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Sibling Similarity in Terms of Relative Income—The Sibling Rank Association

The only study of which I am aware that estimated a sibling rank association found a 
correlation in family income (pooling sons and daughters) of 0.35 using the PSID.161 

Sibling Similarity in Terms of Absolute Income—The Sibling Correlation

Solon (1999) reviewed early studies, which tended to use a single year of parent and 
child income. The four with national samples (conducted between 1979 and 1986) 
reported estimates ranging from 0.11 to 0.31 for brothers.162 Four studies between 1988 
and 1997 averaged multiple years of income together using the PSID or NLSOC. They 
found brother correlations within a relatively small range, from 0.30 to 0.45, but sister 
correlations ranged widely between 0.26 and 0.73 in the two studies that examined 
them.163

Since 2000, studies using the PSID and NLSY79 have also found reasonably consistent 
estimates of brother correlations, though tending to be higher than in the pre-2000 
research. Brother correlations in annual earnings and in family income are generally 
found to fall between 0.35 and 0.55, with three of eight studies including estimates 
above 0.5.164 The picture is less clear for sisters, owing in part to fewer studies having 
been conducted. The PSID and NLSY79 yield relatively comparable estimates for sister 
correlations in family income, ranging from 0.43 to 0.63 across four studies.165 But the 
PSID estimates of sister correlations in annual earnings range from 0.14 to 0.29 across 
three studies, compared with 0.29 to 0.34 in the single NLSY79 study.166
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11	 See Appendix 1 for differences between my approach and Mazumder’s.

12	 If respondents drop out of the PSID, were older than 25 before the PSID started, or 
were younger than 55 in the most recent wave of the PSID, they can have less than 31 
years over which to average income.

13	 For a fuller and more technical treatment of the various ways of measuring mobility, 
see Fields and Oks (1999) and Jantti and Jenkins (2014).

14	 Reeves (forthcoming); Reeves and Howard (2013).

15	 The estimates are similar when years without earnings are excluded from permanent 
earnings averaging.

16	 Another benefit of using family income is that few survey respondents report 
no annual income, while more report having no earnings. Estimates may differ 
depending on whether years without income are included or excluded in averaging 
incomes, so the rarity of these reports for family income removes one source of 
ambiguity.

17	 Non-size-adjusted family income results show more downward mobility from 
the middle and less upward mobility, but otherwise the estimates do not change 
meaningfully. Nor do they change when years without income are included in 
permanent income averaging.

18	 Pew Charitable Trusts (2012); Dahl and DeLeire (2008); Corak, Lindquist, and 
Mazumder (2014).

19	 The other PSID studies with transition matrices are Hertz (2005); Hertz (2006); Isaacs, 
Sawhill, and Haskins (2008); Pew Charitable Trusts (2012); Bengali and Daly (2013); 
and Acs, Elliott, and Kalish (2016).

20	 The National Longitudinal Survey–Original Cohorts (analyzed in Peters, 1992) is 
the outlier dataset, as discussed in Appendix 2. The study that seems to have been 
superseded is Mazumder (2008a). Mazumder (2014) uses the National Longitudinal 



March 2017  |  91Archbridge Institute | Economic Mobility in America

Survey of Youth 1979, as does Mazumder (2008a), but the more recent study 
reports significantly less mobility for African Americans than did the earlier study. 
Unfortunately, it does not include updated mobility estimates for the population as a 
whole.

21	 Chetty et al. (2014).

22	 Schoeni and Wiemers (2015).

23	 O’Neill et al. (2007).

24	 One last point bears mentioning. Transition matrices are conventionally estimated by 
basing quintiles or quartiles on the incomes of (1) a group of adults in one generation 
who have children subsequently observed in the same data (ignoring those adults 
who do not, including non-parents) and (2) a group of adults in a later generation 
who have parents previously observed in the data (ignoring those adults who do not, 
including recent immigrants). An alternative approach would be to base quintiles 
or quartiles on broader groups of adults. If, for instance, less-skilled immigration 
were strong enough, many adults who are in the bottom fifth in analyses like those 
here might end up in the second fifth of the income distribution when immigrants 
are included. (Of course, high-skilled immigration might result in more downward 
mobility by this approach.) This conceptualization of relative mobility and of a 
person’s rank has the attractive feature that relative mobility is not strictly zero-sum. 
Otherwise, for someone to have upward relative mobility, someone else must fall 
downward. That said, it is not clear how ranking parental income with non-parents 
included in the distribution would affect our understanding of mobility.

25	 Bhattacharya and Mazumder (2011); Mazumder (2014).

26	 Corak, Lindquist, and Mazumder (2014).

27	 Davis and Mazumder (in progress); Bratberg et al. (2017).

28	 These estimates average a different span of incomes than the others in this primer. 
Specifically, I center incomes on age 40 as in the rest of the paper but I average every 
other year within a 13-year window, up to 7 years of income. I then include in the 
sample only grown children that turned 40 before 2006 with parents who turned 40 
after 1974. This ensures that everyone in the sample without missing data will have 
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7 years of income averaged. In the absence of this restriction, absolute mobility will 
tend to be understated. The income of parents observed near the start of the PSID 
in the late 1960s will be overstated (since it will mostly be their over-40 incomes 
averaged together). Similarly, the income of children observed recently in the PSID 
will be understated (since it will mostly be their under-40 incomes averaged). In 
addition, while I “de-mean” income in most analyses in this paper, by partialing 
out calendar/survey year effects, for estimating upward mobility this adjustment is 
unwarranted. My estimates include years of no reported income, but the estimates 
are little changed if those years are excluded. Nor do they change if average incomes 
of $0 are included.

29	 The estimate for men is no different if the earnings of mothers’ male partners are 
used when a biological father is not present in the home. The estimates for women 
are no different if years with no earnings are included in the earnings averages.

30	 Pew Charitable Trusts (2012).

31	 Three use family income unadjusted for family size: Isaacs, Sawhill, and Haskins 
(2008), Bengali and Daly (2013), and Acs, Elliott, and Kalish (2016). When I use non-
size-adjusted income, my results are close to theirs (not shown).

32	 On the superiority of the PCE deflator, see Winship (2016), Appendix 2.

33	 See their Online Data Table 4: http://www.equality-of-opportunity.org/data/.

34	 In these analyses, I include years without income in averages, and I include averages 
of $0.

35	 In results not reported, I confirm that the differences are not a function of averaging 
incomes in Figure 4 instead of using single-year measures as I do in Figure 5.

36	 Winship (2013).

37	 Aghion et al. (2017).

38	 See also Corcoran (2001).
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39	 Income distributions are skewed, with many people having low to moderate incomes 
and a few having very high incomes, which means that parent and child incomes will 
not typically be linearly related. Taking the natural log of incomes, however, pulls the 
skew in, making the distribution of income look more bell-shaped and making the 
relationship between parent and child incomes more linear. See Mitnik et al. (2015) 
for an important explanation of why these “log–log” models do not technically allow 
one to estimate the average income conditional on parental income.

40	 Technically, they share half the genes that vary across humanity.

41	 From year to year, someone may be matched to different siblings if the one closest 
in age changes. That could happen either because of closely timed sibling births or 
because a sibling drops out of the PSID. Siblings must share one biological parent 
in common. Note that adult incomes appear in my data both when matched to a 
sibling (averaged with other incomes as the adult’s permanent income) and when 
a sibling is matched to them (within the average of his sibling’s “sibling permanent 
income”).

42	 Brothers must have at least 9 earnings observations out of a possible 15 over a period 
up to 31 years. A woman must have at least 4 earnings observations and her sister 
must have at least 5. In the pooled sample, an adult must have 4 family income 
observations, and the sibling must have at least 9.

43	 Excluding years with no reporting earnings produces similar results.

44	 The results for men and women separately are very similar.

45	 The rank-rank slope is technically the coefficient on parental income rank in the 
bivariate regression of child income rank on parent income rank. If there are 1,000 
pairs of children and parents, the poorest parent is assigned a rank of 1 and the 
richest a rank of 1,000, and child incomes are also assigned ranks so that they too are 
ordered. These ranks can be expressed as “percentile ranks” (roughly, dividing each 
rank by the number of parent-child pairs), so that the ranks range between just above 
0 and just below 100, but doing so does not affect the slope.

The Spearman rank correlation is the “Pearson correlation” after converting incomes 
to ranks. As will be discussed below, a Pearson correlation is simply a regression 
coefficient multiplied by the ratio of the standard deviation of parent income to 
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the standard deviation of child income. If there are no ties—i.e., if everyone has 
at least slightly different incomes—then the standard deviations of the ranks of 
parent and child income will be the same. In this case, the ratio of the two standard 
deviations will be one and the correlation will equal the regression coefficient (the 
rank correlation will equal the rank-rank slope). To the extent there are ties, the two 
measures will differ modestly.

Davis and Mazumder (in progress) estimate “rank mobility” as the average 
intergenerational change in percentiles conditional on parental percentile. This 
equals the rank-rank slope (or rank coefficient) minus 1.

46	 Charts for other mobility estimates discussed below, such as for family income, are 
available from the author.

47	 Very few parent–child pairs are added using even less restricted samples.

48	 8 times 9, minus 5 sets of restriction criteria that left no parent–child pairs to analyze.

49	 This occurs because in order to appear in the PSID data for 31 years with income 
centered on age 40, a parent cannot turn 40 before 1981, and a child cannot turn 40 
later than 1998. The problem is that the PSID data start in 1968 (with income data for 
1967) and end in 2013 (with income data for 2012).

50	 Chetty et al. (2014); Davis and Mazumder (in progress); Bratberg et al. (2017); Dahl and 
DeLeire (2008).

51	 To improve the readability of the chart, I have deleted a small number of estimates 
that were below zero or that were equal to 1.0, all of them based on a tiny number of 
parent–child pairs.

52	 One reason is that the PSID switched to biennial interviews after 1997, which is the 
reason I only use incomes from every other year.

53	 The sample sizes for the lower- and upper-bound estimates are 179 and 61, 
respectively.
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54	 Given the number of years covered, relatively few people have average “permanent” 
incomes of zero. It makes little difference whether they are included in estimating 
IRAs, but the results I present exclude them.

55	 Sample sizes for the lower and upper bounds are 547 and 105.

56	 Sample sizes for the lower and upper bounds are 214 and 73, respectively.

57	 The sample sizes for the lower and upper bounds are 580 and 78, respectively.

58	 Sample sizes for the lower and upper bounds are 511 and 75, respectively.

59	 Specifically, Mazumder argues that (1) child incomes are measured at too young an 
age; (2) child incomes are based on too few years of data, which when combined 
with the fact that they are measured during a period of high unemployment means 
that too many children must be dropped due to their having no reported income; 
(3) parent incomes are measured at too old an age; (4) parent incomes are based 
on too few years of data; (5) parents who do not file are given imputed incomes of 
$0, which lowers the IRA; (6) incomes do not include government transfers; and (7) 
administrative data may have more measurement error among low-income people. 
This latter contention is one with which I do not agree based on my read of the 
literature. For more criticism of Chetty et al.’s estimates, see Mitnik et al. (2015).

60	 The sample sizes for the lower and upper bounds are 201 and 130 for sons, 215 and 
112 for daughters, and 217 and 159 pooled.

61	 A number of studies assess the association between parent and child incomes using 
nonlinear models or describe the way that different quantiles of child income change 
as parental income changes. For studies using either rank associations or elasticities 
in this fashion, see Peters (1992); Eide and Showalter (1999); Minicozzi (2003); Hyson 
(2003); Fertig (2003); Couch and Lillard (2004); Grawe (2004); Hertz (2005); Bratsberg 
et al. (2007); Lee et al. (2009); Torche (2013); Chetty et al. (2014); Mitnik et al. (2015); 
Landerso and Heckman (2016); Bratberg et al. (2017); and Davis and Mazumder (in 
progress).

62	 See Chetty et al. (2014), for instance, who describe the IGE as the “canonical measure 
of relative mobility” before rejecting it for the IRA.
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63	 In Chetty et al. (2014), they used “absolute mobility” to refer to the expected 
percentile rank in adulthood of a child raised at the 25th percentile. This measure 
incorporates not only the rank-correlation (the slope of the regression of child 
income rank on parent income rank) but the intercept in the regression equation. 
Because this measure focuses on ranks, it is a relative mobility measure. In Chetty et 
al. (2016), as we have seen, they properly use “absolute mobility” to refer to the share 
of children with a higher inflation-adjusted income than their parents at the same 
age.

64	 While the IRA is the coefficient on parental income rank when child income rank 
is regressed on it, the IGE is the coefficient on the natural logarithm of parental 
income when the natural logarithm of child income is regressed on it. Transforming 
both parent and child incomes by taking natural logarithms allows one to interpret 
regression coefficients as the percentage change in child income for a one-percent 
change in parental income. For small percentage changes, this approximation is 
reasonable, but it becomes decreasingly so for large changes in parental income. The 
discussion in this paragraph is intended to provide the intuition for treating the IGE 
as a summary measure of absolute mobility’s impact on childhood inequalities. It is 
not a literal description of the mathematics behind log–log regressions.

65	 Consider the simple table below, where the childhood incomes of a poor and a 
rich child are represented by A and B, respectively, and their adult incomes are 
represented by C and D. The ratio of their incomes in childhood is B/A, while the ratio 
of their incomes in adulthood is D/C. In adulthood, this ratio tends to be smaller, so 
that f = (D/C) / (B/A) = (DA/CB) < 1. The ratio of adulthood-to-childhood income for 
the rich child is given by D/B, and it is C/A for the poor child. The absolute mobility 
experienced by the rich child (expressed as a ratio or, equivalently, in percentage 
terms) tends to be smaller than the absolute mobility experienced by the poor child, 
so that 1 > (D/B) / (C/A) = (DA/CB) = f.

Poor Rich 

Childhood 
Income A B

Adult 
Income C D
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66	 An initial 100 percent difference in incomes translates into a ratio of 2.0. To get the 
expected percent difference in adulthood, one raises 2.0 to the power b, where b is 
the IGE. To get the expected percentage difference in adulthood given a 50 percent 
difference in childhood, one computes 1.5^b.

67	 The sample sizes for the lower and upper bounds are 243 and 61 when zeroes are 
included in averages and 296 and 54 when they are excluded.

68	 Sample sizes for lower and upper bounds are 205 and 51.

69	 It is only a bit lower if I exclude years with zero income from the averages (0.90).

70	 The vertical axis in Figure 11 is cut off at 1.00 for sake of presentation.

71	 The sample sizes for the lower and upper bounds are 547 and 131.

72	 Sample sizes: 214 and 73.

73	 The sample sizes for the lower and upper bounds are 214 and 78 for sons and 104 
and 65 for daughters.

74	 The results are very similar adjusting parental income for family size.

75	 Sample sizes: 235 and 88 for sons, 297 and 69 for daughters, and 307 and 88 pooled.

76	 Mulligan (1997); Abul Naga (2002); Mazumder (2005a); Gouskova et al. (2010); Chau 
(2012); Eberharter (2014); Mazumder (2015). 

77	 Schoeni and Wiemers.

78	 There has been a wave of recent multigenerational mobility studies. See Solon (2015) 
and Pfeffer (2014) for reviews.

79	 To see this, return to end note 65, above, and multiply D by 1.2 and C by 0.8. The 
resulting ratio of ratios is 1.5 times DA/CB rather than DA/CB.
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80	 The IGC can be thought of as the IGE after logged parent and child incomes are 
“standardized”—that is, after the generational means are subtracted from each 
logged income value and then those “centered” logged incomes are divided by the 
generational standard deviation of logged income.

81	 The IGC can also be thought of as the IGE multiplied by the ratio of the standard 
deviation of logged parental income to the standard deviation of logged child 
income. Of course, the standard deviation is a particular summary measure of 
inequality, so changes in inequality that are not fully captured by this summary 
measure can still affect the IGC. It is also worth remembering that what is being 
controlled for is not how the standard deviation of income changes, but how the 
standard deviation of logged income changes.

82	 The IGC is an indicator of how well the linear IGE predicts income. It may be that a 
low IGC masks a strong nonlinear relationship between parent and child income, so 
that if some curvilinear “IGE” were available, it would allow for strong predictions of 
child income. The estimation of nonlinear summary mobility measures is an active 
field of research that I ignore in this primer. See end note 61.

83	 Technically, one needs to know the intercept of the regression line too, not just 
the slope. Without the intercept, one would still be able to predict the size of gaps 
between children. Further, the prediction would be perfect only if the relationship 
between parent and child incomes really was linear. If the relationship is curvilinear, 
then it is possible that the IGC might be estimated as 1, yet most of the predictions 
made using it would be off the mark.

84	 If “inequality” is measured as the standard deviation of logged income. The 
“proportion of variance explained” is the square of the IGC rather than the IGC itself, 
but this is simply a statistical concept, and it is only convention that uses it to express 
the fraction of inequality in the dependent variable explained by the independent 
variable. This “coefficient of determination,” or “R2” is the variance of the predicted 
adult income divided by the variance of actual income. The IGC is the standard 
deviation of the predicted income divided by the standard deviation of actual 
income. See Rodgers and Nicewander (1988) and Ozer (1985).  

85	 The sample sizes for the lower and upper bounds are 243 and 61, respectively.
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86	 The estimates are similar if the earnings of mothers’ partners and the non-zero 
earnings of mothers are used for fatherless children.

87	 Sample sizes: 517 and 52 for the comparison to fathers, 201 and 52 for the 
comparison to mothers.

88	 The estimates are very similar using size-adjusted family income. Sample sizes: 328 
and 78 for the family income versus sons’ earnings comparison, 220 and 65 for family 
income versus daughter earnings, 750 and 130 for sons’ family income, 297 and 69 for 
daughter family income, and 273 and 159 for pooled family income.

89	 IGEs are affected by classical measurement error only if it applies to parental income, 
while classical error in children’s as well as parents’ incomes will also diminish the 
IGC. 

90	 A small number of papers relied on surname-based methods before Clark’s book was 
published. 

91	 See Torche and Corvalan (2016); Chetty et al. (2014); Vosters (2015); Vosters 
(forthcoming); Solon (2015).

92	 Gelman (2009).

93	 The foregoing argument is elaborated most fully by Torche and Corvalan (2016), but 
Chetty et al. (2014) were the first to make it. (See their Appendix D.)

94	 Most contemporary analyses of sibling similarity rely on models that decompose 
income into a family component and permanent and transitory components of 
individual income. They then purge the individual transitory component and assess 
the share of permanent income accounted for by the family component. My sibling 
similarity analyses instead rely on using multiyear averages as proxies for permanent 
income, directly estimating sibling permanent income correlations. Note that I match 
adults to the same-sex sibling nearest in age to them in each survey; in different 
survey years, adults may be matched to different siblings. Furthermore, adult 
incomes appear in my data both when matched to a sibling (averaged with other 
incomes as the adult’s permanent income) and when a sibling is matched to them 
(within the average of his sibling’s “sibling permanent income”). Siblings must share 
at least one biological parent in my analyses.
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95	 The sample sizes for the lower and upper bounds are 416 and 76 for brother earnings, 
187 and 808 for brother family income, 209 and 65 for sister earnings, and 80 and 804 
for sister family income. The SRA estimates are similar if zeroes are excluded from 
averages and if averages of zero are excluded.

96	 Sample sizes for the lower and upper bounds are 168 and 1734. Results are similar if 
estimates are unadjusted for family size.

97	 Conley, Glauber, and Olasky (2004).

98	 These interpretations measure inequality by the standard deviation of incomes. In 
a simple model of sibling similarities commonly used by researchers, the sibling 
correlation is the share of the variance of permanent income accounted for by the 
variance of the family component of permanent income that siblings share. Taking 
the square root of that gives the share of the standard deviation of permanent 
income accounted for by the standard deviation of the family component. The 
convention of using the variance to measure inequality is just that—convention. The 
variance has useful statistical properties, but it squares the units of the quantities 
being compared (income in this case).

99	 Sample sizes: 563 and 76 for brother earnings, 187 and 808 for brother family 
income, 540 and 65 for sister earnings, and 204 and 164 for sister family income. The 
estimates are similar if family incomes are not adjusted for size or if years without 
earnings or income are excluded from averages. All of these correlations used logged 
average earnings or income.

100	Sample sizes: 168 and 1737.

101	This point has been articulated by Mazumder (2015).

102	Chetty et al. (2014).

103	That is, rather than comparing the slopes in the two countries’ regression equations, 
we might prefer estimating the predicted incomes of poor children (which are 
affected by regression intercepts too). Mitnik et al. (2015) show that the slope and 
intercept do not actually allow for the estimation of expected income conditional on 
parent income, if by expected income is meant the arithmetic mean. They offer a new 
estimand that does allow for such a computation.
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104	If the only thing that were important for child incomes (besides luck and other 
random factors) were parental incomes, then the sibling correlation would equal the 
IGC squared. Similarly, the SRA would equal the IRA squared. In the case of the SC, 
sibling incomes are scaled by the level of inequality before the sibling association 
is assessed. That means that the higher income inequality created by diminished 
opportunity in Country A would be “controlled” away, and the sibling correlation 
might not rise. That would perversely suggest that equality of opportunity had not 
changed. The SRA avoids this problem because when ranks are used instead of 
incomes, the level of inequality (in ranks) does not change over time, so scaling by 
that inequality leaves untouched the increased sibling association produced by the 
policy changes. The SRA would rise appropriately.

105	See, e.g., Chetty et al. (2014); Dahl and DeLeire (2008).

106	Mazumder (2015).

107	Chetty et al. (2014); Mitnik et al. (2015).

108	Chetty et al. (2014); Davis and Mazumder (in progress); Bratberg et al. (2017); Dahl and 
DeLeire (2008).

109	Winship (2016).

110	Winship (2013).

111	See Brown (1996). Furthermore, including the oversample would make my analyses 
overly reflective of disadvantaged families. The usual solution to this problem is to 
use survey weights that down-weight the members of the oversample. However, 
because I average incomes over as many as 31 years (and in different years for each 
sample member), it is not obvious how to correctly weight the sample. I therefore do 
not use any weights.

112	See Winship (2016), Appendix 2 for the superiority of the PCE deflator.

113	My preferred estimates are always ones that indicate relatively low mobility within 
similarly restricted samples and within samples of similar sizes. One justification 
for this choice is that ideal data that included a full 15 years of income for 
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everyone would likely produce even lower mobility estimates. Another is that the 
more restrictive the sample, the more missing data there will be, and the more 
homogeneous the sample is likely to be. That will make relative mobility look 
stronger than it is by some of my measures. The interaction of missing data and 
the end points of the PSID creates a specific problem related to homogeneity. For a 
parent and child to each have 15 years of income data, the parent must turn 40 no 
sooner than 1981 and the child must turn 40 no later than 1998. The parent in such 
parent–child pairs would be 17 years old at the time of a child’s birth. That means 
that more restricted samples requiring more years of non-missing income data will 
tend to feature parents and children closer in age to each other. The samples are 
likely to be relatively disadvantaged. If parent and child incomes are more strongly 
related among the disadvantaged, that could create artificially low estimates of 
mobility. However, in my tests, I found that parental incomes were not especially 
low in more restrictive samples and not strongly correlated with the degree of 
restrictiveness or the estimated mobility rate.

114	Fitzgerald, Gottschalk, and Moffitt (1998a); Fitzgerald, Gottschalk, and Moffitt 
(1998b); Lillard and Panis (1998); Zabel (1998); Becketti et al. (1988). See Nichols 
and Zimmerman (2008), however, for evidence that from year to year, attriters are 
different from those included in volatility samples in terms of the joint distribution of 
a number of demographic variables.

115	See Winship (2009).

116	The estimates I report from previous research are the ones that seem, in my view, to 
reflect the best methodological choices. Most studies provide a range of estimates—
preferred ones, naïve (known to be inferior) ones, and ones from sensitivity checks. In 
general, authors’ preferred estimates tend to show less equalization of opportunity 
and lower relative mobility than naïve estimates. Sensitivity checks can show 
estimates higher or lower than the preferred ones. Some subjectivity in summarizing 
the “best” estimates from each study is inevitable, but those I emphasize are 
generally ones that are larger, indicating less equalization of opportunity.

This review includes only those cross-national studies and trend studies with well-
estimated mobility estimates for the US; these literatures will be reviewed more fully 
in future installments of the primer.
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