Education       

Log Father's Income 0.272*** 0.363*** 0.339*** 0.336*** 0.312*** 0.270*** 0.180*** 0.166*** 

(0.025) (0.117) (0.067) (0.048) (0.034) (0.045) (0.036) (0.040) 

Years of Education 0.147*** 0.155*** 0.157*** 0.136*** 0.124*** 0.132*** 0.159*** 0.182*** 

(0.009) (0.031) (0.025) (0.015) (0.009) (0.010) (0.013) (0.020) 

        
Pseudo-R

2
 0.295 0.14 0.13 0.14 0.17 0.19 0.21 0.21 

N 1,412 

Model 3: Specification with Number of Children in Father's Household 

Log Father's Income 0.255*** 0.364** 0.329*** 0.312*** 0.296*** 0.262*** 0.169*** 0.156*** 

(0.026) (0.160) (0.079) (0.058) (0.045) (0.047) (0.045) (0.043) 

Years of Education 0.146*** 0.145*** 0.154*** 0.131*** 0.123*** 0.129*** 0.156*** 0.178*** 

(0.010) (0.035) (0.027) (0.013) (0.010) (0.011) (0.014) (0.020) 

Number of Children in Household -0.019* -0.021 -0.030 -0.018 -0.019** -0.019* -0.024 -0.023 

(0.010) (0.037) (0.025) (0.011) (0.009) (0.011) (0.017) (0.020) 

        
Pseudo-R

2
 0.297 0.14 0.13 0.15 0.17 0.19 0.21 0.22 

N 1,363        

Model 4: Specification with Father's Weekly Work Hours 

Log Father's Income 0.300*** 0.145 0.234** 0.278*** 0.327*** 0.305*** 0.344*** 0.302*** 

(0.035) (0.165) (0.098) (0.050) (0.034) (0.029) (0.048) (0.085) 

Years of Education 0.143*** 0.174*** 0.157*** 0.130*** 0.121*** 0.134*** 0.138*** 0.169*** 

(0.010) (0.031) (0.024) (0.011) (0.009) (0.009) (0.013) (0.019) 

Number of Children in Household -0.016* -0.043 -0.027 -0.022* -0.018** -0.018* -0.026** -0.010 

(0.010) (0.036) (0.024) (0.012) (0.008) (0.010) (0.012) (0.020) 

Deviation of Father’s Weekly 
Work Hours from Mean 

-0.003 0.013 0.011 0.004 -0.004 -0.010*** -0.009*** -0.006 

(0.002) (0.011) (0.008) (0.006) (0.004) (0.003) (0.003) (0.005) 

Deviation of Father's Work Hours 
Squared 

0.000*** -0.000 -0.000 0.000 0.000* 0.000** 0.001*** 0.001** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

        
Pseudo-R

2
 0.30 0.15 0.13 0.15 0.17 0.20 0.23 0.23 

N 1,363 
       

Notes: *** p < 0.01; ** p< 0.05; * p < 0.10. Results calculated using quantile estimation based upon PSID data for years 1967-2007 for male heads 
of households reporting at least three years of labor income during the years when they were ages 35-50.  Standard errors generated using 
bootstrapping with 100 repetitions. 
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Interestingly, the magnitude of son’s level of education appears to have a somewhat parabolic 

shape across the distribution, going from 0.155 and 0.157 respectively at the 5th and 10th percentiles, down 

to a low of 0.124 at the 50th percentile, then back up to highs of 0.159 and 0.182 at the 90th and 95th 

percentiles. This effect is statistically significant from zero at the 1 percent level in all cases.9  This result 

is noticeably different from a similar analysis by Eide and Showalter (1999), who observed the son’s 

years of schooling having the largest effect at the 10th percentile, and the smallest at the 75th percentile.   

Whereas Eide and Showalter could interpret their results as evidence that education is relatively 

more valuable at the bottom of the income distribution, these findings suggest that it has become 

relatively more valuable at the tails of the distribution and most valuable at the top.  It is possible that 

changes in the income distribution from the time of their study—their paper employs data from the PSID 

of the father’s generation in the years 1968-1970 and the son’s generation in years 1984-1991—may 

account for this change.  An increasing concentration of U.S. wealth in the upper percentiles—as is 

consistent with the finding of increased income inequality previously noted in this paper—combined with 

unequal wage growth over the last two decades may be driving this difference in results. 10 

In any event, the simple interpretation that education has become more valuable at the top of the 

income distribution than at the median is potentially unsettling; such differences can only serve to further 

stratify the distribution of income.  For a useful comparison, similar to one made in Eide and Showalter’s 

(1999) paper, consider the differences in log earnings for individuals at the 90th and 50th percentiles of 

income, for those who have completed college versus those who have only completed high school.  The 

50th percentile of log earnings for college graduates is 11.17, and for high school graduates it is 10.46 – a 

difference of 0.65.  At the 90th percentile, the of log earnings for college graduates is 11.94, while for high 

school graduates it is 11.17 – a difference of 0.77.  This simple comparison highlights the effect being 

described in the quantile results: the four years of college for sons at the top of the income distribution 

                                                           
9
 This difference in magnitude was significant between the 90th and the 25th, 50th, and 75th percentiles; as well as between the 

95th and the 25th, 50th, and 75th percentiles. 
10

 See Goldin et. al, 2008 for a summary of these trends. 
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correlates with a larger increase in income than it does for sons at the median income.  If this trend 

continues, it will only further expand the already broadening U.S. distribution of income. 

Model 3 includes the same control for the number of children in the father’s household used in the 

OLS regressions in order to capture the effect that each additional sibling has on the observed son’s long-

run earnings.  In the quantile estimation, the coefficient on this variable is significant only at the 50th and 

75th percentile of sons’ income, although at all levels of income the effect is negative and of roughly the 

same magnitude.  The coefficient goes from its largest value of -0.03 at the 10th percentile to its lowest of 

-0.018 at the 25th percentile.  These values can be interpreted to mean that for each additional sibling at 

these percentiles, we would expect a decrease in the son’s predicted income of about 3 percent at the 10th 

percentile, and 2 percent at the 25th percentile.  Interestingly, the magnitude of this effect stays flat at -

0.019 through the 50th and 75th percentiles, and then rises to -0.024 and -0.023, respectively, at the 90th 

and 95th percentiles.  That a son at the top of the income distribution would experience a more adverse 

effect from an additional sibling as a son at the median seems counterintuitive; however, the differences 

in these values are exceedingly small.  Indeed, tests for the equality of these coefficients across the 

income distribution show no significant difference between any of the levels.11   

The more interesting observation from this variable in the quantile results is its significance at, and 

only at, the 50th and 75th percentiles.  One possible interpretation of these results could be that only at 

these income levels does the cost of supporting and educating an additional child cause a significant 

diluting of resources among the family’s children.  For children born into wealthier families, the financial 

burden of an additional child may be negligible or at least infra-marginal. For children born into less 

affluent families, who still achieve high levels of income, any diluting of resources that may occur from 

having additional siblings is simply not a dominant—or significant—factor in their eventual economic 

success.  

                                                           
11 The largest test statistic for these tests occurs between the 10th and 25th percentile, although the resulting p-value is only 
0.548.  Full test results are included in the appendix. 
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 For sons born into poverty that ultimately remain at the lower levels of the income distribution, 

the additional tax credits and income support measures that are granted for each additional child in low-

income families may offset some of this diluting of resources.  Another possible explanation could be that 

sons at the lower levels of the income distribution lack suitable access to higher education to the point 

where this diluting of resources is less relevant.  Indeed, the mean years of education for sons at the 25th 

percentile is 11.39 – just slightly less than a complete high-school education.  For many families, one of 

the largest direct costs in achieving economic mobility is the cost of higher education. For sons at the 

lower levels of the income distribution, the cost of post-secondary education may have been prohibitive 

for them from the start.  If this is the case, then the added challenge to that child’s parents of meeting 

those costs when an additional child is born is never a significant factor.  Still, if these children do pursue 

post-secondary education, they may benefit from greater financial support, again lessening the financial 

impact of additional siblings.   

At the 50th and 75th percentile of the sons’ income distribution, however, the cost of each 

additional child in the father’s household may have a more substantive impact.  Particularly in the context 

of education costs, the possibility of private schooling or college for a child may be significantly 

diminished if that child’s parents face those same costs for an increasing number of children.  In any 

event, the negative effect of additional siblings predicted in model 3 is still quite small: at the 50th and 75th 

quantile, each additional child in the father’s household is predicted to decrease the son’s income by only 

1.9 percent.  Similarly, the addition of this variable into the model does reduce the magnitude of the 

father’s income coefficient in all but the 5th percentile, but only be a small percentage, the largest being a 

roughly 7 percent reduction at the 25th percentile. 

Model 4 includes the linear and quadratic controls for the deviation of the father’s weekly work 

hours from the mean.  As explained in the OLS estimation results, this variable represents the effect on 

the son’s log income of each additional hour that their father works beyond the weekly mean.  The 

quantile coefficients add some interesting nuance to the OLS results.  Although the linear term in the OLS 
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regression was not significant at standard levels, the quantile estimation reports highly significant effects 

for both the linear and quadratic terms at the 75th and 90th percentiles.  Both terms are also jointly 

significant at the 50th and 95th percentiles.  In these cases, the results show a small, decreasing negative 

effect of roughly -0.01, which can be interpreted as a reduction of roughly 1 percent in the sons income 

resulting from each additional hour his father spends at work each week.  At the lower end of the 

distribution, the coefficient becomes positive, suggesting that additional hours in the labor market by the 

fathers of these sons might have increased the sons’ income levels; however, none of these coefficients 

are statistically significant. 

As noted in the OLS results, this negative coefficient implies that all else being equal, sons whose 

fathers must spend additional hours in the workplace are predicted to achieve lower long-term earnings 

than their peers whose fathers earned the same income, but in fewer hours of work.  According to the 

quantile estimation, this effect applies particularly to sons at higher levels of the income distribution.  One 

possible explanation for this outcome is that it is demonstrative more of selection issues than a causal 

relationship.  Sons who achieve high levels of income, yet whose fathers worked longer hours than their 

peers, may have simply come from less affluent backgrounds.  In other words, the son whose father earns 

the same level of income for less work is coming from a more privileged starting position.  It may be 

useful to explore this relationship further with additional controls for the father’s wealth assets or income 

from non-labor sources; this could eliminate some of this potential for this type of selection effect.   

The other important result to note from model 4 is the way in which controlling for the father’s work 

hours changes the strength of the father’s income coefficient.  In the 50th through 95th quantiles, the 

addition of the work hours variable causes the coefficient on the log of fathers income to rise 

dramatically, in some cases more than doubling in magnitude.   For example, the coefficient on the 

father’s income variable in model 3 at the 90th quantile is 0.169.  After controlling for the father’s weekly 

work hours in model 4, this coefficient rises to 0.344, an increase of 104 percent.  Only at the 5th, 10th and 

25th percentiles does the coefficient on the father’s income variable decrease with the addition of the 
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father’s work hours variable.  Given that the other variables in the model—son’s years of education and 

the number of children in the father’s household—remain relatively unchanged, this suggests two possible 

conclusions: 1) for sons at the bottom of the income distribution, there are other omitted factors at work 

that are still more important in explaining these individuals eventual economic position; and 2) that for 

children at the top of the income distribution, their parents’ level of income is a particularly important 

factor, especially when the parents’ hours of work are held constant.   

Finally, table 10 presents the quantile estimation results for the regression predicting son’s log 

income, with controls for father’s log income, the son’s years of education, the number of children in the 

father’s household, the father’s weekly work hours and indicator dummies for race and religious 

preference.  Only variables with significant results are shown; a full listing of all results is included in the 

appendix.  After controlling for race and religion, we again see similar trends in the magnitude of the 

father’s income as observed in model 4, with a high value of 0.257 at the 95th percentile and a low of 0.08 

at the 10th percentile, although this value is not statistically significant.  The results for the coefficient on 

son’s years of education also hold under this specification with the lowest value of 0.12 at the 25th 

percentile and a high of 0.14 at the 95th percentile.  The effects for the number of children in the father’s 

household and the father’s weekly work hours remain relatively unchanged. 

 Of the racial indicators, the coefficient on the black variable remains negative and highly 

significant at all levels of income, although it does diminish in strength through the middle of the 

distribution when compared to the tails.  The coefficient has its strongest negative value of -0.4 at the 5th 

percentile and its weakest negative effect of -0.25 at the 50th percentile.   This may reflect growth in the 

presence of black families in the American middle class, although black Americans are clearly still 

disadvantaged at the highest and lowest levels of income.  As noted in the OLS results section, the 

significant, large positive effects shown for Asians are likely driven by a lack of adequate Asian 

participants in the sample, as is also the case for American Indian respondents.   
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Table 10. Quantile Estimation of the Log of Son's Income by Father's Income, Son's Education, Number of Siblings, Father’s 

Weekly Work Hours, Race, and Religion 

Dependent Variable: Log of Son's Income Quantile 

Predictor OLS 0.05 0.10 0.25 0.50 0.75 0.90 0.95 

Log Father's Income 0.183*** 0.082 0.122 0.247*** 0.204*** 0.203*** 0.243*** 0.257*** 

(0.037) (0.143) (0.087) (0.061) (0.050) (0.038) (0.059) (0.080) 

Years of Education 0.138*** 0.137*** 0.124*** 0.119*** 0.121*** 0.135*** 0.135*** 0.143*** 

(0.010) (0.035) (0.022) (0.016) (0.009) (0.009) (0.014) (0.022) 

Number of Children in Father’s 
Household 

0.004 -0.021 -0.004 0.006 0.004 -0.000 -0.001 0.003 

(0.010) (0.034) (0.027) (0.015) (0.011) (0.008) (0.016) (0.022) 

Deviation of Father’s Weekly 
Work Hours from Mean 

0.001 0.016 0.013* 0.002 -0.001 -0.008*** -0.007* -0.009* 

(0.002) (0.010) (0.008) (0.005) (0.003) (0.002) (0.004) (0.005) 

Deviation of Father's Work 
Hours Squared 

0.000 -0.000 -0.000 0.000 0.000 0.000* 0.000** 0.000** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Black -0.320*** -0.397** -0.355*** -0.253*** -0.248*** -0.255*** -0.234*** -0.310*** 

(0.051) (0.200) (0.133) (0.082) (0.068) (0.049) (0.072) (0.094) 

Hispanic -0.309** -0.646 -0.687 -0.326 -0.279 0.167 0.031 -0.091 

(0.141) (0.890) (0.772) (0.260) (0.205) (0.256) (0.160) (0.170) 

American Indian -0.208 -0.155 -0.447 -0.141 -0.205 -0.062 -0.307** -0.479*** 

(0.237) (0.657) (0.599) (0.552) (0.342) (0.234) (0.125) (0.118) 

Asian 0.644* 1.992*** 1.555*** 0.947*** 0.565*** 0.333*** -0.026 -0.250 

(0.384) (0.531) (0.413) (0.266) (0.173) (0.122) (0.120) (0.156) 

Baptist 0.092* 0.416** 0.267* 0.094 0.035 0.024 -0.093 -0.080 

(0.049) (0.210) (0.148) (0.078) (0.048) (0.044) (0.070) (0.098) 

Methodist -0.021 0.349** 0.079 -0.131 -0.072 -0.069 -0.104 0.019 

(0.075) (0.176) (0.133) (0.105) (0.063) (0.075) (0.113) (0.148) 

Lutheran 0.099 0.588* 0.347** 0.143 0.097 0.060 -0.076 -0.123 

(0.092) (0.320) (0.144) (0.139) (0.093) (0.079) (0.097) (0.177) 

Mormon 0.365 1.182*** 0.761* 0.239 0.482 0.348 -0.063 -0.235 

(0.382) (0.442) (0.389) (0.348) (0.326) (0.291) (0.291) (0.299) 

Protestant 0.195* 0.743*** 0.438*** 0.232* 0.143 0.074 -0.078 -0.142 

(0.102) (0.180) (0.133) (0.134) (0.111) (0.082) (0.092) (0.101) 

Catholic 0.187*** 0.598*** 0.410*** 0.177** 0.188*** 0.088* 0.016 -0.047 

(0.055) (0.175) (0.104) (0.072) (0.038) (0.047) (0.075) (0.119) 

Jewish 0.229* 0.702*** 0.323 0.031 0.138 0.205 0.734* 0.561 

(0.130) (0.252) (0.217) (0.238) (0.101) (0.210) (0.423) (0.427) 

  
        

Pseudo-R
2
 0.329 0.20 0.18 0.18 0.20 0.23 0.26 0.27 

N 1,363 1,363 1,363 1,363 1,363 1,363 1,363 1,363 

Notes: *** p < 0.01; ** p< 0.05; * p < 0.10. Results calculated using quantile estimation based upon PSID data for years 1967-2007 for male heads of 
households reporting at least three years of labor income during the years when they were ages 35-50.  Standard errors generated using bootstrapping with 
100 repetitions. 

 

The positive effect of religious participation observed in the OLS estimation remains significant 

only at the lower end of the son’s income distribution.  This is consistent with the theory that such 
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religious communities may provide some level of social insurance for families at the lower end of the 

income distribution that might otherwise fall into deeper levels of poverty.    

 

VI. CONCLUSION 
 

 The results presented in this paper confirm what an increasing number of researchers have 

concluded: that socio-economic mobility in the United States is significantly lower than was previous 

thought and individuals’ long-run economic position remains closely tied to the economic status into 

which they are born.  Avoiding the use of a specific set of calendar years, and still comparing the 

individual earnings of both fathers and sons at equivalent points in the lifecycle, I find an 

intergenerational correlation of income consistent with previous findings that, on average, roughly 40 

percent of a son’s income can be predicted by the income of his father.  More importantly, however, I also 

find that the intergenerational correlation of earnings is considerably stronger at lower levels of the 

income distribution, just as earlier research had also concluded.  This phenomenon is likely only to grow 

stronger as income inequality in the United States continues to expand.   

 As one would expect, education continues to have a strong, positive effect on children’s long-run 

economic prospects.  However, in contrast to previous research I find that the effect of education may be 

shifting to benefit those at the top of the income distribution more those at the bottom or in the middle 

class.  Given the aforementioned trends in income inequality, this finding has particularly disturbing 

implications.  If an additional year of education has a stronger positive effect for a child at the top of the 

income distribution than one at the median, then this can only serve to further widen the income gap.  

Furthermore, if this result is a consequence of differences in the quality of education available to different 

income classes—with wealthy parents sending their children to the best private schools or moving to the 

best public school districts, while poorer parents are forced to accept lesser quality options—this 

phenomenon will only reinforce itself.  Without conscious policies to make high-quality education 

available to all income groups, education will not serve to “level the playing field” as many have hoped, 
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but will rather exacerbate existing differences in economic mobility, such that the rich and the poor will 

be “playing” on two completely separate fields. 

Attempts to identify how racial factors might contribute to economic mobility were less 

conclusive, although they showed that black children in America continue to be at a disadvantage to their 

white counterparts even when their fathers’ incomes are equivalent.  Similar trends may exist for Hispanic 

children as well.  Unfortunately, the models employing racial indicators were limited by a lack of suitable 

data, and even with a more representative data set this approach may not provide major insight into why 

race has such a strong effect upon economic mobility.  Further research into these trends has been 

recommended before, and much has been—or is being—done in this field.  Still, research using more 

racially-representative longitudinal data sets could be used to show how race’s effect on economic 

mobility might have changed, and under what circumstances for particular racial groups. 

While previous research has noted religion’s possible role in the transmission of economic status, 

the results presented here add some nuance to this relationship.  In cases where religious affiliation had a 

significant effect upon long-run incomes, this effect was largely restricted to individuals at lower levels of 

the income distribution.  This could be indicative of the role of some religious communities as providers 

of an extended social safety net outside the traditional family structure.  Far from conclusive, this finding 

could also be an interesting focus for future research. 

Finally, my analysis of how fathers’ average time spent at work might affect sons’ long-run 

income showed a potentially interesting effect.  That fathers who have to work extra hours to achieve a 

comparable level of income may be losing hours to spend on their children’s development is not a 

shocking idea.   Yet as many Americans struggle to identify a suitable balance of time spent in labor 

versus leisure—as evidenced by the growing segment of work-life pop culture literature, and the greater 

attention paid to these principles by many employers—the idea that additional time spent at work beyond 

the mean may have a statistically observable, detrimental effect upon children’s long-run outcomes would 

have important implications for parents and policymakers facing this trade-off.  Still, the effect observed 
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in this study was too small and not robust enough across different model specifications to arrive at any 

definitive conclusions.   

That this effect was significant only at higher income levels, and led to an increase in the 

independent effect of father’s income, may further underscore the importance of parent economic position 

in determining child outcomes, at least for those children that achieve relative economic success.  For 

individuals at lower levels of the income distribution, education still plays a significant role in 

determining their economic position; however, there appear to be other factors beyond parent income, 

work hours, and family size that are more important in explaining these outcomes.   

Ultimately, these findings cannot serve as a prescription for individual economic success; perhaps 

the American Dream cannot be unlocked so much as it can be promoted.  In this spirit, the findings of this 

research can be used to inform policy formation and prioritization so that it better promotes equality of 

economic opportunity.  Policies that strengthen education for the lower and middle classes, that seek to 

reduce racial disparities, that recognize the role of religious participation and family size on economic 

outcomes, and that are cognizant of parents’ time spent in the workplace can all serve to manifest greater 

intergenerational mobility and a true “land of opportunity”.   
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Figure 3. Racial Distribution of Paired Father-Son Observations and Full Data Set 
 

 

Source: Author’s illustration using PSID data for years 1967-2007 for male heads of households reporting at least three years 
of labor income during the years when they were ages 35-50. 
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Source: Author’s illustration using PSID data for years 1967-2007 for 
male heads of households reporting at least three years of labor income 

during the years when they were ages 35-50. 
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VIII. APPENDIX B – SUPPLEMENTARY TABLES 

 
Table 11. Descriptive Statistics - Paired Father-Son Observations versus  Full Data Set, Ages 35-50 

Principal Variables of Interest: 
Number of 

Observations Minimum Maximum Median  Mean 
Standard 
Deviation 

Paired Father-Son Observations with Requisite Income Data 

Average Annual Labor Income- Son 1,424 744.31 749,600.00 41,760.92 53,495.25 53,560.29 

Average Annual Labor Income - Father 1,424 109.14 446,553.10 46,091.44 53,190.04 39,563.74 

Average Annual Labor Income - Mother 1,114 49.68 169,114.30 11,754.80 15,316.12 14,294.47 

Log of Son's Labor Income 1,424 6.61 13.53 10.64 10.59 0.80 

Log of Father's Labor Income 1,424 4.69 13.01 10.74 10.65 0.78 

Log of Mother's Labor Income 1,114 3.91 12.04 9.37 9.14 1.19 

Average Weekly Work Hours - Son 1,424 2.73 76.84 42.10 42.23 10.32 

Average Weeliy Work Hours - Father 1,424 0.46 94.42 42.56 43.97 10.14 

Average Weekly Work Hours - Mother 1,106 0.08 73.93 24.10 23.42 13.24 

Son's Years of Education 1,415 6.00 17.00 13.00 13.44 2.10 

Number of Children in Parent Family1 1,372 0 9 2 2.92 2.05 

Full Data Set of Heads of Household Ages 35 - 50 

Average Annual Labor Income- Son 7,644 74.10 1,787,367.00 39,208.20 48,000.36 46,714.26 

Average Annual Labor Income - Father 4,571 109.14 446,553.10 33,527.55 40,788.67 32,878.09 

Average Annual Labor Income - Mother 2,040 49.68 169,114.30 16,363.98 21,335.04 19,247.39 

Log of Son's Labor Income 7,644 4.31 14.40 10.58 10.50 0.78 

Log of Father's Labor Income 4,571 4.69 13.01 10.42 10.33 0.84 

Log of Mother's Labor Income 2,040 3.91 12.04 9.70 9.48 1.18 

Average Weekly Work Hours - Son 7,644 0.21 100.55 41.39 41.87 10.76 

Average Weeliy Work Hours - Father 4,571 0.46 94.42 40.24 40.01 11.21 

Average Weekly Work Hours - Mother 2,037 0.08 116.08 29.76 27.82 14.07 

Son's Years of Education 7,511 1 17 12 12.6 2.9 

Number of Children in Parent Family1 3,436 0 9 2 2.2 1.8 

Note: Labor Income and Work Hours for each observation are recorded for multiple years, 1968-2007, when the male head of household 
was between the ages of 35 and 50.  For this reason descriptive statistics of each individual year are omitted.   

1Average number of children calculated during years when head of household is ages 35-50 
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Table 12. Distribution of Average Income by Religious Affiliation – Paired Observations vs. Full Data Set Ages 35-50 

  
Paired Father-Son Observations 

  
All Heads of Household, Ages 35-50 

Religion N Percentage 

Son's  

Labor 

Income 

Standard 

Deviation   N Percentage 

Son's Labor 

Income 

Standard 

Deviation 

Baptist 337 23.67% $38,548.78 23,245.55 1587 20.76% $38,365.36 26,407.51 

Methodist 95 6.67% $53,981.60 63,651.63 479 6.27% $48,980.40 38,552.53 

Episcopalian 12 0.84% $97,270.14 75,850.00 83 1.09% $71,584.71 48,053.82 

Presbyterian 40 2.81% $70,229.64 53,533.11 125 1.64% $65,127.12 48,849.16 

Lutheran 61 4.28% $57,373.48 32,046.68 228 2.98% $61,723.68 39,643.54 

Bahai/Mormon 5 0.35% $71,388.28 15,969.56 43 0.56% $56,540.50 39,061.98 

General Protestant 48 3.37% $51,770.94 29,003.26 260 3.40% $47,466.56 31,033.24 

Catholic 225 15.80% $64,973.60 43,360.73 1109 14.51% $61,517.38 77,356.97 

Jewish 33 2.32% $119,864.60 115,993.20 113 1.48% $111,104.40 101,918.60 

Other Non-Christian, Muslim 6 0.42% $101,849.30 172,955.20 58 0.76% $66,524.62 77,136.44 

Other, Atheist, Agnostic, DK 481 33.78% $49,457.76 61,344.95 3177 41.56% $42,891.27 35,896.94 

Greek/Russian Orthodox 1 0.07% $50,467.52 - 10 0.13% $43,010.69 25,760.93 

(missing) 80 5.62% $58,931.93 39,541.89 372 4.87% $49,214.20 34,527.37 

Total: 1424 100.00% $53,495.25 47,507.71   7644 100.00% $48,000.36 41,625.20 

Note: Calculations based upon PSID data for years 1967-2007 for male heads of households reporting at least three years of labor income 
during the years when they were ages 35-50. 

 

 
Table 13. Analysis of Variance - Son's Log Average Income by 

Race 

  

Partial Sum 

of Squares df 

Mean 

Square F Sig. 

Between 
Groups 135.35 6 22.56 41.05 0.00 

Within Groups 778.71 1417 0.55     

Total 914.06 1423       

Note: Calculations based upon PSID data for years 1967-2007 for male 
heads of households reporting at least three years of labor income 
during the years when they were ages 35-50. 

 
Table 14. Analysis of Variance - Son's Log Average Income by 

Religion 

  

Partial Sum 

of Squares df 

Mean 

Square F Sig. 

Between 
Groups 83.85 12 6.99 11.86 0.00 

Within Groups 784.23 1331 0.59     

Total 868.09 1343       

Note: Calculations based upon PSID data for years 1967-2007 for male 
heads of households reporting at least three years of labor income 
during the years when they were ages 35-50. 
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Table 15. OLS Results of Intergenerational Model with Controls for Race and Religion 

Dependent Variable: Log of Son's Income 

Model 1     
Model 2 Includes 

Race 
Model 3 Includes 

Religion   

Model 4 
Includes All  

Variables Predictor 

Log Father's Income 0.300*** 0.202*** 0.261*** 0.183*** 

(0.035) (0.037) (0.036) (0.037) 

Years of Education 0.143*** 0.140*** 0.139*** 0.138*** 

(0.010) (0.010) (0.010) (0.010) 

Number of Children in Household -0.016* 0.004 -0.014 0.004 

(0.010) (0.010) (0.010) (0.010) 

Deviation of Father’s Weekly Work Hours 
from Mean 

-0.003 -0.000 -0.001 0.001 

(0.002) (0.002) (0.003) (0.002) 

Deviation of Father's Work Hours Squared 0.000*** 0.000 0.000** 0.000 

(0.000) (0.000) (0.000) (0.000) 

Black   -0.332***   -0.320*** 

 
(0.048) 

 
(0.051) 

Hispanic   -0.253*   -0.309** 

 
(0.140) 

 
(0.141) 

American Indian   -0.291   -0.208 

 
(0.235) 

 
(0.237) 

Asian   0.544   0.644* 

 
(0.384) 

 
(0.384) 

Other Race   -0.266   -0.219 

 
(0.222) 

 
(0.222) 

No race reported   -0.168   -0.089 

 
(0.332) 

 
(0.332) 

Baptist     0.006 0.092* 

  
(0.048) (0.049) 

Methodist     -0.038 -0.021 

  
(0.076) (0.075) 

Episcopalian     0.263 0.270 

  
(0.197) (0.194) 

Presbyterian     0.166 0.142 

  
(0.111) (0.109) 

Lutheran     0.155* 0.099 

  
(0.093) (0.092) 

Mormon, Bahai     0.444 0.365 

  
(0.388) (0.382) 

General Protestant     0.188* 0.195* 

  
(0.103) (0.102) 

Catholic     0.217*** 0.187*** 

  
(0.055) (0.055) 

Jewish     0.233* 0.229* 

  
(0.132) (0.130) 

Greek/Russian Orthodox     -0.255 -0.259 

  
(0.682) (0.672) 

Other not Christian, Muslim     -0.283 -0.253 

  
(0.276) (0.274) 

Constant 5.509*** 6.638*** 5.897*** 6.788*** 

(0.361) (0.391) (0.375) (0.396) 

N 1,363 1,363 1,363 1,363 

R2 0.300 0.324 0.308 0.329 

Notes: *** p < 0.01; ** p< 0.05; * p<0.10; Race dummy 'white' and religion dummy 'Other, Atheist, Agnostic, No 
religion' omitted as reference group. Calculations based upon PSID data for years 1967-2007 for male heads of households 
reporting at least three years of labor income during the years when they were ages 35-50. Standard errors in parentheses. 
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Table 16. Hypothesis Tests for Differences in the Effect of Father's Income Across the Income Distribution 

Quantile Model 1 Quantile Model 2 Quantile Model 3 Quantile Model 4 

Test F(1, 1422) P F(1, 1412) P F(1, 1359) P F(1, 1357) P 

β.05 - β.10 = 0 1.66 0.198 0.07 0.792 0.09 0.768 0.52 0.471 

β.05 - β.25 = 0 1.62 0.203 0.06 0.805 0.15 0.696 0.90 0.344 

β.05 - β.50 = 0 2.08 0.149 0.22 0.643 0.23 0.635 1.31 0.252 

β.05 - β.75 = 0 3.12 0.077 0.62 0.431 0.44 0.508 0.99 0.321 

β.05 - β.90 = 0 3.50 0.062 2.25 0.134 1.57 0.210 1.33 0.248 

β.05 - β.95 = 0 8.33 0.004 2.66 0.103 1.86 0.173 0.70 0.405 

β.10 - β.25 = 0 0.22 0.639 0.00 0.962 0.08 0.777 0.3 0.581 

β.10 - β.50 = 0 0.75 0.387 0.20 0.653 0.27 0.601 0.91 0.340 

β.10 - β.75 = 0 1.95 0.163 0.96 0.326 0.75 0.388 0.51 0.475 

β.10 - β.90 = 0 2.22 0.137 4.94 0.026 4.13 0.042 1.03 0.310 

β.10 - β.95 = 0 9.02 0.003 5.63 0.018 4.89 0.027 0.29 0.591 

β.25 - β.50 = 0 1.06 0.303 0.39 0.534 0.16 0.690 1.08 0.299 

β.25 - β.75 = 0 3.34 0.068 1.82 0.177 0.73 0.392 0.25 0.618 

β.25 - β.90 = 0 2.65 0.104 9.82 0.002 5.69 0.017 1.00 0.319 

β.25 - β.95 = 0 13.22 0.000 8.96 0.003 6.71 0.010 0.07 0.798 

β.50 - β.75 = 0 2.79 0.095 1.80 0.180 0.85 0.357 0.61 0.435 

β.50 - β.90 = 0 1.80 0.180 12.98 0.001 9.62 0.002 0.14 0.710 

β.50 - β.95 = 0 13.45 0.000 11.40 0.001 10.50 0.001 0.10 0.756 

β.75 - β.90 = 0 0.27 0.606 5.56 0.019 6.07 0.014 1.21 0.272 

β.75 - β.95 = 0 11.70 0.001 5.44 0.020 6.53 0.011 0.00 0.970 

β.90 - β.95 = 0 12.77 0.000 0.22 0.640 0.19 0.661 0.43 0.513 

Note:  βq represents the coefficient on the log of father’s income in the quantile regression predicting the log of 
son's income at the q percentile of income. Significant values are written in bold. 
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Table 17. Hypothesis Tests for Differences in the Effect of Son's Years of Education Across the 

Income Distribution 

 Quantile Model 2 Quantile Model 3 Quantile Model 4 

Test F(1, 1422) P F(1, 1359) P F(1, 1357) P 

β.05 - β.10 = 0 0.00 0.954 0.10 0.750 0.40 0.526 

β.05 - β.25 = 0 0.53 0.465 0.19 0.662 1.68 0.195 

β.05 - β.50 = 0 1.18 0.278 0.45 0.502 2.10 0.147 

β.05 - β.75 = 0 0.60 0.439 0.20 0.652 1.19 0.275 

β.05 - β.90 = 0 0.01 0.915 0.08 0.775 0.85 0.356 

β.05 - β.95 = 0 0.53 0.466 0.63 0.428 0.02 0.888 

β.10 - β.25 = 0 1.12 0.289 1.14 0.287 1.41 0.236 

β.10 - β.50 = 0 2.10 0.148 1.65 0.200 1.82 0.178 

β.10 - β.75 = 0 1.04 0.308 0.81 0.367 0.64 0.425 

β.10 - β.90 = 0 0.01 0.937 0.01 0.930 0.35 0.551 

β.10 - β.95 = 0 0.64 0.424 0.58 0.447 0.12 0.725 

β.25 - β.50 = 0 1.11 0.292 0.54 0.462 0.82 0.365 

β.25 - β.75 = 0 0.06 0.806 0.01 0.905 0.07 0.797 

β.25 - β.90 = 0 1.85 0.175 1.97 0.161 0.21 0.648 

β.25 - β.95 = 0 4.07 0.044 4.27 0.039 3.31 0.069 

β.50 - β.75 = 0 0.77 0.380 0.45 0.501 2.45 0.118 

β.50 - β.90 = 0 7.96 0.005 5.75 0.017 1.64 0.200 

β.50 - β.95 = 0 8.69 0.003 7.43 0.007 7.39 0.007 

β.75 - β.90 = 0 5.12 0.024 5.78 0.016 0.14 0.713 

β.75 - β.95 = 0 7.37 0.007 7.81 0.005 4.55 0.033 

β.90 - β.95 = 0 2.81 0.094 2.08 0.149 5.44 0.020 

Note:  βq represents the coefficient on the son’s years of education variable in the quantile regression 
predicting the log of son's income at the q percentile of income. 
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Table 18. Hypothesis Tests for Differences in the Effect of the Number of 

Children in the Father's Household Across the Income Distribution 

 Quantile Model 3 Quantile Model 4 

Test F(1, 1359) P F(1, 1357) P 

β.05 - β.10 = 0 0.08 0.775 0.32 0.570 

β.05 - β.25 = 0 0.01 0.937 0.39 0.531 

β.05 - β.50 = 0 0.00 0.966 0.46 0.496 

β.05 - β.75 = 0 0.00 0.968 0.42 0.520 

β.05 - β.90 = 0 0.01 0.941 0.20 0.652 

β.05 - β.95 = 0 0.00 0.948 0.63 0.428 

β.10 - β.25 = 0 0.36 0.548 0.08 0.778 

β.10 - β.50 = 0 0.26 0.608 0.18 0.671 

β.10 - β.75 = 0 0.22 0.636 0.14 0.712 

β.10 - β.90 = 0 0.06 0.808 0.00 0.948 

β.10 - β.95 = 0 0.06 0.814 0.40 0.526 

β.25 - β.50 = 0 0.02 0.893 0.18 0.674 

β.25 - β.75 = 0 0.01 0.915 0.06 0.804 

β.25 - β.90 = 0 0.12 0.728 0.06 0.813 

β.25 - β.95 = 0 0.08 0.778 0.31 0.577 

β.50 - β.75 = 0 0.00 0.999 0.00 0.955 

β.50 - β.90 = 0 0.09 0.766 0.40 0.527 

β.50 - β.95 = 0 0.06 0.811 0.17 0.684 

β.75 - β.90 = 0 0.14 0.712 0.51 0.475 

β.75 - β.95 = 0 0.07 0.795 0.23 0.630 

β.90 - β.95 = 0 0.00 0.986 1.15 0.283 

Note:  βq represents the coefficient on the number of children in the father's 
household variable in the quantile regression predicting the log of son's income 
at the q percentile of income. 
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Table 19. Quantile Estimation of the Log of Son's Income by Father's Income, Son's Education, Number of Siblings, 

Race, and Religion 

Dependent Variable: Log of 

Son's Income 
5th 

Percentile 
10th 

Percentile 
25th 

Percentile 
50th 

Percentile 
75th 

Percentile 
90th 

Percentile 
95th 

Percentile Predictor 

Log Father's Income 0.189 0.228*** 0.256*** 0.188*** 0.133*** 0.113*** 0.123*** 

(0.126) (0.081) (0.059) (0.049) (0.038) (0.034) (0.045) 

Years of Education 0.132*** 0.131*** 0.120*** 0.121*** 0.134*** 0.150*** 0.173*** 

(0.035) (0.022) (0.019) (0.009) (0.010) (0.015) (0.023) 

Number of Children in 
Household 

-0.011 0.005 0.012 0.003 0.003 -0.003 0.005 

(0.038) (0.031) (0.014) (0.012) (0.008) (0.013) (0.023) 

Black -0.501** -0.392** -0.276*** -0.256*** -0.291*** -0.301*** -0.327*** 

(0.228) (0.164) (0.077) (0.063) (0.050) (0.058) (0.091) 

Hispanic -0.607 -0.600 -0.346 -0.288 0.179 0.021 -0.098 

(0.994) (0.815) (0.269) (0.197) (0.255) (0.198) (0.234) 

American Indian -0.187 -0.390 -0.162 -0.212 -0.126 -0.270** -0.438*** 

(0.483) (0.458) (0.488) (0.342) (0.229) (0.114) (0.116) 

Asian 1.831*** 1.406*** 0.926*** 0.568*** 0.378*** 0.034 -0.217 

(0.405) (0.312) (0.205) (0.149) (0.118) (0.131) (0.157) 

Other Race 0.165 -0.222 -0.218 -0.251 -0.430 0.157 0.014 

(0.264) (0.267) (0.333) (0.232) (0.362) (0.406) (0.406) 

No Race Information 0.652* 0.291 0.197 -0.173 -0.532 -0.194 -0.347 

(0.344) (0.308) (0.271) (0.303) (0.380) (0.385) (0.399) 

Baptist 0.393* 0.223 0.082 0.047 -0.011 -0.048 -0.004 

(0.218) (0.140) (0.075) (0.058) (0.039) (0.064) (0.092) 

Methodist 0.320* 0.139 -0.097 -0.060 -0.084 -0.105 -0.054 

(0.186) (0.151) (0.108) (0.065) (0.071) (0.099) (0.136) 

Episcopalian 0.269 0.292 0.334 0.047 0.184 0.234 0.510 

(0.322) (0.357) (0.338) (0.285) (0.346) (0.381) (0.371) 

Presbytarian 0.557 0.328 -0.029 0.139 0.087 0.004 0.163 

(0.368) (0.222) (0.169) (0.174) (0.078) (0.151) (0.200) 

Lutheran 0.545* 0.309** 0.163 0.099 0.064 -0.028 -0.044 

(0.292) (0.133) (0.128) (0.077) (0.073) (0.100) (0.110) 

Mormon 1.100*** 0.699* 0.225 0.497 0.295 0.017 -0.154 

(0.391) (0.378) (0.358) (0.360) (0.335) (0.332) (0.353) 

Protestant 0.651*** 0.466*** 0.228* 0.139 0.097 -0.072 -0.165 

(0.169) (0.165) (0.119) (0.122) (0.098) (0.077) (0.104) 

Catholic 0.492** 0.376*** 0.185** 0.191*** 0.087 0.034 0.040 

(0.198) (0.102) (0.073) (0.048) (0.054) (0.074) (0.112) 

Jewish 0.611** 0.297 0.010 0.152 0.235 0.747* 0.576 

(0.284) (0.249) (0.233) (0.124) (0.253) (0.426) (0.394) 

Greek/Russian Orthodox 1.174* 0.856** 0.439** -0.080 -0.562** -0.974** -1.210** 

(0.644) (0.399) (0.217) (0.099) (0.280) (0.475) (0.598) 

Muslim / Other Non-Christian -0.322 -0.768 -0.504 -0.360 -0.256 1.174 0.934 

(0.505) (0.481) (0.514) (0.603) (1.013) (1.001) (0.963) 

                

Pseudo-R
2
 0.19 0.17 0.18 0.20 0.23 0.25 0.26 

N 1,363 1,363 1,363 1,363 1,363 1,363 1,363 

Notes: *** p < 0.01; ** p< 0.05; * p < 0.10. Results calculated using quantile estimation based upon PSID data for years 1967-2007 for 
male heads of households reporting at least three years of labor income during the years when they were ages 35-50.  Standard errors 
generated using bootstrapping with 100 repetitions. 
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