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Abstract: A recent literature studies the role of grandparents in status transmission. Results have
been mixed, and theoretical contributions highlight biases that complicate the interpretation of
these studies. We use newly harmonized income tax records on more than 700,000 Swedish lineages
to establish four empirical facts. First, a model that includes both mothers and fathers and takes
a multidimensional view of stratification reduces the residual three-generation association in our
population to a trivial size. Second, data on fathers’ cognitive ability show that even extensive
controls for standard socioeconomic variables fail to remove omitted variable bias. Third, the
common finding that grandparents compensate poor parental resources can be attributed to greater
difficulty of observing parent status accurately at the lower end of the distribution. Fourth, the
lower the data quality, and the less detailed the model, the greater is the size of the estimated
grandparent coefficient. Future work on multigenerational mobility should pay less attention to the
size and significance of this association, which depends heavily on arbitrary sample and specification
characteristics, and go on to establish a set of more robust descriptive facts.
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TUDIES of the intergenerational transmission of economic status have a long
history in the social sciences (e.g., Atkinson 1981; Sewell and Hauser 1975)
and are of wide interest as they pertain to the broader societal ideal of equality of
opportunity (e.g., Breen and Jonsson 2005; Erikson and Goldthorpe 1992). Such
research confirms that in all known societies, the importance of having the right
parents is substantial: despite quite widespread intergenerational mobility, access
to higher social positions and incomes is strongly related to parental characteristics.
Recent scholarship draws attention to limitations of the unidimensional models
that permeate much of this literature. The standard one-parent one-offspring
approach—typically using fathers’ social class, income, or socioeconomic status to
predict the same outcome among their children—risks underestimating long-run
inequality transmission for at least three reasons: it neglects the influence of mothers
(Beller 2009), of extended family members (Mare 2011), and of multiple stratifying
dimensions (Mood 2017).

Especially, recent criticism targets the two-generation approach, where studies
focus on parent-to-child associations. Following Mare’s (2011) plea for multigenera-
tional research, a growing number of studies consider grandparents’ role in status
attainment. Although results have been mixed, some of these studies report that
incorporating prior generations into models improves predictions (e.g., Chan and
Boliver 2013; Hillsten and Pfeffer 2017; Jeeger 2012). A question that follows then
is why this is the case. Is it that well-placed grandparents have a direct influence

242



Engzell, Mood, and Jonsson

Inequality across Three Generations

on their grandchildren? Or is it that grandparents” education, occupation, or in-
come are correlated with unobserved attributes of parents that in turn aid their
children’s success? Existing research has tended to take the first interpretation. But
this conclusion is weakened if we cannot observe everything about parents that
matters. In particular, if mothers or multiple dimensions of status are ignored, the
influence of grandparents may be overstated. A comprehensive assessment of what
grandparents bring therefore requires expanding the model along more than one
dimension.

Often, previous work acknowledges this and attempts to adjust for the potential
confounding mechanisms. However, wide variation in the type and quality of
available data makes it difficult to know whether the range of resulting estimates
are the consequence of geographic and institutional variation, data availability,
modeling choices, or something else. A recent review by Anderson, Sheppard,
and Monden (2018) finds that in published work, study characteristics such as the
number and detail of parental stratification indicators observed have no relation to
the likelihood of detecting an independent grandparent effect. This might suggest
that multigenerational advantage is largely unrelated to these other dimensions
of stratification. At the same time, published studies do not represent a random
sample of the universe of possible analyses. It could be that studies with different
data and model characteristics also differ in other respects, which should make us
wary of overinterpreting these differences between studies.

To understand why family status tends to persist across more than two gen-
erations, we need a better grasp of what underlies the conflicting results in the
literature. Our aim here is to provide a systematic account where a wide range of
possible models are applied to the same data set. By holding the population and
institutional setting constant, we can learn precisely what influence data quality and
modeling are likely to have on results. We focus on contemporary Sweden, where
the available data are more fine-grained than elsewhere. Comprehensive popu-
lation and taxation registers allow us to trace complete lineages and follow three
generations over a significant part of each generation’s life course. This, together
with detailed and exhaustive information on common status indicators, makes a
selection-on-observables strategy more plausible here than almost anywhere else.
Our analysis has three steps. First, we establish a set of baseline results using a
wide range of socioeconomic variables. Thereafter, we assess heterogeneity in the
grandparent association and test for remaining omitted variable bias. Lastly, we
gradually coarsen our data and model to ask whether data-driven reasons can
account for the mixed results in the field.

The baseline model that we begin with improves on previous work in three im-
portant respects by 1) taking a fully multidimensional view of stratification studying
income, class, education, and wealth in the same model; 2) assuming that mothers
and fathers matter, among both parents and grandparents; and 3) measuring vari-
ables with unusual reliability. We focus on earnings in the grandchild generation,
as we think that genuine grandparent effects are more plausible here than for other
status outcomes that are causally upstream. Earnings subsume not only the cumula-
tive advantage of education and social class attainment, but also advantages within
occupations, for example through reputation or social networks where grandpar-
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ents have been postulated to matter. Adjusting for parents’ education, occupation,
and earnings, we find a small but significant remaining association between grand-
parent income and grandchild earnings; for other outcomes—cognitive tests, school
grades, educational attainment, and occupational prestige—the association is zero.

We then interrogate this residual association further. First, we consider hetero-
geneity: is the benefit of a well-placed grandparent most marked for those with
parents of high or low status? Existing studies have framed this question as one of
“reinforcing” and “compensating” mechanisms and generally found support for the
latter: the residual association between grandparent and grandchild status tends to
be strongest at low levels of parental status (Anderson et al. 2018). We replicate this
finding in our data. However, mindful of the limitations of standard socioeconomic
controls, we also perform a placebo analysis using fathers’ cognitive test scores in
late adolescence as an alternative outcome. A virtually identical pattern appears but
with associations of up to twice the size, suggesting a more mundane explanation:
standard socioeconomic controls do not pick up all relevant differences between
parents, and this error is especially grave at low levels of observed parental status.

Having established that the direct grandparent influence in our data is likely
small or zero, we then turn our eye toward the wider literature and ask to what
extent the variety of results reported therein can be attributed to incomplete parent-
to-child models. To this end, we coarsen our data to the quality typical of existing
studies and see how results change. Introducing realistic errors of observation
and reducing the model dimensions creates net grandparent associations several
times larger than our initial estimates and covering much of the range of estab-
lished results. We conclude that previous studies are likely to have exaggerated
grandparents’ importance. Should our interest in the extended family as a source of
stratification be abandoned then? We end on a cautious note arguing that, although
multivariate regression modeling of “grandparent effects” has yielded limited use-
ful knowledge, the wider study of multigenerational mobility will continue to
provide valuable insights into processes of stratification.

The Case for Grandparents

Why might a status attainment model without grandparents be incomplete? Multi-
generational status transmission has concerned stratification scholars throughout
the field’s past (Mukherjee 1954; Pohl and Soleilhavoup 1982; Svalastoga 1959; War-
ren and Hauser 1997). Although there are different ways to approach this question,
most previous research is couched in terms of the “Markovian” question (Hodge
1966): do grandparents affect their grandchildren’s attainment directly, or is all
influence mediated through parents? With increasing data availability, the number
of such studies has grown almost exponentially in recent years (Anderson et al.
2018).

A range of social, economic, and psychological mechanisms make it plausible
that grandparents should matter. The fact that we live longer and healthier means
that grandparents can provide cultural, social, and economic resources until old
age (Mare 2011; Pilkauskas and Cross 2018). In some societies, grandparents also
co-reside with grandchildren, which may reinforce socialization effects (Zeng and
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Xie 2014). Many social institutions distribute positions and rewards based on family
connections that can outlast a single life. Legacy admissions to U.S. universities are
one such example, as is the putative value of having a good name in high-status
occupations (Knigge 2016; Mare 2011). Tax on inheritance may, as used to be the
case in Sweden, make it profitable to give money to grandchildren rather than
letting the children inherit it.

Despite its theoretical appeal, the idea that grandparents matter has found
mixed support (Anderson et al. 2018). Furthermore, partly because of different
analytical strategies, authors come to different conclusions based on similar results
or sometimes the same data. For example, Warren and Hauser’s (1997:561) analysis
of the Wisconsin Longitudinal Study found that “schooling, occupational status, and
income of grandparents have few significant effects on the educational attainment
or occupational status of their grandchildren when parents’ characteristics are
controlled.” Using the same data, Jeeger (2012:903) concluded that “the total effect
of family background on educational success originates in the immediate family,
the extended family, and in interactions between these two family environments.”

Previous evidence from Sweden is similarly mixed. Some studies report grand-
parent effects, although not necessarily for all dimensions (e.g., Dribe and Helgertz
2016; Lindahl et al. 2015; Modin, Erikson, and Vager6 2013; Modin and Fritzell
2009), whereas others find no or small effects (Stuhler 2014). Our data span cohorts
born in the 1960s and early 1970s, their parents, and their grandparents. The index
generation, the grandchildren, grew up during the heyday of the welfare state,
which may have reduced the role of grandparents. On the other hand, income
inequality was much greater in the grandparent than in the parent generation,
so it is also possible that privileged grandparents had the opportunity to make a
difference for their grandchildren.

The Multigenerational Model

What is the basis for claims made about grandparents in the literature? First,
consider a simple two-generation model where a person’s attained status yc is a
function of his or her parents’ status, yp:

yc =a+ Byp + u. (1)

In this model, ¥ may be a measure of education, occupation, or income. We
use P and C to index parent and child generations—and later, GP to refer to the
grandparents. The interpretation of § in this model is not causal: estimates tell us
little about whether manipulating yp, for example, by raising parents’ education
or redistributing income, would change y¢ by any amount. Instead, B reflects a
bundle of parental characteristics, including genes and a combination of cultural,
social, economic, and other resources, as well as similarities across generations
in structural locations, such as area of residence or ethnic group. Yet, we care
about § because how strongly advantage is transmitted is important regardless of
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how that transmission comes about. Now, let us turn to a model that incorporates
grandparent status, ygp:

yc =« + Bpyp + Bcpycp + u. )

Here, Bp should, just as was the case for 5, not be treated as a causal effect of a
given GP characteristic, but as a proxy for a bundle of GP characteristics. However,
unlike 8 in Eq. (1), Bgp is a conditional effect, and its size depends heavily on
how yp is defined and measured. In general, the simpler the parental model, the
more factors are left in the residual to be picked up by the GP coefficient in the
model. To interpret Sgp as a measure of GP influence therefore requires a leap
of faith. Indeed, given how much parents provide children with (all the child’s
genes, nearly all primary socialization), it would seem safer to assume that ysp
proxies for unobserved characteristics of P rather than GP. Of course, most previous
studies acknowledge this and add a more or less comprehensive conditioning set of
parental variables Xp:

yc = a+ Bpyp + Bcrycr + v Xp +u. 3)

However, the list of control variables is never exhaustive, and a wide variation in
them makes it difficult to compare results across studies (Anderson et al. 2018). The
question we ask here is simple: how would common estimates of fgp change in a
model that takes all observable aspects of P and GP status into account, including the
long-run earnings or income of both mothers and fathers, as well as their education,
occupation, and wealth? By linking and harmonizing Swedish population records,
we have constructed a data set that allows us to do so. We use ordinary least squares
to estimate Eq. (3) but include an unusually rich set of conditioning variables Xp, as
well as a comprehensive coverage of grandparent resources. We also use cognitive
tests from the military draft for a subsample of fathers to assess the sign of remaining
confounding. In a last step, we then go on to show exactly how reducing the detail
and dimension of Xp affects results.

Possible Biases

In estimating the parameters of Eq. (3), several biases, typically stemming from
data limitations, need to be taken into account. Table 1 summarizes the sources of
bias we consider, and we elaborate on how we address each of them below.

Ignoring Multidimensionality

Different indicators such as education, occupation, and income tend to be positively
but imperfectly correlated. Yet all of them predict children’s outcomes, net of the
others. Mood (2017), for example, shows that parents’ social class and income
contribute independently to predicting children’s earnings. Moreover, class and
income are both linked to social origin, as incumbents from higher-class origins
usually enjoy an earnings advantage within a given class (Laurison and Friedman

sociological science | www.sociologicalscience.com 246 June 2020 | Volume 7



Engzell, Mood, and Jonsson

Inequality across Three Generations

2016). For this reason, an analysis of the transmission of class only in three genera-
tions will attribute some of the advantage associated with P income (which is not
observed) to GP social class (which is). A similar argument would apply to studies
that analyze income transmission without accounting for class or studies that focus
exclusively on some third dimension such as education (e.g., Liu 2018; Song and
Mare 2017). In our analysis, we model the multidimensionality of status explicitly
by incorporating income, education, occupation, and wealth in the same model.

Ignoring Mothers

In two-generation studies of the past it was common to assign household status
based on a male breadwinner, to the neglect of mothers. Subsequently, Erikson
(1984) introduced the “dominance approach” where the spouse with the strongest
connection to the labor market, and the higher occupation/class, got to represent
the household’s socioeconomic position. More recent research has shown either
approach that leaves out one spouse (usually the woman) to be untenable (Beller
2009; Hout 2018; Mood 2017). Nevertheless, as Song and Mare (2017) point out, the
neglect of mothers tends to continue in multigenerational research. In such cases,
multigenerational associations may be confounded with the fact that both mothers
and fathers contribute to their children’s attainment. We avoid this problem by
including both mothers and fathers in the GP and P generations.

Ignoring Measurement Error

Measurement error is ubiquitous in survey data. Although the received wisdom
about mismeasured predictors is that they bias associations downwards, in the
multivariate case the opposite is often true: measurement error in an independent
variable will lead some of its association to “spill over” to any correlated variables
that appear together on the right-hand side of the equation (Bohrnstedt and Carter
1971). A common reason for error in survey data is that respondents are fallible and
misreport. Another is the use of proxy variables like homeownership for wealth or
annual instead of lifetime income. Problems compound when measures are limited
in detail: income is often reported in banded form, or education and occupation
collapsed into broader groups. In our case, use of register data means that we
greatly reduce measurement error; education, for example, is constructed from
school records with very high coverage, and incomes are gathered from tax records
over several years. Because reports on GP, P, and C are assembled independently
we can also rule out measurement errors stemming from indirect reporting (e.g., by
a spouse, or one generation reporting on the other).

Incomplete Grandparent Data

In contrast to the previous cases, fgp might be underestimated if data on GP are
more limited than those on P. Due to data availability, the number and quality of
variables in existing studies tend to be biased in favor of the P generation. For one
thing, data often come in several dimensions on parents but only as a single proxy
for grandparents, and some information—such as income—is notoriously difficult
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Table 1: Overview of expected biases in the GP coefficient.

Ignoring Ignoring Ignoring Incomplete Residual Collider
multidimen-  mothers  measurement GP data confounding bias
sionality error
Expected direction of bias + + + - + -

to get retrospectively. A more subtle difficulty is that if a single person is used to
index each generation, then that person will account for a smaller proportion of
potential influencers in the GP generation (being one of four grandparents) than in
the P generation. Measurement error might be larger for GP than P if retrospective
reports are used; this could both increase or decrease net GP associations, however,
as such error is often not random. In our data, we have been able to include exten-
sive, comparable indicators for all four grandparents (income, wealth, education,
and occupation), and we take pains to assure as good coverage as possible in these
respects.

Residual Confounding

There are several additional channels of transmission that might lead us to overesti-
mate Bgp: virtually any unobserved trait of the parents or family environment that
both is shaped by parents’ origins and predicts children’s success. Examples include
parents’ cognitive and noncognitive skills; parental involvement and parenting
“styles;” language codes, habitus, and cultural capital; values regarding the relative
importance of economic success; beliefs about children’s ability and what children
should be expected to do; parental control and social closure; or the socioemotional
climate of the family. Insofar as genetic transmission matters for status attainment,
this is an unobserved variable that pertains wholly to the parental level. Another
omitted factor that can create a spurious GP association is group attributes common
to grandparents and children, such as minority status. As we exclude anyone
with a family presence in Sweden shorter than three generations, our population is
relatively ethnically homogeneous. However, we do address the role of skills and
abilities in the P generation by using fathers’ cognitive test scores from conscription
as a placebo outcome as we describe next.

Collider Bias

Although the potential of an inflated positive Bgp due to unmeasured parental
characteristics is rather intuitive, there is a less intuitive mechanism that can, at least
in theory, operate in the other direction and suppress a positive Bgp. It has recently
become common to talk of this as “collider bias” (Breen 2018; Pearl 2000; Song 2016),
whereas an older term is Berkson’s paradox (Berkson 1946; Pearce and Richiardi
2014). In the intergenerational literature, the mechanism has been noticed by Becker
and Tomes (1979:1171; cf. Goldberger 1989: Section V; Solon 2014). One way to
understand it is as an interaction between ygp and yp: observations with a given
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yp but different y;p may not be exchangeable, because parents who arrived at yp
through a process of downward (upward) mobility could be negatively (positively)
selected on some unobserved trait. Once transmitted to children, this trait will be
picked up by B;p and suppress it towards the null. Assuming that fathers’ cognitive
ability belongs to this list of potential unobserved confounders, our inclusion of it
as a placebo outcome tests this argument: if there is collider bias, we would expect
it to show a negative correlation with GP status at given levels of P status. If the
correlation is the same sign as for children’s status, positive, it implies that residual
confounding is dominant over collider bias.

Data and Definitions

Our data are from Swedish population registers and Census microdata that cover
the entire population up to age 75. We focus on Swedish-born men and women
(the grandchild generation, C) born from 1965 to 1972. Each individual is linked to
biological and any adoptive parents and grandparents using a multigenerational
identifier. The matching, done by Statistics Sweden, is entirely accurate, but age
limits and mortality in the data mean that we cannot match all grandparents. In the
1965 cohort we cover 46 percent of paternal grandfathers and 73 percent of maternal
grandmothers, but coverage increases over cohorts. In the 1972 cohort we cover
69 percent of paternal grandfathers and 89 percent of maternal grandmothers (see
Table S1 in the online supplement). In both generations, adoptive parents are given
priority over biological parents if both exist in the data, so a child can have only
one set of parents. In the case of adoptive parents, their parents are also defined as
grandparents. As is the case in all three-generation models, we must exclude index
persons whose parents were not born in Sweden or cases where all grandparents
were born abroad. We keep all persons who can be linked to at least one parent and
at least one grandparent.

The outcome variable in our main analyses is child yearly earnings from employ-
ment, self-employment, and earnings-related benefits (e.g., sickness or parenting
benefits), averaged over ages 35 to 40. Earnings that are more than four standard de-
viations higher than the average in a given year (around 0.3 percent) are top-coded.
The variable is missing-coded if earnings are missing in more than two years in the
35-to-40 age span, and the final variable is z-standardized within each cohort and for
men and women separately. Our focus is on earnings, but we show results on other
outcomes as well: occupational prestige, educational attainment, school grades, and
enlistment test scores. Earnings are, however, a conceptually attractive outcome. As
a relatively final marker of success, it subsumes the impact of both education and
occupation (Mood 2017). It also lets us cover extended family influence—through
social networks, for example—in the labor market (cf. Knigge 2016) and is more
normally distributed than wealth (Killewald, Pfeffer, and Schachner 2017).

The main predictor in the GP generation is income, constructed as follows: For
each year, 1968 to 1972, we define the disposable family income of each of the
four grandparents as the within-family sum of all incomes (net of taxes). Zero and
negative incomes (0.6 percent of the sample) are missing-coded, and incomes above
four standard deviations are top-coded. We then standardize this variable (mean 0,
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standard deviation 1) within groups based on grandparents’ birth cohort and sex.
We take the average over the years 1968 to 1972 for each grandparent and repeat
this procedure across all grandparents. If any grandparent is missing, the non-
missing ones are used. By observing all grandparent incomes during the same time
period we eliminate differences due to changes in taxation and available benefits,
and by standardizing within cohort we neutralize the impact of grandparental age
differences.

Our main interest is in the net association between GP income and C earnings,
varying the range of parental attributes that the model conditions on. As control
variables in the P generation, we use the income, education (level and field of study),
social class, occupation, and wealth of both parents as described in detail below.

Mother earnings and father earnings are defined as annual earnings, including
earnings-related benefits, averaged over ages 44 to 55. Before taking the average,
annual earnings are z-standardized by calendar year, cohort, and sex, and earnings
above four standard deviations are top-coded. We construct parental earnings as
the average of mother and father earnings.

Parental social class is coded from records about occupation in the Censuses of
1960, 1970, 1975, 1980, 1985, and 1990. Priority is given to the occupations that the
parents held when the child was aged 10 to 15. All censuses are, however, used in
order to get as many nonmissing records as possible. Class mobility among adults
is low (Jonsson, 2001), so this procedure is unlikely to be problematic. Occupations
are coded into 82 microclasses (Jonsson et al. 2009) and seven Erikson—-Goldthorpe
(EGP) classes: I = upper middle class (professionals, higher administrative, execu-
tives), II = middle class (semiprofessionals [e.g., nurses], midlevel administrative,
low-level managers), III = routine nonmanual (clerks, secretaries, office workers),
IV = self-employed, V = farmers, VI = skilled manual workers, and VII = unskilled
manual workers (Erikson and Goldthorpe 1992).

Parental education is included for each of the parents separately, measuring level
and field for the highest completed level of education (the International Standard
Classification of Education [ISCED], 47 categories) according to the education
register. We use the most recent information available (later information is more
reliable due to revisions of the register).

Parental wealth is measured for each parent as the average net worth of the five
“best” years between 1968 and 1989, that is, the years with the highest registered
taxable wealth. The average of the mother’s and father’s wealth is then top-coded
at four standard deviations above the mean within each cohort and standardized
per cohort. We also tested wealth defined as the average over the whole period
or for two subperiods with very different taxation limits (1968-1977; 1978-1989),
and as categories, but the chosen definition had the strongest association with child
earnings.

In additional analyses, we also include GP social class (EGP) and wealth. Both
are measured identically to that of parents, class in the Censuses of 1960, 1970, and
1975, and GP wealth in 1968 through 1989. GP education is measured with a slightly
reduced, five-category, variable due to the smaller variation in education in the
older cohorts. In analyses in the online supplement, child occupation is measured
as the Standard International Occupational Prestige Scale (SIOPS; Treiman 1977),
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with priority given to the occupation held at ages 38 to 42, and child education
is measured in years as estimated from educational level and field. For the 1972
cohort, we also include child school grades, measured as the average of all grades
received at age 15. For men, we include cognitive test results from the military draft
at age 18.

As control variables, all analyses also include child cohort dummies and the age
of parents and grandparents together with its square term. Parents’ age is measured
as the average over both parents at the child’s year of birth (on average, fathers are
three years older than mothers, the gap decreasing from 3.3 to 2.7 years from cohort
1965 to 1972). Extreme values (normally due to adoptions) are missing-coded. GP
age is measured in 1970 as an average of the age of all grandparents recorded in
the data. The number of valid observations is displayed in Table S1 in the online
supplement and ranges from 87,977 to 95,574 per cohort, resulting in an N of 733,913
in total (51 percent men). Table S2 in the online supplement assesses robustness of
results to differential selection of grandparents by estimating our main results for
each cohort separately.

Baseline Results

A first look at intergenerational associations is provided in Figure 1, which plots
expected child earnings (in standard deviations) by child gender at each percentile
of P and GP income. For the GP-C association, we distinguish between the un-
conditional expectation and that after conditioning on parent attributes: earnings,
occupation, and wealth. The graph superimposes the least-squares lines of best lin-
ear fit for each association. Corresponding regression results are provided in Table 2
(upper half). All income and earnings variables are standardized, so coefficients
can be interpreted as correlations.

Two- and Three-Generation Associations

Our regression of child earnings on parent earnings (Figure 1, Table 2) yields a
correlation of 0.29 (men, 0.30; women, 0.27), broadly in line with previous two-
generation research for Sweden, and implying that one standard deviation earnings
difference among parents translates into an expected difference in the child gen-
eration of slightly more than a fourth of a standard deviation. Although it is not
shown in Figure 1, the GP-P association is higher at 0.35, a third of a standard
deviation, which may represent an equalization over historical time in the intergen-
erational transmission of inequality in Sweden (although we must caution against
the difference in sample characteristics).

If income transmission were a unidimensional Markov process—independent
of class, education, or wealth—we would expect the bivariate association GP-C to
amount to a mere 0.08 (0.292). The GP—C association we observe is much stronger
and roughly half the size of the P-C association (men, 0.16; women, 0.13). This ratio
is similar to previous three-generation studies for Sweden (Adermon, Lindahl, and
Palme 2019; Adermon, Lindahl, and Waldenstrom 2018; Lindahl et al. 2015).
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Child's earnings (z-standardized)

Sons, earnings by P

B Sons, earnings by GP
Sons, earnings by GP net of P
Daughters, earnings by P
Daughters, earnings by GP
Daughters, earnings by GP net of P

0 2 4 6

P earnings/GP income (z-standardized)

Figure 1: Associations between P and C earnings, and GP income and C earnings with and without P controls.
Note: The figure shows expected C earnings at each percentile of P earnings and GP income, separated by C
gender. Estimates for the GP association are shown before (red) and after (yellow) adjusting for covariates:
earnings, education, and wealth of both parents; parent age and age squared; and child birth cohort. Overlaid
regression lines are estimated on the underlying (ungrouped) data; dashed lines for women, solid for men.
Income and earnings have been standardized within calendar year, cohort, and gender. Regression estimates
are reported in Table 2 (upper half). N=359,885 sons; 340,866 daughters.

Residual Three-Generation Associations

Our next question is what happens to the GP-C association once we condition on
parent attributes, and the answer is that it shrinks dramatically. When controlling
for parental earnings, the GP coefficient is reduced to 0.07 (men) and 0.05 (women).
However, controlling only for earnings is an insufficient representation of what
parents bring to the dyadic relation with their children. Two-generation models
typically acknowledge, beside economic factors, the importance of educational,
social, and cultural resources, as well as the strong inclination of children to follow
in their parents’ footsteps in terms of occupations and social class attainment (e.g.,
Erikson and Goldthorpe 1992; Jonsson et al. 2009; Sewell and Hauser 1975). In
line with this, the last set of estimates in Figure 1 show the GP-C association
after controlling for parents’ earnings, education, class, occupation, and wealth—
predictors that all have net positive associations with child incomes (Mood 2017).
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Table 2: Regression results underlying displays in Figures 1 and 2.

Son’s earnings (N=359,885) Daughter’s earnings (N=340,866)

Only GP Only P GP +P GP + full P Only GP  Only P GP +P GP + full P
income  earnings earnings controls income  earnings earnings controls
Grandparent income 0.163 0.065 0.027 0.137 0.047 0.013
Parent earnings 0.302 0.278 0.274 0.257
Father earnings 0.157 0.108
Mother earnings 0.083 0.114
All parent controls Yes Yes
R-squared 0.026 0.087 0.091 0.116 0.019 0.071 0.073 0.092
Son’s earnings (N=396,473) Daughter’s earnings (N=375,251)
Only GF Only F GF+F GFEGP+full OnlyGF OnlyF GF+F  GFEGP + full
EGP EGP EGP controls EGP EGP EGP controls
Paternal ~ grandfather
EGP
(ref upper service class)
Mid service —0.175 —0.115 —0.039 —0.147 —0.085 —0.013
Low nonmanual —0.278 —0.143 —0.041 —0.249 —0.121 —0.019
Self-employed —0.321 —0.145 —0.048 —0.279 —0.121 —0.023
Farmers —0.380 —0.135 —0.034 —0.309 —0.111 —0.009
Skilled manual —0.406 —0.203 —0.070 —0.350 —0.168 —0.037
Nonskilled manual —0.448 —0.220 —0.073 —0.393 —0.189 —0.044
Missing occupation —0.378 —0.193 —0.080 —0.297 —0.135 —0.028
Not in census —0.421 —0.222 —0.089 —0.334 —0.163 —0.048
Father EGP
(ref upper service class)
Mid service —0.251 —0.236 —0.237 —0.223
Low nonmanual —0.412 —0.391 —0.378 —0.360
Self-employed —0.519 —0.501 —0.456 —0.440
Farmers —0.677 —0.656 —0.438 —0.423
Skilled manual —0.599 —0.570 —0.525 —0.500
Nonskilled manual —0.678 —0.649 —0.594 —0.569
Missing occupation —1.085 —1.052 —0.880 —0.858
All parent controls Yes Yes
R-squared 0.010 0.056 0.058 0.115 0.007 0.040 0.041 0.090

Note: The table shows regressions of C earnings on GP/P income (top) and GP/P social class (bottom), separated by C gender. Income
and earnings have been z-standardized so that regression coefficients can be interpreted as correlations. Full controls include the
earnings, occupation, education, and wealth of both parents; parent age and age squared; and child birth cohort. GF = grandfather, F =

father.

sociological science | www.sociologicalscience.com 253

Once we consider this multidimensional nature of the parent-child relationship, the
remaining GP-C association all but disappears: it is reduced to 0.03 for men and
0.01 for women.

Additional Child Outcomes

We have focused on child earnings, as we believe net grandparent associations
to be more likely here than for causally upstream variables such as education.
Earnings include the influence of education but also things like connections in
the labor market, where a grandparent’s social or reputational capital may matter.
In Table 3, we introduce additional outcomes: occupational prestige, educational
attainment, school grades, and cognitive test results. As in our earlier analyses,
the main predictor is GP income, and P covariates include the full set described
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Table 3: Regression analyses using alternative child outcomes.

Occupational Years of School grades Cognitive test
status (SIOPS) schooling (1972 cohort results (sons
only) only)
Sons
P earnings, bivariate 0.285 0.314 0.309 0.213
GP income, bivariate 0.200 0.217 0.205 0.196
GP income after P controls 0.016 —0.003 —0.008 —0.004
N 318,155 359,491 44,385 308,147
Daughters
P earnings, bivariate 0.262 0.276 0.273
GP income, bivariate 0.182 0.177 0.182
GP income after P controls 0.005 —0.015 —0.015
N 318,603 340,625 42,809

Note: The table shows regressions of various child outcomes on GP income and P earnings, separated by C
gender. Outcomes and predictors have been z-standardized so that regression coefficients can be interpreted
as correlations. Full controls include the earnings, occupation, education, and wealth of both parents; parent
age and age squared; and child birth cohort. Occupational status is from age 38 to 42 for the majority of
respondents. Years of schooling have been converted from the highest completed level of education (ISCED,
47 categories). School grades are the grade point average in the student’s 16 best subjects at the end of
compulsory school (age 15). Cognitive test results are from the military draft at age 18, which was mandatory
for all men in these cohorts.

above. As expected, the net GP associations for these variables are even smaller:
all within 0.01 to 0.02 decimal points from zero and in some cases negative. This is
despite the fact that the relative size of the GP association without controls is large:
about two-thirds the size of the P earnings coefficient for occupation, education,
and school grades, and more than 90 percent of the P earnings coefficient for sons’
cognitive test results from conscription, compared with a mere third in the earlier
results for C earnings.

Additional Grandparent Predictors

One implication of our multidimensional perspective is that not only will GP and
P income independently predict C earnings, but so will GP and P social class, or
any other stratifying dimension. Figure 2 illustrates this, again using C earnings as
the outcome but with class as the status variable in prior generations—coded from
the father’s and paternal grandfather’s occupation and grouped according to the
EGP schema. Like before, we see a sizeable association over three generations, but
little evidence of a net GP “effect” once differences among parents in additional
dimensions are taken into account.

Could it be, however, that by focusing on one GP characteristic at a time while
including the full range of P controls, we unfairly tilt the playing field against
grandparents? To test a fuller set of GP characteristics, we estimate a model that
includes all four (when available) grandparents’ income, education, social class,
and wealth. Table 4 shows the R-squared from these regressions, before and after

sociological science | www.sociologicalscience.com 254 June 2020 | Volume 7



Engzell, Mood, and Jonsson

Inequality across Three Generations

4

o)
o}
N
o
—
I 2
C
@®
Y
P
N
(2] 0
g’ B
= -
—
@®
o
»w .2
o
c
O

-4

o"} \;z}
& &
b@ 6@
N N
A S
\)Q"o )

X . 2 <
¢ K& & ¢ ¢ ¢
S & & & &

=g N

Sons, earnings by father EGP

B Sons, earnings by GF EGP
Sons, earnings by GF net of father
Daughters, earnings by father EGP
Daughters, earnings by GF EGP
Daughters, earnings by GF net of father

O

N W ) é\(\g
) . S P
&Y

Parents'/grandparents' EGP

Figure 2: Associations between P social class and child earnings, and GP social class and child earnings with
and without P controls. Note: The figure shows expected C earnings at each value of P and GP social class,
separated by C gender. Social class is coded from the father (F) and paternal grandfather (GF). Estimates for
the GP association are shown before (red) and after (yellow) adjusting for covariates: earnings, education,
and wealth of both parents; parent age and age squared; and child birth cohort. Markers are connected with
dashed lines for women, solid for men. Earnings have been standardized within calendar year, cohort, and
gender. Regression estimates are reported in Table 3 (lower half). N=396,473 sons; 375,251 daughters.

controlling for parental variables in their entire dimensionality. The contribution of
the full set of GP indicators together in explaining adult grandchildren’s income
amounts to a fifth or a tenth of a percent of the total variance—that is, a modest
amount. Thus, even taking a multitude of grandparental resources into account,
with appropriate controls at the parental level, the GP-P-C associations form an
almost perfect Markov chain.

Heterogeneity and Residual Confounding

A common argument in the literature is that GP associations that are small on aver-
age may nevertheless hide pockets of inequality where a prominent grandparent
matters more (Mare 2011; Pfeffer 2014). There is a strong theoretical argument for
rich grandparents compensating their grandchildren when parents lack resources
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Table 4: R-squared from regressions of child earnings on full set of GP variables with and without P controls.

R-squared
Grandparent  Parent Parentsand  Grandparent
variables variables grandparents contribution
only only

Sons
GP income, EGP, wealth, education 0.039 0.115 0.117 0.002
GP income 0.026 0.115 0.116 0.001
GP EGP 0.020 0.115 0.116 0.001
GP wealth 0.014 0.115 0.116 0.001
GP education 0.009 0.115 0.116 0.001
N 359,883
Daughters
GP income, EGP, wealth, education 0.029 0.092 0.093 0.001
GP income 0.019 0.092 0.092 0.000
GP EGP 0.014 0.092 0.092 0.000
GP wealth 0.010 0.092 0.092 0.000
GP education 0.008 0.092 0.092 0.000
N 340,864

Note: The table shows R-squared from a set of regressions analogous to those in Tables 2 and 3 but
expanding the number of GP predictors to include the income, education, social class, and wealth of all four
grandparents (when available). Full controls include the earnings, occupation, education, and wealth of both
parents; parent age and age squared; and child birth cohort.

(e.g., Bengtson 2001; Song 2016) and some previous support for this (Anderson et al.
2018; Deindl and Tieben 2016; Jeeger 2012). On the other hand, in two-generation
models, economic advantages tend to be amplified at the higher end of parental
resources (Bjorklund, Roine, and Waldenstrom 2012; Bratsberg et al. 2007).

We test for heterogeneity by letting the GP—C association vary by each tertile of P
total earnings. We then address remaining omitted variable bias by seeing whether
parents with the same status but different levels of GP income are really comparable.
To this end, we use fathers’ cognitive test scores from military conscription at age 18.
Draft records are only available from 1968, so we are left with a smaller subsample
of 8,266 children, their parents, and their grandparents. Our reanalysis of C earnings
regressions by P earnings bands closely resembles our earlier estimates for the full
sample but reveals an additional result (Figure 3, top): net GP associations are
almost exclusively concentrated to the bottom third of P earners, in line with earlier
results from this literature (Anderson et al. 2018).

Next we repeat the analysis with fathers’ cognitive test results as the outcome
(Figure 3, bottom). Despite extensive controls for both parents’ education, occu-
pation, and earnings, we find a similar pattern, roughly double in strength: GP
income remains positively associated with fathers’ conscription test scores, and this
is most marked in the bottom third of P earnings. We take this as evidence that even
in our most extensively controlled model above, residual confounding remains
nonnegligible. This leads us to refrain from interpreting the interaction between GP
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Figure 3: Net GP association with C earnings and father cognitive score by P earnings tertile, including full
parental controls. Note: The figure shows net associations between GP income and C earnings (top panels)
and using fathers’ cognitive test scores as a placebo outcome (bottom panels), by tertiles of P earnings.
Cognitive test results are from fathers’ military conscription at age 18 and restricted to fathers born after
1950. All associations adjust for earnings, education, and wealth of both parents; parent age and age
squared; and child birth cohort. GP income has been binned into 20 equal frequency intervals; markers
show the conditional mean within each. Regression lines of best fit are shown estimated on the underlying
(ungrouped) data. Slope estimates for C earnings are: 0.068 (top, left), 0.020 (top, middle), 0.014 (top, right),
and for fathers’ cognitive test scores: 0.121 (top, left), 0.089 (top, middle), 0.046 (top, right). N=8,266 children
(sons and daughters).

and P status as evidence that GP resources have a compensatory function at low
levels of P resources. Instead, a more plausible explanation seems to be that stan-
dard socioeconomic controls are not successful at absorbing all relevant differences
between parents, and this is especially true at low levels of parental status.

Explaining Variation in the Literature

Our analyses so far show that taking a multidimensional view on advantage, in-
cluding both mothers and fathers, and drawing on high quality register data with
nearly no measurement error, reduce the net GP associations to a trivial size. Our
analysis of fathers’ conscription test scores as a placebo outcome suggests that the
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small net GP associations we are left with are still upwardly biased. Nevertheless,
the question remains what explains the variety of results in earlier studies. The
unique nature of our data means that we cannot extend our approach to other
contexts. However, we can turn the question on its head by asking, what would the
less well-measured models common in the literature make of our data? Keeping the
population and institutional setting constant in this way, we learn precisely what
influence data and model selection have on the results. In this exercise, we draw
inspiration from recent approaches to multimodel inference (Simonsohn, Simmons,
and Nelson 2015; Young and Holsteen 2017).

Existing studies sometimes fail to take a fully dimensional view of stratification,
whereas we have done so by including every common status indicator in the same
analysis. Now we successively exclude status dimensions in the P generation to
see how this impacts estimates. Consequently, we use the following seven sets of
controls: (i) P earnings, occupation, and education; (ii) P earnings and occupation;
(iii) P earnings and education; (iv) P occupation and education; (v) P earnings only;
(vi) P occupation only; (vii) P education only. Moreover, it is common to model
patrilineal associations to the exclusion of mothers, and we therefore estimate
models with (viii) and without (ix) mothers, increasing the number of models to
7 x 2 = 14 (each set of controls with and without mothers). Another source of bias
we consider is measurement error in both detail and reliability, as we describe next.

Common for existing studies is that variables often appear in categorical form
where much of the variation may be lost: three or four categories for education or
occupation; quantiles for income or wealth. We distinguish three levels of detail:
“high,” “medium,” and “low.” High detail (x) refers to our full model above: the
standardized total income of all grandparents, standardized earnings of the child
and both parents, and father’s and mother’s educational level in 47 categories and
occupation in 82 microclasses. For medium detail (xi), we rank-transform income
and earnings measures for GP, P, C and collapse P education and occupation in
broader categories: five categories for education (ISCED) and seven categories for
occupation (EGP). Low detail (xii) has income and earnings for GP, P, C transformed
to quintiles and P education and occupation as binary (respectively, college and
service class versus all others). This further increases the model count to 14 x 3 = 42.

Our data also differ from common survey data sets in the amount of error. The
fact that education measures are reported directly by educational institutions and
incomes constructed from tax records over several years means that we almost
wholly avoid the misreporting that hampers survey data. Therefore, we reestimate
models with (xiii) no added error, (xiv) 10 percent noise, and (xv) 20 percent noise.
Although the latter figure appears realistic for survey misreporting (Bingley and
Martinello 2014; Breen and Jonsson 1997), it is still on the lower side as it does
not account for additional sources of error, such as when substituting annual for
lifetime income. We create the error-prone measures by pairing each observation
with a randomly chosen match of the same gender, then averaging the two with
weight w = {0,0.1,0.2} assigned to the false value. For categorical variables, we
randomly round up or down to the closest integer. These three scenarios lead to a
final count of 42 x 3 = 126 models. For both the errors of detail and reliability, we
apply the same standard to all three generations.
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Figure 4: Net GP association with C earnings from 126 models varying the model components. Note: The
figure shows net associations between GP income and C earnings from a set of 126 alternative models.
Each estimate comes from a different model, where models are formed by varying the number of status
dimensions (all or a subset of P education, occupation, and earnings); parents covered (both or fathers only);
level of measurement (high, medium, low); and imputed errors of observation (none, 10 percent, or 20
percent). Income and earnings have been z-standardized so that estimates reflect correlations. The bottom
panel displays the combination of components for each model. Models with lower detail and reliability
apply the same standard to all three generations (GP, P, C). Our preferred model is the leftmost one, which
includes controls for the earnings, occupation, and education of both parents at the most detailed level of
observation, and with no error added. All models additionally include controls for parent age and age
squared, and child birth cohort and gender. Error bars display 95 percent confidence intervals. N=700,751
children (sons and daughters).

The top panel in Figure 4 shows the estimated GP coefficient across the set of
126 models, ranked from lower to higher, whereas the bottom panel shows the
ingredients of each model. Our preferred estimate of 0.027 is easily doubled in
data of even quite high quality, for example in a model without measurement error
but with P variables somewhat coarsely measured.! Even more worryingly, a (not
uncommon) data set with income measured in bands, for fathers only, and with
some error returns a comparatively strong net association of about 0.10. Almost any
deviation from our preferred model contributes to lifting the association to a level
that many would find hard to ignore.
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Figure 5: Distribution of net GP association with C earnings, conditional on model components. Note: The
figure shows the density distribution of point estimates for the net association between GP income and C
earnings from a set of 126 alternative models, separated by various model components. Top left: number of
status dimensions controlled (all or a subset of P earnings, occupation, and education). Top, right: number of
parents covered (both, fathers only). Bottom, left: level of detail (high, medium, low). Bottom, right: amount
of imputed error (none, 10 percent, or 20 percent). Dots indicate the median; boxes the interquartile range.
Income and earnings have been z-standardized so that estimates reflect correlations. All models include
controls for parent age and age squared, and child birth cohort and gender. N=700,751 children (sons and

daughters).

Although the 126 models in Figure 4 contain many combinations that can be
identified in existing studies (see Table S3 in the online supplement), it is perhaps
more illuminating to study the distribution of estimates, conditioning on one opera-
tional choice at a time. This we do in Figure 5, where results can be used to show
which types of deviations from the ideal model produce the most overestimated GP
effects.

Figure 5 shows the density distribution of point estimates for the net GP-C
association separated by the number of status dimensions controlled (top, left), the
number of parents covered (top, right), the level of measurement (bottom, left), and
amount of imputed error (bottom, right). Dots indicate the median, whereas the
bars indicate the interquartile range. Ignorance of multiple status dimensions and
mothers appear to be most consequential. As for the scale level, the rank trans-
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formation produces correlations of a similar size as metric variables. Coarsening
measures to the level of quintiles (and binary indicators for education/class) raises
the size of the net GP association quite dramatically. In contrast, measurement error
(within our probably conservative range) does not appear to create big problems,
although it increases the dispersion of estimates and hence the upper bound for the
GP estimate.

Conclusion

The last decade has seen a growth of interest in multigenerational processes in
the transmission of advantage (Pfeffer 2014; Anderson et al. 2018). Many studies
have shown that status—whether measured as education, earnings, occupation,
or wealth—tends to persist within families to a greater degree than a first-order
one-dimensional Markov process would suggest. Our study is no exception. We
find that the correlation between GP income and C earnings is roughly twice what
we would expect by extrapolating from the two-generation association. Taken on
its own, this evidence is consistent with the idea that grandparents exert a direct
influence on status attainment. But it is consistent with many other models too
(Lundberg 2020; Stuhler 2014). We have subjected the three-generation model to a
more stringent test than has hitherto been possible and found that all this excess
persistence can plausibly arise from failure to observe salient differences between
parents.

Our analysis establishes four facts that should caution against overinterpreting
residual GP-C associations. First, and perhaps least surprising, much of the associa-
tion disappears in our data once we take a multidimensional view of stratification
and give mothers their due recognition. Second, inspection of personal traits in the
middle generation—here, fathers’ cognitive ability—shows that even a model that
controls extensively for both parents’ education, earnings, occupation, and wealth
still suffers from omitted variable bias that inflates the GP-C association. Third,
one of the few robust results from this work—that of “compensating” effects of GP
status at low levels of P status (Anderson et al. 2018)—emerges as a consequence of
the greater difficulty of observing status accurately at the lower end of the distribu-
tion. Fourth, by mimicking the quality of common survey data sets it is possible to
generate results that span much of the range of previous work. That the size of the
estimated GP coefficient depends inversely on data quality is an important finding,
as it is one that meta-analysis has failed to detect (Anderson et al. 2018).

In light of the mixed results in the literature, much current work has shifted
focus from asking whether grandparents influence grandchildren in the general
population to addressing a set of more specific questions about when, why, and
how influence may be heightened. Much of this effort targets conditions where the
likelihood of contact is greater: for example, with greater residential proximity (Bol
and Kalmijn 2016; Zeng and Xie 2014) or overlap in lifespans (Braun and Stuhler
2017; Sheppard and Monden 2017). We have not tested for these interactions
here, but Dribe and Helgertz (2019) do so using similar data as ours and fail
to find any support for these hypotheses. Likewise, Anderson et al. (2018:136)
conclude in their comprehensive review that, with a few notable exceptions, “there
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have been consistent null results” for this idea. It therefore seems that, except in
specific cultural contexts (Zeng and Xie 2014), further exploration of this “contact
hypothesis” has limited promise.

Does this mean that we should abandon the multigenerational agenda as set
out in Mare’s (2011) presidential address? Such a conclusion would be premature,
but perhaps not for the obvious reasons. An immediate objection is that our results
pertain to a specific time and place: although grandparents may contribute little in
contemporary Sweden, the same may not hold for other countries, time periods, or
subpopulations. This is no doubt true, but fails to notice the wider point we have
illustrated of just how sensitive common models of “grandparent effects” are to
insufficient data. To be clear, we are not claiming that grandparents never contribute
to their grandchildren’s economic well-being or status attainment; it is just that
existing studies do not provide compelling evidence on that point. Therefore,
although we cannot and would not rule out a direct influence of grandparents in
other contexts, our findings cast considerable doubt on the potential of standard
designs to distinguish such influence from model artefacts.

We believe that research in this area should be careful to distinguish two strands
of work: one on “grandparent effects” and one more broadly concerned with
multigenerational mobility. The “grandparent effects” literature attempts to answer
whether a coefficient on GP status enters positively into a multivariate regression
and goes on to give that coefficient a causal interpretation. It is understandable that
this interpretation has captivated sociologists, as it is both plausible and relatable:
many of us have experienced deeply caring and meaningful relationships to kin
beyond our nuclear family. The problem is that the research design used is not
informative about this question, and wide variety in sample characteristics makes it
difficult to compare results across studies. If the question is whether grandparents
directly influence their grandchildren’s attainments, more credible research designs
are needed, including quasi-experimental designs. However, a narrow focus on
causal inference fails to notice the full breadth of Mare’s (2011) original agenda.

The long-run persistence of status matters regardless of whether that transmis-
sion occurs through parents or not. Earlier two-generation research has arguably
been productive because it persevered in accumulating a broad base of comparable
evidence (Goldthorpe 2005). From this perspective, the first problem about the
grandparent literature is that it lacks coherence: whether the GP coefficient reaches
significance or not is simply too dependent on arbitrary sample characteristics to
build a cumulative evidence base. More robust metrics include bivariate status
correlations across various degrees of kinship or the decay of such correlations
across multiple generations (Braun and Stuhler 2017; Lundberg 2020). Work is also
needed to flesh out the differences between various models, including those based
on surnames (Santavirta and Stuhler 2019; Torche and Corvalan 2018) or dynastic
models that aggregate information across individuals (Adermon, Lindahl, and
Palme 2019; Héllsten and Kolk 2019). Given the increased availability of historical
microdata (Song and Campbell 2017; Song et al. 2020) there is scope for much more
research in this vein in the years to come.
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Notes

1 To keep this analysis tractable, we have not included P wealth, which explains why the
preferred estimate is slightly larger than in our main analysis.
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