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Alike in Many Ways: 
Intergenerational and Sibling Correlations of Brothers’ Earnings* 
 
We model the correlations of brothers’ life-cycle earnings separating for the first time the 
effect of paternal earnings from additional residual sibling effects. We identify the two effects 
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framework. Our multi-person model of earnings dynamics distinguishes permanent earnings 
from transitory – serially correlated – shocks, allows for life-cycle effects and nests the 
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correlations. Using data on the Danish population of father/first-son/second-son triplets we 
find that sibling effects explain between one fourth and one half of inequality in life-cycle 
earnings, and largely account for individual differences in earnings growth. Intergenerational 
associations account for a considerable share of overall sibling correlations, between 30 and 
60 per cent from youth to maturity. We also find that transitory shocks are correlated across 
family members, in particular between brothers. Extensions of the model show a distinctive 
effect of mothers’ human capital on top of fathers’ earnings and no evidence of differential 
intergenerational transmission between brothers. 
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1. Introduction 

Explaining the inequality of individual outcomes on the basis of family background is the 

subject of a vast literature in economics, sociology and other disciplines. Solon (1999), 

Björklund and Jännti (2009) and Black and Devereux (2011) document the progress made by 

economists in this field over the past twenty years, illustrating various angles from which one 

can look at the importance of family background. Among these, intergenerational and sibling 

studies represent two prominent research approaches: the first explicitly considers the parent-

child transmission, while the second provides a broader view on family and community 

influences. 

How much of the correlation in sibling outcomes is due to intergenerational 

transmission? Answering this question is key for understanding the channels through which 

outcomes are transmitted within the family and informing policy making (Solon, 1999; 

Björklund and Jännti 2009; Black and Devereux, 2011). Yet, a direct empirical answer to this 

question is still missing in the literature. This paper provides such an answer by developing an 

econometric model of intergenerational and sibling correlations in life-cycle earnings. 

We contribute to the literature in several ways. This is the first paper that studies 

intergenerational and sibling correlations of earnings jointly within a unified framework. We 

draw data from administrative registers of the Danish population and model earnings 

dynamics within father/first-son/second-son triplets. Using these triplets provides 

identification of intergenerational effects separately from residual sibling effects within the 

overall sibling correlation. Our model nests the ones of previous research that have focussed 

either on intergenerational or sibling correlations.  

The siblings and intergenerational literatures have complemented each other over the 

past twenty years, although indirectly. With a focus on permanent incomes, Solon (1999) 

shows analytically how the sibling correlation can be decomposed into a part due to 

intergenerational income elasticity and a residual sibling effect. Subsequent research has been 

using this decomposition in calibration, by combining statistics of intergenerational and 

sibling associations estimated for different families and from separate studies. Instead, in this 

paper we provide a direct decomposition of sibling correlations. We estimate the importance 

of parental earnings to be much larger than previously thought on the basis of calibrations, by 

a factor as large as twelve. 

Our second contribution is to bring together insights from the sibling and 

intergenerational literatures with the literature on individual earnings dynamics. Moffitt and 

Gottschalk (1995) have pioneered an approach to the analysis of individual earnings dynamics 
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that has opened up a stream of empirical research. For the first time we apply this approach to 

the analysis of earnings dynamics of multiple blood-relatives.1 Our model allows for 

individual heterogeneity in earnings growth and serially correlated transitory shocks. In this 

way we are able to tackle life-cycle biases and transitory shocks, which are the estimation 

issues plaguing the study of intra-family earnings correlations. Previous studies have dealt 

with these issues either taking averages of individual earnings over several points-in-time to 

integrate out transitory shocks or limiting the analysis to a specific age range to mitigate life-

cycle biases. Both approaches entail a loss of information. Furthermore, there is a tension 

between the two approaches in that the time interval required for integrating out shocks of 

even moderate persistence is longer than the one in which the life-cycle bias is considered 

minimized. We take an entirely different route and model both sources of bias, which enables 

us to avoid informational losses and to show how intergenerational and siblings correlations 

evolve between the ages of 21 and 45, a much longer portion of the life-cycle compared with 

previous papers.  

We also make other contributions to the literature. Our model allows for intra-family 

correlation of transitory shocks, something that has not been considered in previous 

intergenerational or sibling research, and which can potentially yield results on the direction 

of the bias from transitory errors that are opposite to the usual attenuation. In one extension of 

the model we assess what is the role of mothers’ human capital over and above paternal 

earnings in shaping inequality of permanent earnings. In another extension, we estimate the 

extent of differential intergenerational transmission between brothers. 

Previous research for Denmark has estimated the sibling correlation of permanent 

earnings to be around 0.25 between the ages of 30 and 40 (Björklund and Jännti, 2009). While 

confirming this finding, our results show that such correlation varies considerably over the 

life-cycle, and is larger than 0.3 before age 30 and after the age of 40. The u-shaped life-cycle 

pattern is due to the combination of two distinct factors. First, sibling effects (of 

intergenerational or environmental natures) are the predominant factor determining 

heterogeneity in earnings growth over the life-cycle. Second there are cross-overs of 

permanent earnings within birth cohorts: there is a negative association between starting 

earnings and earnings growth, so that the intra-generational distribution of permanent 

earnings first shrinks and then fans out over the life-cycle. Since earnings growth is mainly a 

                                                           
1 The one study of multi-persons earnings dynamics that we are aware of is Ostrowsky (2012), who analyzes 
spouses’ earnings in Canada. He builds on the earlier work of Hyslop (2001) who modeled the covariance 
structure of spouses’ earnings in the US, but without allowing for life-cycle effects.  
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sibling effect, the compression/decompression occurs through the sibling component, 

generating the u-shaped pattern of sibling correlation. 

We find that intergenerational associations account for a considerable share of the 

overall sibling correlation. This share varies over the life-cycle and becomes prominent after 

the age of 30. In general, the share of the sibling correlations that can be ascribed to paternal 

earnings fluctuates between 30 and 60 percent between the ages of 21 and 45, thus being 

between six to twelve times larger than what has been suggested by previous research for 

Denmark on the basis of indirect calibrations (5 percent).  

We also find that transitory shocks are correlated across family members, in particular 

between brothers. Extensions of the model show a distinctive effect of mothers’ human 

capital on top of fathers’ earnings and no evidence of differential intergenerational 

transmission between brothers. 

 

2. Related literatures and our contributions 

It is beyond our scope to provide a detailed account of the vast literature on the analysis of 

family influences and individual outcomes. Rather, in this section we discuss previous studies 

that are more closely related to our paper and the literatures to which we provide a 

contribution.2 

The theoretical background for the analysis of family effects is usually traced back to 

the contributions of Becker and Tomes (1986). In their model, parents care about the lifetime 

earnings of their children and maximize utility by choosing between own consumption and 

investment in child earnings capacity. Offspring outcomes depend also on other productive 

endowments which are transmitted through the generations. As a result, lifetime earnings are 

transmitted intergenerationally, through parental incomes and productive endowments.  

The works of Solon (1992) and Zimmerman (1992) represent seminal contributions to 

the empirical research on intergenerational income mobility. Both studies demonstrate that 

research preceding them substantially underestimated the intergenerational elasticity (IGE) of 

incomes. This occurs because those studies use measures of parental incomes that are 

mixtures of long-term incomes and transitory income shocks, the latter being equivalent to 

classical measurement error. Both authors show that averaging point-in-time data on parental 

incomes over a limited number of time periods is sufficient to mitigate measurement error and 

raise the income IGE for the US to substantially higher levels than previously thought, 0.4 

                                                           
2 Recent detailed accounts of the literature are provided by Bjorklund and Jannti (2009) and Black and Devereux 
(2011). 
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versus 0.2. Mazumder (2005) further investigates the issue by considering the impact on the 

estimated IGE of averaging fathers’ incomes on longer time windows than the four- or five-

years used by Solon (1992) and Zimmerman (1992). When transitory shocks are not purely 

transitory but are characterized by serial correlation, the measurement error on permanent 

incomes becomes more severe and harder to integrate out, a point already acknowledged both 

by Solon (1992) and Zimmerman (1992). Indeed, simulations by Mazumder (2005) show that 

a moderate (0.5) degree of serial correlation in transitory incomes requires 30 years of data for 

measurement error to be integrated out almost entirely. Using data on sixteen-year income 

strings for fathers, Mazumder’s best estimate of the IGE is 0.6.  

Transitory shocks are not the only source of bias in estimating the IGE. Concurrent 

research on what has come to be known as ‘life-cycle bias’ demonstrates that variation of 

long-term income over the life-cycle can also impart a downward bias on the IGEs. This 

happens because fathers’ and sons’ incomes are sampled at different phases of the life-cycle, 

typically too early for sons and too late for fathers, when current measures under- and over- 

estimate (respectively) long-term ones. These issues where initially discussed by Jenkins 

(1987) in the context of intergenerational analyses, and their implications for estimating the 

IGE were empirically illustrated by Grawe (2006). Life-cycle bias is an issue not only for 

intergenerational analyses, but in all those instances in which the researcher is interested in 

measures of lifetime earnings or earnings but only has access to earnings over a limited part 

of the life-cycle. Haider and Solon (2006) show that if there is individual heterogeneity in 

life-cycle earnings growth, then the relationship between current and lifetime earnings varies 

over the life-cycle, and the bias incurred by using annual in place of lifetime measures is 

minimized in the 30-40 age range.3 In the context of intergenerational analyses, Nybom and 

Stuhler (2011) show how life-cycle bias gives rise to non-classical measurement error. They 

show that current strategies for estimating the IGE are still prone to substantial bias, and 

conclude calling for an explicit allowance for heterogeneous life-cycle growth across 

individuals in studies of intergenerational income associations.  

The strategies that previous studies have suggested for coping with transitory shocks 

and life-cycle biases conflict with each other. While transitory shocks are better dealt with 

using long strings of individual earnings, life-cycle bias is minimized over a string of limited 

length, the ten years between ages 30 and 40. In this paper we follow a different strategy that 

allows us to eschew the conflict. We use tools from the earnings dynamics literature to model 

                                                           
3 Böhlmark and Lindquist (2006) obtain results for Sweden that are remarkably close to the ones of Haider and 
Solon (2006). 
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(rather than averaging out) the two sources of bias, serially correlated shocks and 

heterogeneous earnings growth. This approach avoids informational losses and allows a 

characterization of life-cycle effects in intra-family correlations of permanent earnings.  

Compared with intergenerational research, sibling studies offer a broader perspective on 

family and environmental effects. Siblings are “…more alike than a randomly selected pair of 

individuals on a variety of socioeconomic measurements…” (Griliches, 1979); sibling 

correlations of earnings provide a measure of all influences that are shared by siblings. These 

may originate from intergenerational earnings transmission, but may also stem from other 

factors passed from parents to children that are independent from parental incomes, such as 

values. In addition, sibling effects capture those influences that are shared by siblings but do 

not come from the parents, such as (orthogonal) school or community effects. On the other 

hand, there may be factors transmitted within the family that are not shared by siblings, say 

because of differential treatment from parents, which are not captured by sibling correlations. 

Sibling studies have a well-established tradition in the US economic and sociological 

literature, see the review in Solon (1999). Solon et al. (1991) show that similarly to 

intergenerational studies, sibling studies are plagued by measurement error induced by 

transitory shocks and unrepresentative samples. They report sibling correlations to be much 

higher than those estimated in most of the preceding US literature. Altonji and Dunn (1991) 

use a sample of individuals within families to estimate intergenerational and sibling 

correlations, although they do not analyse them within a unified model as we do in this paper. 

They find both types of correlations to be substantial and of about the same size, 0.35. Page 

and Solon (2003a, 2003b) find that family effects matter more than neighbour effects in 

explaining sibling correlations.  

Björklund and Jännti (2009) and Black and Devereux (2011) classify sibling studies as 

one of the methods for shedding light on the mechanisms behind intergenerational 

associations. The larger the difference between sibling and intergenerational correlations, the 

more important environmental factors that siblings share independently of the parents. A 

formal characterization of the link between sibling income correlation and the IGE is 

provided by Solon (1999), who specifies a model of child permanent incomes with an 

idiosyncratic and a sibling component, both assumed constant, and writes the sibling 

component as a function of fathers permanent income and a residual sibling effect, capturing 

remaining shared factors independent of father’s income. Assuming stationarity in the 

distribution of permanent incomes of both fathers and sons, Solon obtains the following 

decomposition of the sibling correlation: 
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Sibling correlation = IGE2 + Residual sibling correlation. 

 

Subsequent research has been applying this decomposition as a calibration on the basis 

of sibling correlations and IGEs sometimes estimated from different families and different 

studies, finding in general a small effect for intergenerational factors, see e.g. Björklund and 

Jännti (2009; 2012). Our contribution is to provide the direct counterpart of this 

decomposition, which we obtain by developing a unitary model of multi-person earnings 

dynamics within the family.  

A well-established tradition of intergenerational and sibling studies based on population 

register data can be found in Scandinavian countries. Björklund et al. (2009) estimate a model 

of siblings earnings in Sweden. They draw data on siblings in the 30-40 age range, in order to 

minimize life-cycle bias, and model serially correlated transitory shocks. They show that the 

sibling correlation has been declining during the expansion of the Swedish welfare state in the 

1960s. Anti-Nielsen et al. (2011) analyse intergenerational mobility in Norway using long 

strings of data on both fathers and sons. They show that taking averages of fathers’ incomes 

over longer time windows than preceding studies increases the estimated elasticity. Increasing 

the starting age for fathers’ income strings has the opposite effect. Transitory shocks and life-

cycle biases can explain both findings. Björklund and Jännti (2009) provide a cross-country 

overview of findings on intergenerational and siblings correlation of long-term earnings. For 

Denmark, they report an IGE of about 0.12 and a brother correlation of about 0.23. In both 

instances, Denmark ranks at the bottom of the correlation tables, i.e. it appears the country 

where the influence of family factors is the least important. The authors make use of the 

Solon (1999) decomposition to assess the importance of parental incomes in shaping sibling 

correlations, showing that in Denmark the role of parental income is negligible, explaining 5 

percent of the overall sibling correlation.4 Björklund and Jännti (2012) use Swedish register 

data and apply the sibling correlation model to a range of traits and outcomes such as IQ, non-

cognitive skills, height and years of schooling, as well as long-term earnings. They find that 

sibling correlations in earnings are the lowest, and that the strongest associations characterize 

height and IQ. They also estimate intergenerational correlations and apply the decomposition 

                                                           
4 Another indirect approach for assessing the role of family characteristics in shaping siblings correlations is 
provided by Bjorklund et al (2010) who estimate the correlation before and after regressing siblings earnings on 
family attributes. They report that for Sweden this methods yields a decomposition of siblings correlations 
similar the one that can be obtained on the basis of the Solon (1999) decomposition equation. 
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formula of Solon (1999), finding that parental effects account for a small share of the overall 

sibling correlation irrespective of the trait or outcome considered. 

 

3. A model of family members’ earnings dynamics  

We study earnings dynamics within the family. We focus on men and distinguish three 

relevant types of family members, fathers (F), first-born sons (S1) and second-born sons (S2), 

indexed by h.5 For each family member, we consider individual log-earnings in deviation (w) 

from the mean, where the mean varies by year, birth cohort and type of family member.6 Log-

earnings deviations from the mean consist of a permanent (long-term) component (y) and an 

orthogonal transitory (mean-reverting) shock (v), orthogonality holding by the definition of 

permanent and transitory components of earnings. The permanent/transitory distinction is 

crucial in this context in the light of previous research demonstrating that ignoring transitory 

shocks may downward bias estimates of intra-family earnings covariances. While many 

previous papers have been integrating out transitory shocks by taking averages of individual 

earnings over time, in this paper we explicitly model transitory shocks with serial correlation. 

Total earnings are written as the sum of the two orthogonal components:  

 

wh
ijt = yh

ijt + vh
ijt; E(yh

ijt, v
h

ijt)=0 (1) 

 

where the indices i, j, and t stand for individual, family and time period. 

 

3.1 Permanent Earnings 

We model permanent earnings by combining insights from the sibling correlations and 

earnings dynamics literature. In the remainder of this section, first we describe the distinctive 

features of the models used in these literatures; then we introduce our model.  

 

3.1.1 Models of permanent earnings in the sibling correlations and earnings dynamics 

literatures 

The prototypical model used by previous research on siblings specifies permanent earnings of 

either brother (S1 or S2) as the sum of two orthogonal time-invariant components: 

                                                           
5
 Families with more than two sons represent a tiny proportion in the population, see Section 4. 

6 Considering earnings in deviation from yearly means by birth cohort is a flexible way of removing average age 
effects that may confound the estimation of individual life-cycle profiles, se Baker and Solon (2003). Here we 
apply the “de-meaning” procedure distinguishing the different types of family members and adjusting for within-
cohort age differences through quadratic trends, which we achieve by taking residuals from cohort/member-
specific regressions of log earnings on calendar year dummies and quadratic age trends.  



8 

 

 

ySb
ij =aij+fj,  b=1,2; aij∼(0; var(a)); fj∼(0; var(f)), (2) 

 

see e.g. Solon (1999) and Björklund et al. (2009). The individual-specific parameter aij 

captures idiosyncratic components of permanent earnings, whereas the family-specific one fj 

absorbs all determinants of permanent earnings that are shared by siblings, thus capturing 

both intergenerational effects and all other sources of sibling similarities in earnings, that we 

will call residual sibling effects. Intergenerational earnings effects may depend on genetic 

transmission or on the extent with which fathers are able to transmit their skills and 

preferences to their sons after birth. Residual sibling effects, on the other hand, include 

parental influences not captured by earnings transmission, as well as other community effects 

shared by siblings that are independent of the parents. Schools, friendship networks or other 

influences operating at the community level are examples of residual sibling effects. We will 

refer to the effects captured by fj (intergenerational and residual sibling) as overall sibling 

effects.  

The two earnings components are drawn from unspecified distributions with variances 

var(a) and var(f). The sibling correlation of permanent earnings (rS) is the ratio between the 

variance of the sibling component and the total variance of permanent earnings: 

 

rS= var(f)/(var(a) + var(f)). (3) 

 

The sibling correlation provides an omnibus measure of family and community effects, 

i.e. the share of permanent earnings inequality accounted for by family and community 

background. Identification of the sibling correlation is granted when data are available on 

siblings earnings over multiple years, the multi-year requirement enabling separation of 

permanent and transitory earnings.  

Recent studies estimating the model of equation (2) have sampled siblings in the age 

range 30 – 40 to mitigate life-cycle biases, see e.g. Bjorklund et al. (2009). This strategy does 

not eliminate the source of the bias, i.e. individual heterogeneity of life-cycle earnings 

growth, but rather limits the scope of the analysis to the phase of the life-cycle when the bias 

is considered minimised. However, by doing so it conflicts with the need to consider long 

sequences of individual earnings to control the bias stemming from serially correlated 

transitory earnings shocks. In this paper we eschew the conflict by modelling heterogeneous 

growth in permanent earnings using tools from the literature on individual earnings dynamics. 
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We specify permanent earnings according to a  Random Growth model (RG), see e.g. 

Lillard and Weiss (1979), Hause (1980), Baker (1997) and Haider, (2001). The RG model 

assumes that individual earnings evolve over the life-cycle according to an individual-specific 

earnings profile, which is assumed to be linear in age or experience (we use age). Parameters 

of the linear profile are drawn from a zero-mean unspecified distribution with unknown 

second moments to be estimated. The RG model allows for two sources of persistent 

individual earnings differences, namely time-invariant heterogeneity (individual-specific 

intercepts) and growth rate heterogeneity (individual-specific slopes).7 By accounting for 

heterogeneous earnings growth across individuals, this parameterisation accommodates the 

recommendations of the life-cycle bias literature that allowance has to be made for individual 

heterogeneity when studying earnings correlations across family members (see e.g. Nybom 

and Stuhler, 2012). Focussing on individuals taken in isolation from other family members, 

previous studies of earnings dynamics have estimated models similar to the following:  

 

yit = ai + biAit; (ai bi)∼(0 0; var(a), var(b), cov(ab)).  (4) 

 

where Ait is age.8 This simple model can capture important features of individual earnings 

dynamics. Variances of intercepts and slopes of the profile correspond to different sources of 

earnings heterogeneity that have theoretical counterparts in human capital models, such as 

heterogeneous returns to schooling (intercepts) and heterogeneous returns to experience 

(slopes). A relevant parameter is the covariance between intercepts and slopes of the profile. 

Many studies have found the covariance to be negative. With cov(ab)<0, individuals starting-

off with low pay will see their earnings grow faster than initially higher paid individuals, 

which may either reflect Mincerian cross-overs due to on-the-job training (Hause, 1980), or 

the willingness of those on fast tracks to accept low paid jobs at labour market entry. 

Whatever the causes, a negative covariance between intercepts and slopes implies that 

individual profiles converge at some point after labour market entry. Conventionally, the 

cross over point of converging profiles can be computed as the age at which permanent 

variance is minimised (such variance should be zero if all profiles converged 

                                                           
7 Baker (1997) also experiments with individual-specific quadratic profiles, concluding that they do not add 
much to the analysis compared with linear profiles.  
8 Alternatively, studies of individual earnings dynamics have been specifying the permanent component as a 
random walk process in which individual earnings evolve through the arrival of infinitely lived shocks. See 
Meghir and Pistafferri (2011) for a detailed discussion of modelling approaches in the literature. Baker and 
Solon (2003) and Moffitt and Gottschalk (2012) have extended the RG to include a random walk shock; instead, 
in this paper we extend the model to account for family effects. 
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contemporaneously), i.e. Age*= -cov(ab)/var(b). The convergence of permanent earnings 

implies that within a birth cohort permanent inequality of earnings displays a u-shaped 

profile, and that intragenerational earnings mobility increases up to Age*, and then decreases. 

While the RG model has been widely used to study individual earnings dynamics, its 

application to intergenerational or sibling correlations is still unexplored.  

 

3.1.2 Our model 

We innovate the model of equation (2) in two key directions. First, we identify the 

intergenerational effect and the residual sibling effect within the overall sibling component. In 

this way, for the first time we provide a direct assessment of the role of intergenerational 

earnings associations within the omnibus sibling correlation. It is worth stressing that in this 

way we identify the transmission of earnings from fathers to sons, and not other channels of 

intergenerational transmission working independently from father’s earnings: therefore our 

decomposition provides a lower bound to the intergenerational component of sibling 

correlation. Second, we introduce life-cycle effects using the RG parameterisation, in this way 

accounting for life-cycle biases. Our model is an extended RG in which intercepts and slopes 

depend upon individual-specific, intergenerational and residual sibling effects. Sons’ earnings 

are written as:  

 

ySb
ijt = [(αij +µj+δj) + (βij + λj+φj)Ait]πt, b=1,2. (5) 

 

The earnings profile is linear in age, and intercepts and slopes of the RG depend upon 

individual and sibling components. Sibling effects have an intergenerational component (µj 

λj) and a residual sibling component (δj φj). They represent permanent traits of earnings 

shared between brothers, coming either from their father’s earnings, or from residual factors 

independent of father’s earnings. The idiosyncratic component (αij βij) captures persistent 

individual-specific deviations from the sibling effect. Considering that we will be using data 

drawn from a relatively long time period, we also introduce time effects through period-

specific loading factors πt. 

Each individual- or family-specific parameter of the RG model is drawn from a zero 

mean unspecified distribution. RG intercept and slopes are correlated within each dimension 
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of heterogeneity (idiosyncratic, intergenerational and residual siblings) and are assumed 

independent between dimensions:9 

 

(αij βij)~(0,0; σ2
α σ2

β σαβ); (µj λj)~(0,0; σ2
µ σ2

λ σµλ); (δj φj)~(0,0; σ2
δ  σ

2
φ σδφ). (6) 

 

Identification of intergenerational effects requires father’s earnings to be modelled 

jointly with sons’ earnings. We therefore specify a model for father’s earnings similar to that 

of the sons, with the exception of the residual sibling effects that are shared by siblings only 

and do not feature in father’s earnings; residual siblings effects are therefore empirically 

identified by the availability of both sibling and intergenerational earnings correlations. The 

model for father’s earnings is: 

 

yF
ijt = [(αij + µj) + (βij + λj)Ait]πt. (7) 

 

Having specified a model with age related growth and idiosyncratic, intergenerational 

and residual sibling sources of heterogeneity in permanent earnings, we can decompose the 

overall sibling correlation of permanent earnings over the life-cycle (ρS) into its 

intergenerational (ρI) and residual sibling (ρR) components: 

 

ρS(A) = ρI(A) + ρR(A). (8) 

 

This decomposition is the direct counterpart of indirect ones used in previous studies. 

Another notable difference with previous studies is the allowance for age effects in the 

correlation of sibling permanent earnings and its components. Details on the decomposition 

are provided in the Appendix. 

 

3.2 Transitory earnings  

Previous literature on individual earnings dynamics has used low order ARMA processes to 

model transitory shocks. Intergenerational or sibling studies, on the other hand, have been 

mostly resorting to multi-period averaging to integrate out earnings shocks and reducing 

measurement error biases, choosing the number of periods on the basis of the supposed 

degree of serial correlation. One exception is the paper by Björklund et al. (2009) who 
                                                           
9
 We will relax the assumption of independence between intergenerational and residual sibling components in 

the robustness analysis of Section 6. 
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explicitly model correlated shocks as AR(1) processes concentrating on the 30 – 40 age range, 

assuming infinitely lived shocks uncorrelated across siblings.  

In this paper we specify member-specific AR(1) processes with innovations correlated 

across family members:  

 

vh
ijt = τtu

h
ijt = τt(ρhu

h
ijt-1+ εh

ijt) 
(9) 

εh
ijt ∼ (0, σ2

εh), u
h

i0jc  ∼ (0,  ηcσ
2

0h), cov(εh
ijt ε

l
kjt)=σhl, h, l=F, S1, S2, h≠l 

 

where we model the initial condition of the transitory process, allow for cohort effects in 

initial conditions –c=c(i) denotes the birth cohort of person i— and τt is a period specific 

loading factor. Each family member draws transitory shocks from a member-specific 

distribution, and shocks are (contemporaneously) correlated across members. Our model, 

therefore, includes parameters capturing intergenerational and sibling correlations of 

transitory earnings shocks, which have both been assumed away in the previous literature. 

Note that if transitory shocks are positively correlated across persons, then the between-

member correlation of current earnings provides an upward biased estimate of correlations in 

permanent earnings. 

 

3.3 Estimation 

The model fully specifies the inter-temporal distribution of permanent and transitory earnings 

for each family member and between members. The second moments of this distribution are a 

non-linear function of a parameter vector θ that contains RG and AR(1) coefficients, plus 

period factor loadings on permanent and transitory earnings. Details on moment restrictions 

are provided in the Appendix. We estimate θ by Minimum Distance (see Chamberlain, 1984; 

Haider, 2001).10 In order to identify age effects (in permanent earnings) and birth cohort 

effects (in transitory earnings) separately from time effects, we derive birth-cohort specific 

empirical earnings moments and stack them up into a single moment vector that enters 

estimation.  

 

4. Data and raw correlations of earnings within the family 

                                                           
10 We use Equally Weighted Minimum Distance (EWMD) and a robust variance estimator Var(θ)=(G’G)-

1
G’VG(G’G)-1, where V is the fourth moments matrix and G is the gradient matrix evaluated at the solution of 

the minimisation problem. 
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We use data from registers of the Danish population between 1980 and 2006. Thanks to the 

availability of parents’ personal identifier, the Danish register enables connecting members of 

the same family to one another starting from the birth cohort of 1956. Exploiting this 

information, we derive a sample of father/first-son/second-son triplets. By analogy with the 

sibling correlations literature that uses samples including singletons, we also consider families 

consisting of father/first-son couples only. We study men’s earnings and do not consider 

mother/daughter, mother/son, father/daughter, brother/sister or sister/sister earnings 

associations. Brothers’ ordering is determined irrespective of the presence of sisters: for 

example, we do not make any distinction for whether there is one sister born in-between the 

two brothers, before or after. We consider full biological siblings sharing both parents 

according to the medical birth register. In keeping with the sibling correlation literature, we 

select brothers not too far apart in the life-cycle, which we achieve by limiting the maximum 

siblings age difference to ten years; we exclude younger brothers from the sample when the 

age difference exceeds the limit. We focus the analysis on first-born and second-born sons 

and do not consider sons born after the second, which, anyway, account for a negligible 

proportion (2 percent) of the overall sample. 

We use pre-tax annual earnings, i.e. income from labour. In order to model life-cycle 

dynamics we require observation of individual earnings strings over time. We focus on prime 

age men and conventionally set the start of the life-cycle at age 21 and its final point at age 

60. We group individuals into 3-year birth cohorts, imputing the central age to each cohort. 

Imposing a cohort structure on the data is fundamental for separating life-cycle effects from 

calendar time, and this is the established practice of earnings dynamics studies, see e.g. Baker 

and Solon (2003). We select fathers born between 1940 and 1960. The youngest cohort group 

of fathers (born between 1958 and 1960) starts being observed at age 21 in 1980, and reaches 

age 47 in 2006; the oldest cohorts of fathers (born between 1940 and 1942) is aged 39 in 1980 

and turns 60 in 2001, when it leaves the sample. We select first-sons born between 1958 and 

1981. Therefore the oldest cohorts of first-sons coincides with the youngest cohorts of fathers 

(1958-60), whereas the youngest cohorts of first-sons (born 1979-81) starts contributing to the 

sample at age 21 in 2001. Finally, we select second-sons born between 1961 and 1981, so that 

their age/cohort structure resembles that of first-sons, with the exclusion of cohorts 1958-

1960. The sample selection by birth cohorts implies that many cohorts are observed for the 

full 27-year period covered by the data, namely cohorts 1945-47 to 1958-60. The minimum 

span of observation is 6 years, corresponding to birth cohorts 1979-81, observed between 

2001 and 2006.  
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The combination of these criteria generates a data-set which is described in the left 

panel of Table 1 for selected years in terms of first and second moments of the annual 

earnings distribution and average age. On this sample we apply two additional selections 

which are typical in the earnings dynamics literature. First, we exclude outliers and trim half 

percentile of the earnings of each year; since the analysis will exploit empirical earnings 

moments separately by family members, we perform the trimming within the distribution of 

each type of member.11 Secondly, in order to ease identification of earnings profiles we 

require the availability of at least five consecutive individual data points, a selection rule that 

is intermediate between the one used by Baker and Solon (2003), i.e. continuous earnings 

strings for each individual within a cohort, and the approach of Haider (2001), who allows 

individuals to move in and out of the sample only requiring having two positive but not 

necessarily consecutive valid observations on earnings. Other than this, we use all valid 

observations on earnings and exclude zero-earnings observations. The exclusion of zero-

earnings observations is common with most of the earnings dynamics literature assuming that 

earnings are missing at random, and is also applied in the sibling correlation literature by 

Björklund et al (2009). The final estimating sample resulting from the last set of selections is 

described in the right panel of Table 1. Trimming outliers and imposing partially continuous 

income strings has an impact on sample size. There is also an impact on earnings dispersion, 

while average earnings are not much affected. In total, our sample consists of about 560,000 

persons belonging to 245,000 families of which 67,000 are triplets. Individuals are observed 

for 16 years on average, giving approximately 9 million observations. 

We describe raw patterns of earnings associations within the family in Figure 1. The 

graph is produced using elements of the empirical inter-temporal covariance structure of 

earnings, which is estimated for each family member and between members. We discard from 

the analysis empirical second moments that are based on fewer than 100 cases. 

Intergenerational covariance series are derived averaging father-son covariances for both sons 

by sons’ ages. There are two lines in each panel of the figure; the line labelled “Same age” is 

derived computing the average of covariances conditioning on the age of fathers being equal 

to the age of sons, while the line labelled “Fixed age” conditions on the age of fathers being 

equal to 40. Sibling covariances are derived by averaging brother-brother earnings 

covariances  over age of the younger brother; in this case the “Fixed age” line corresponds to 

                                                           
11 Bingley et al (2012) show that estimates of earnings components models are robust to alternative trimming 
rules. 
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an older brother aged 30. Correlations and elasticities are derived by appropriately 

standardising covariances.  

Raw earnings intergenerational and sibling correlations in Figure 1 are low, in line with 

results from previous research that places Denmark at the bottom of the international rankings 

of family earnings associations, see e.g. Björklund and Jännti (2009). The life-cycle structure 

of these raw associations reveals interesting patterns. There is a relevant difference in 

earnings associations if one contrasts same-age figures with fixed-age ones. Considering the 

intergenerational evidence, it appears that while the contemporaneous correlation fluctuates in 

the range between 0.05 and 0.1 with no clear pattern when the son ages from 21 to 44, the 

associations with a father aged 40 are very low, actually negative, at young ages, and 

converge to contemporaneous figures when the son approaches the age of 30. This evidence is 

a symptom of life-cycle bias: estimating intergenerational correlations between fathers and 

sons observed at different stages of the life-cycle provides an underestimate of the correlation 

resulting at comparable ages. The fact that the data allows us to observe the bias suggests that 

the information derived from the population register provides an adequate basis for 

controlling the bias. 

Remarkable differences between same-age and fixed-age patterns of earnings within the 

family emerge also when considering sibling associations in Figure 1. This time not only 

fixed-age series are low at young ages, but there is also a u-shaped life-cycle pattern of same-

age associations, which are particularly pronounced at young ages. The u-shaped pattern is 

consistent with a RG model of earnings dynamics with Mincerian cross-overs, in which 

siblings share both fixed and time varying components of earnings. The large 

contemporaneous associations at early life-cycle stages may also reflect correlation of 

transitory shocks. It is well known that earnings instability is large for young cohorts (see e.g. 

Baker and Solon, 2003) and it is plausible that siblings are subject to common shocks, for 

example because of  similar local economic conditions at labour market entry.  

 

5. Results 

We begin the discussion of our results by focusing on estimates of RG and AR(1) parameters; 

estimated period factor loadings are reported in Appendix Table A1.12 Parameters are 

                                                           
12 A model with fully unrestricted time effects produced a few negative estimates on the loadings for the 
transitory component, possibly reflecting the presence of negative empirical moments for the cross-member 
earnings covariance. Constraining loading factors on the transitory components for 1981, 1982 and 1983 at the 
1980 value (=1) resulted in positive estimates of all remaining factor loadings. Estimates of RG and AR 
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estimated by imposing the moment restrictions implied by the model on empirical second 

moments of earnings, after excluding moments based on fewer than 100 individuals. We base 

the analysis on 4778 within-person moments (of which 2468 refer to fathers, 1344 to first 

sons and 966 to second sons), 11604 father/first-son moments, 8385 father/second-son 

moments and 6570 brother/brother moments. There are 31337 empirical moments in total. 

 

5.1 Permanent earnings 

Results for the extended RG model are reported in Table 2. There appears to be substantial 

variation along all three dimensions of earnings heterogeneity specified in the model: 

idiosyncratic, intergenerational, and sibling residual. Such heterogeneity, though, manifests 

itself differently depending upon which aspect of the earnings life-cycle is taken into account. 

Panel A reports estimated variances of RG intercepts, showing that idiosyncratic 

heterogeneity and sibling residual correlations are the main factors that shape earnings 

dispersion at the start of the life-cycle, accounting for about 40 percent each. Panel B reports 

estimates of growth rates dispersion and depicts a different situation, in which individual 

heterogeneity plays a negligible role (7 percent of total dispersion of earnings growth) and 

intergenerational transmission gains relevance (34 percent), while the remaining share of 

earnings growth heterogeneity is accounted for by residual sibling effects. It is notable that 

there is less scope for individual heterogeneity in earnings growth compared with initial 

earnings levels. Family and environmental influences seem to be the main drivers of 

individual earnings growth, leaving little room for idiosyncratic deviations.  

Panel C reports estimated covariances between intercepts and slopes, i.e. the parameters 

that pick up (Mincerian) cross-overs of earnings profiles, for each of the three dimensions of 

heterogeneity considered. All covariances are negative, pointing to an overall crossing-over of 

profiles, supporting the idea that factors normally associated with cross-overs, e.g. training or 

the willingness to accept low staring wages in exchange for steeper growth, are shared both 

intergenerationally and across siblings. However, the speed with which cross-overs occur 

depends on the specific dimension taken into account, as represented by the third column in 

Panel C reporting the implied cross-over ages, spanning the ten years between 28 and 38; the 

overall cross-over point is located at 35. 

These estimates have implications for the evolution of life-cycle earnings inequality, 

which are represented in Figure 2 by making use of parameter estimates (including time factor 

                                                                                                                                                                                     

parameters from the unconstrained and constrained model were virtually indistinguishable from one another, and 
we present the latter. 
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loadings) to generate predicted variance components. Overall variance of permanent earnings, 

resulting from the sum of idiosyncratic, intergenerational and residual siblings effects, first 

decreases and then increases between the ages of 21 and 45, as a result of cross-overs of 

earnings profiles, with the minimum of overall permanent variance located at 35. The 

minimum of variance corresponds to the bulk of profile crossings, i.e. of mobility within the 

intragenerational distribution of permanent earnings. The figure also reports the overall 

sibling component and the intergenerational component; the difference between the two is the 

residual sibling component, whereas the difference between overall permanent variance and 

the overall sibling component is the individual idiosyncratic component. At age 21, the 

variance of permanent earnings depends mainly on idiosyncratic and residual sibling 

differences, while intergenerational effects account only for 20 percent of total dispersion. As 

time elapses, the absolute incidence of idiosyncratic components remains constant, which is a 

consequence of the negligible idiosyncratic effects singled out in earnings growth rates, see 

panel B of Table 2. The figure displays an increasing influence of intergenerational effects 

within overall sibling variance, reflecting the larger impact of intergenerational effects on 

earnings growth rates compared with that on initial earnings, see again Panel B of Table 2.   

An alternative view on the varying influences of intergenerational effects within sibling 

correlations over time is provided by Figure 3, which decomposes overall sibling correlation 

into its intergenerational and residual sibling components using equation (8). Overall sibling 

correlation is high at the start of the life cycle and depends predominantly on residual sibling 

components. At almost 0.6, this is more than twice that reported for Denmark by previous 

studies. As individuals age, overall siblings correlation diminishes, and becomes smaller than 

0.3 (i.e. a value in line with previous research) precisely in the 30 to 40 age range which 

previous studies have used for measuring sibling correlations. The reasons for the rapid drop 

in sibling correlations is the shrinking of the overall intra-generational earnings distribution 

(Mincerian cross-overs) which is driven by sibling effects, while idiosyncratic effects (that 

feature at the denominator only of siblings correlations) are constant through the life-cycle. 

After the cross-over point at age 35 the intragenerational earnings distribution starts opening 

up again as an effect of heterogeneous earnings growth, and since sibling components explain 

the most of heterogeneous growth rates, the overall sibling correlation increases. Note also 

that the cross-over point of earnings profiles is located at age 35, and that the 30-40 age range 

will contain many siblings pairs whose members are located on opposite sides (i.e. before and 

after) of the cross-over point. Hence, while the earnings distribution of the older brother will 

be opening up, the younger brother’s one will be compressing, which further contributes to 
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the reduction of siblings correlations in this age range. This effect will cease after the younger 

brother has passed the cross-over point, and the sibling correlation will start increasing.  

A second important fact reported in Figure 3 is the decomposition of the sibling 

correlation into its intergenerational and residual component. Intergenerational correlations 

account for about one third of total sibling correlation at the age of 21, but their share grows 

rapidly with age because intergenerational effects in earnings growth heterogeneity are 

quantitatively relevant. By the early 30s, intergenerational effects dominate residual factors 

shared by siblings, and their share reaches 60 per cent by age 45. The figure suggests that 

intergenerational effects account for a larger share of the overall sibling correlations than 

previously thought on the basis of the Solon (1999) decomposition. 

 

5.2 Transitory earnings  

Results on the member-specific AR(1) model for the transitory part of the earnings process 

are reported in Table 3. Transitory shocks for fathers and sons present remarkably different 

characteristics, namely there is more shock volatility for sons compared with fathers, the 

corresponding parameter σ2
ε almost doubling when fathers and sons are compared. On the 

other hand shock volatility is not statistically distinguishable between brothers. Bothers’ 

shocks are also positively correlated, the implied contemporaneous correlation coefficient is 

0.05, i.e. one fifth of the siblings correlation of permanent earnings estimated in previous 

studies for Denmark. This result questions the ubiquitous assumption in siblings studies that 

transitory shocks are uncorrelated across siblings. Shock correlations between fathers and 

sons, instead, do not appear sizeable, while they are statistically significant only in the case of 

younger sons. It is worth noting that positively correlated transitory shocks imply that the 

correlation of current earnings over-estimates the correlation in permanent earnings. The 

relatively high brother correlation of raw earnings at young ages depicted in Figure 1 may 

reflect such over-estimation. There are statistically significant differences in the 

autoregressive coefficient among all family members, fathers displaying the larger 

persistence. Overall, differences in the parameters of member-specific distributions of 

transitory shocks are consistent with age effects like the ones described in Baker and Solon 

(2003). The last set of parameter estimates refers to initial conditions of the AR(1) process, 

which are person/cohort-specific. Differences across person (larger initial conditions for 

fathers) reflect that fact that on average their earnings trajectories are left censored (i.e. initial 

earnings at age 21 are not observed for fathers born in the cohort group 1955-1957 and 

earlier) so that the estimated coefficient picks up the accumulation of the process prior to the 
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initial observation. Cohort differences resemble the usual finding from earnings dynamics 

studies that younger cohorts have larger transitory components.  

 

6. Robustness 

The previous section shows that there is an important role for intergenerational earnings 

correlation within the overall sibling effect, larger than previously thought on the basis of 

indirect decompositions. We now subject this result to sensitivity analysis in two ways, by 

excluding two-member families from the estimating sample and by allowing for correlation 

between intergenerational and residual siblings effects in the extended RG model.  

By analogy with the tradition of sibling studies that used singleton data to increase the 

precision of estimates –in particular idiosyncratic components—our estimating sample 

includes two-member families, which contribute to the estimation of both idiosyncratic and 

intergenerational parameters. Indeed, Section 3 showed that two-member families represent 

the vast majority in our estimating sample. It is natural to ask oneself whether the relatively 

large share of intergenerational correlation within total siblings effects is a consequence of the 

over-representation of two-member families, which can only contribute to estimation of 

idiosyncratic and intergenerational effects, not of sibling residual ones. Many two-member 

families will also be single-child, and one may reasonably expect intergenerational 

transmission to be stronger than in multiple-children families, both because of different 

sharing of parental resources and of parental preferences. We investigate the sensitivity of 

results by restricting the sample to father/first-son/second-son triplets and dropping 

father/first-son (no second son) pairs. 

Results are presented in Table 4.1, showing parameter estimates for the extended RG 

model. The evidence is remarkably similar to that obtained on the full sample. There is some 

re-adjustment in the shares of idiosyncratic, intergenerational and residual siblings effects 

within starting earnings and earnings growth heterogeneity, but variations are always lower 

than 5 per cent, and they do not always go in the direction one might expect on the basis of 

the discussion of possible bias in the preceding paragraph. For example, the share of residual 

siblings factors in growth rate heterogeneity decreases when moving from the full to the 

triplet-only sample, whereas one would expect the opposite if two-member families were 

inflating intergenerational associations in the full sample. Result stability is confirmed in 

Figure 4, left panel, which decomposes sibling correlations using the triplets-only estimates. 

There is some variation with respect to the results from the main sample, e.g. a slightly slower 

decline of sibling residual effects over the first fifteen years of the observed life-cycle, but not 
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so as to change our conclusions on the relative importance of the two components of sibling 

correlations. 

The model of the previous section has been estimated under the assumption of 

independence between intergenerational and residual sibling effects. Such an assumption may 

be too restrictive if the residual sibling component absorbs elements of intergenerational 

transmission that are not fully captured by father’s earnings. In addition, environmental 

factors maybe correlated with father’s earnings (or even be caused by them), again leading to 

violation of the assumption that intergenerational and residual sibling effects are independent. 

One may worry that correlation between components of the total family effect could distort 

the decomposition of siblings correlation. Our second robustness check relaxes the 

assumption of independence and allows for correlation between intergenerational and sibling 

residual components within each parameter of the RG model (intercepts and slopes). 

Results from the RG model with correlated family effects are in Table 4.2, while the 

implied decomposition of the sibling correlation is reported in the right panel of Figure 4. 

Parameter estimates show that the covariance of family effects is statistically significant. This 

covariance is negative for initial earnings and positive for growth rates. We know from the 

main model that while the influence of intergenerational factors varies depending upon RG 

parameters (intercepts or slopes), residual sibling effects always play a prominent role. The 

changing sign of covariances probably reflects the varying relative weight of the two family 

effects in the RG parameters. Overall, the shares of heterogeneity in initial earnings and 

earnings growth that can be ascribed to each family effect are rather stable compared with the 

benchmark estimates of Section 5; the main difference is the increased importance of 

idiosyncratic effects within growth rate heterogeneity, from 7 to 22 percent. The sibling 

correlation decomposition of Figure 4 confirms the robustness of benchmark results to 

correlated family effects. 

 

7. Nested models 

One useful feature of our model is that it nests the models used by previous studies, namely 

intergenerational-only models and siblings-only models.13 To what extent do these nested 

models, that exploit only one dimension of family earnings associations, miss a part of the 

picture? In particular, to what extent do sibling-only models, that have been used by previous 

                                                           
13 Another model that is nested within ours is a model without life-cycle dynamics, which is the model used both 
in siblings correlation studies and in the Solon (1999) decomposition of siblings correlations. Estimating that 
model on our data yielded a sibling correlation of 0.35, of which about 0.1 is due to intergenerational earnings 
correlation and 0.25 to the sibling residual component.   
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research as a way to capture all associations going on within the family, both 

intergenerational ones and those coming from other sources, replicate the overall siblings 

influence that we found in the previous sections? We now address these questions by 

imposing restrictions on our more general model.  

We present results from nested models in Table 5. We start in Table 5.1 with a model of 

the intergenerational transmission of earnings. This is obtained from the full model by 

dropping all parameters referring to sibling residual effects. The model is estimated after 

excluding brother/brother moments. The model fits patterns of heterogeneity in initial 

earnings well, in the sense that the share accounted for by intergenerational components is 

very similar to that estimated with the general model, 22 compared to 18 per cent. One 

difference is that this model tends to over predict the relevance of intergenerational 

correlations within life-cycle earnings growth, wrongly attributing to intergenerational effects 

what is actually a pure sibling effect. 

Results on the siblings-only model are in Table 5.2. This time we should expect the 

share of sibling correlations to inflate by approximately the size of the share of the 

intergenerational correlation in the main model, as sibling correlations are an omnibus 

measure that includes intergenerational effects. As can be seen from the results, this is not 

what happens. Instead, the siblings share either remains constant (intercepts heterogeneity) or 

declines (growth heterogeneity) compared with the full model, revealing a certain inability of 

sibling correlations to capture intergenerational commonalities between siblings. 

We can also use variants of these nested models to mimic the Solon (1999) 

decomposition of sibling correlations between the intergenerational elasticity and the residual 

sibling effect. Recall that the Solon decomposition is based on models of permanent earnings 

that exclude life-cycle effects and assume stationarity of the permanent earnings distribution 

across generations. We can reproduce these characteristics in the nested models by specifying 

permanent earnings as constants, and excluding time effects. Results from this exercise yield 

a siblings correlation of 0.38 and an intergenerational correlation (which coincides with the 

IGE due to the stationarity assumption) of 0.09. Substituting these statistics into the Solon’s 

equation yields a share of siblings correlation accounted for by the IGE of 2.1 percent, well 

below the shares obtained from our model using the same data.  

 

8. Extensions 

In this Section we further investigate the structure of sibling correlations by focusing on two 

additional aspects that have been debated in the literature but for which there is still almost no 
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empirical evidence. The first aspect is the extent to which residual siblings correlations 

depend on family characteristics, rather than on effects external to the family. The second 

aspect is the degree of differences in intergenerational earnings transmission across brothers. 

 

8.1 Model with mother’s schooling 

Previous research (e.g. Page and Solon, 2003a and 2003b) suggests that the family rather than 

the neighbourhood is the driving force behind sibling correlations. Our results show that there 

is a substantive share of sibling correlations (the residual sibling effect) that is not associated 

with fathers’ earnings. The question then becomes what are the factors that generate the 

residual sibling component, and in particular what is the relative importance of additional 

family influences beyond fathers’ earnings. Family characteristics can be seen as additional 

common components of brothers’ earnings. One component that is shared by brothers and is 

not perfectly correlated with fathers’ earnings is mother characteristics. Indeed, our focus on 

fathers’ earnings in the main model is justified by the fact that we want to analyze one 

specific channel of intra-family associations that is well defined in previous studies, i.e. the 

intergenerational earnings correlation/elasticity. It is obvious that there may be other channels 

of intergenerational transmission that are not via fathers’ earnings and that, in our model, will 

be picked up by the residual siblings correlation, implying that our intergenerational earnings 

correlation is a lower bound on the role that overall intergenerational influences play in 

shaping total siblings correlation. To gain insights on these issues, we include mother’s 

human capital in the model, proxied by maternal years of schooling. The model for sons’ 

earnings becomes: 

 

ySb
ijt = [(αij +µj+δj) + (βij + λj+φj)Ait + ωMj] πt (10) 

 

where Mj are mother’s years of schooling in family j, while ω is a loading factor for mother’s 

schooling. Identification of ω requires independence between mother’s schooling and the 

parameters of permanent earnings, which is clearly hard to maintain. The spirit of the 

exercise, however, is simply to see how the relative importance of residual sibling correlation 

varies when mother’s schooling is included in the model, and not to estimate causal effects. 

Note also that mother’s schooling is time-invariant, therefore its inclusion should exert greater 

impact in the constant part of the extended RG model. 



23 

 

Results of this exercise are reported in Table 6. The loading factor on mother’s years of 

schooling is positive and statistically significant. The relative importance of idiosyncratic, 

intergenerational and residual siblings correlations within initial earnings heterogeneity 

changes quite substantially (compared with the main model of Table 2) as a consequence of 

including mother’s schooling, see Panel B. In particular, while the share accounted for by 

fathers earnings is now 24 percent (it was 18 percent), the relevance of residual sibling 

correlation is greatly reduced (amounting at 18 versus 42 percent in the main model, while the 

corresponding coefficient approximately halves). This finding illustrates that there is a 

distinctive contribution of additional intergenerational factors to sibling correlations on top of 

fathers’ earnings, and one can speculate that a full control for all parental influences might 

leave only a small share of sibling correlations to be explained by non-parental influences. 

The table also reports results for earnings growth heterogeneity (Panel C), whose composition 

is relatively unaffected compared with the main model, as expected.14  

 

8.2 Model with differential intergenerational transmission between siblings 

Another issue emerging from discussions of sibling correlations reported by previous studies 

is the differential treatment of siblings by parents, which may weaken the ability of sibling 

correlations to capture family effects (see e.g. Björklund and Jännti, 2009). The usual 

reference in this context are birth order studies showing that first born children exhibit better 

outcomes compared with younger siblings (Black, et.al., 2005). Björklund and Jännti (2012) 

show that controlling for birth order effects has little impact on estimated sibling correlations. 

Whether intergenerational transmission varies with birth order is a different and related 

question which has received only little attention (Hotz and Pantano, 2011), and we address 

this now for earnings. 

Our analytical set-up allows the analysis of differential intergenerational transmission 

thanks to the fact that we observe intergenerational earnings moments for each of the two 

brothers; therefore we can specify intergenerational parameters to be different for the two 

brothers. We do this by assuming that the age-invariant intergenerational component is 

sibling-specific, that sibling-specific components are correlated, and that their covariance with 

the intergenerational slope coefficient is common between siblings15:  

                                                           
14 We also experimented adding number of siblings in the model for sibling earnings, reaching conclusions that 
are similar to the ones obtained with mother’s schooling.  
15 The last assumption is in principle unnecessary; however, a model with unrestricted covariance between 
sibling-specific intergenerational intercepts and the intergenerational slope produced negative estimates for the 
variance of the former, suggesting lack of identification in the data. Similarly, a model with sibling-specific 
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yF
ijt = [(αij +µj1+µj2) + (βij + λj)Ait]πt 

(11) ySb
ijt = [(αij +µjb+δj) + (βij + λj+φj)Ait]πt; b=1,2 

(µj1 µj2 λj) ∼ (0,0; σ2
µ1 σ

2
µ2  σ

2
λ  σµ12  σµλ);  

 

Now there are two intergenerational terms in the intercept of the father equation, µj1 and 

µj2, representing what fathers transmit to the first and second son. Intercepts in each of the 

sons’ equations will include only one of the two sibling-specific components, thus capturing 

differential intergenerational transmission between siblings. This parameterisation allows 

testing the hypothesis that intergenerational transmission does not vary across siblings, 

corresponding to the null hypothesis that σ2
µ1=σ2

µ2 . The model is estimated on the sample 

that includes complete (three-member) families only, as otherwise between-sibling 

differentials may well pick up single-son effects. For this exercise we also exclude twins 

because birth order effects are of different nature for them. 

Results from the model with differential intergenerational earnings transmission across 

brothers are reported in Table 7. Estimated sibling-specific coefficients show evidence of a 

marginally greater variance of intergenerational effects for second sons compared to first-

sons. However, the two coefficients fall within each other’s confidence bands even at 10% 

levels of significance, strongly pointing to non-rejection of the null hypothesis of equal 

transmission. This is reflected in the fact that the shares of idiosyncratic, intergenerational and 

residual sibling components of earnings intercepts are the same for the two brothers. This 

finding is also in line with that of Björklund and Jännti (2012) that allowing for birth order 

effects has little impact on sibling correlations. The model also estimates the cross-brother 

covariance of sibling-specific intergenerational effects, which is positive, although not 

statistically significant. Estimates of remaining coefficients of the permanent earnings model 

are rather stable relative to the main results of Section 5.  

 

9. Conclusion 

We have shown that paternal earnings account for a substantive share of the overall 

correlation of permanent earnings between brothers. This is a much greater share than has 

                                                                                                                                                                                     

intergenerational slopes produced a negative estimate for the variance of idiosyncratic slopes, and positive and 
statistically indistinguishable estimates of the variance of sibling-specific intergenerational slopes, so that we 
resorted to the specification in the text with only age-invariant sibling specific intergenerational effects. 
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been found in previous research that has used indirect decomposition methods. One 

implication is that policy interventions on social environments outside the family may have a 

limited impact on the inequality of long-term earnings. This is in line with the findings of 

Page and Solon (2003a and 2003b) that much of sibling correlation in the US is accounted for 

by the family rather than the neighbourhood. 

Another highlight from our research is that there are non-negligible life-cycle effects in 

sibling correlations. We obtain estimates of the sibling correlations that follow a u-shaped 

profile between the ages of 21 and 45. Our estimates replicate the findings of previous 

research for Denmark in the 30 – 40 age range studied by those papers, but show that siblings 

correlations are much higher both before and after that interval, demonstrating the importance 

of modelling life-cycle effects. Observing, as we do, large sibling effects at the start of the 

life-cycle may be particularly worrying in the presence of credit constraints that may be 

binding at young ages. 

Having established that paternal earnings are important in determining sibling 

correlations raises further issues that can be addressed in the future. In essence, one would 

like to better understand the factors operating behind the two components of sibling 

correlations identified in this paper. Endowments and social networks are two dimensions for 

future investigations. Assessing the importance of these factors is not new to the literature; 

however, looking at them using multi-person models of earnings dynamics similar to the ones 

of this paper may provide new insights on these long-standing issues. 
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Appendix 

Minimum Distance estimation of the model is based on imposing the moment restrictions 

implied by the model on empirical second moments estimated from the data. 

Moment restrictions for the extended RG model of permanent earnings are as follows: 

 

Father’s covariance structure 

E(yF
ijt y

F
ijr) = [(σ2

α + σ2
µ) + (σ2

β +σ2
λ)AitAir + (σαβ + σµλ)(Ait+Air)] πt πr;  (A.1) 

 

Son’s covariance structure 

E(ySb
ijt y

Sb
ijr) = [(σ2

α + σ2
µ +  σ2

δ) + (σ2
β +σ2

λ+σ2
φ)AitAir +  

                 (σαβ + σµλ+σδφ) (Ait+Air)] πt πr, b=1,2; 

(A.2) 

 

Father-Son covariance structure 

E(yF
ijt y

Sb
kjr) = [σ2

µ + σ2
λAitAkr + (σµλ) (Ait+Akr)] πt πr , b=1,2; (A.3) 

 

Son-Son covariance structure 

E(yS1
ijt y

S2
kjr) = [(σ2

µ + σ2
δ ) + (σ2

λ+σ2
φ )AitAkr + (σµλ+σδφ) (Ait+Akr)] πt πr. (A.4) 

 

RG intercepts and slopes are identified by age. Idiosyncratic parameters are identified 

by individual earnings moments. Intergenerational parameters are identified by Father-Son 

earnings moments. Sibling parameters are identified by Son-Son earnings moments, so that 

the difference between siblings moments and intergenerational moments identifies residual 

sibling parameters. Using RG parameters we can decompose the total sibling correlation of 

permanent earnings into its intergenerational and residual sibling components over the life 

cycle, obtaining equation (8) of the main text: 

 

ρS(A) = ρI(A) + ρR(A). (A.5) 

 

where  

- ρI(A) = [σ2
µ + σ2

λA2 + 2σµλA]/var(y(A)),  

- ρR(A) = [σ2
δ  + σ2

φ A
2 + 2σδφA]/var(y(A)) and  

- var(y(A)) = [(σ2
α + σ2

µ +  σ2
δ) + (σ2

β +σ2
λ+σ2

φ)A
2 + 2(σαβ + σµλ+σδφ)A]. 
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Within person moment restrictions for the member-specific AR(1) model are as follows: 

 

E(vh
ijt v

h
ijs) = {d0cηcσ

2
0h + dd[σ

2
εh + Var(uh

ijt-1)ρh
2] +d1[E(uh

ijt-1 u
h
ijt-s)ρh]}τtτs (A.6) 

 

where d0c is a dummy for variances in the first year of observation of cohort c, ddc is a dummy 

for variances in subsequent years and d1 is a dummy for covariances. 

Since we allow for cross-member correlations of transitory shocks, the model yields 

restrictions on transitory earnings also for cross-member moments:  

 

E(vh
ijt v

l
kjs) = σhl[dd + (1- dd)(dt>sρh

|t-s| + ds<tρl
|t-s|)]τtτs (A.7) 

 

where dt>s (ds<t) indicates whether t>s (t<s).                     

  



28 

 

Appendix Table: Estimates of period factor loadings for the main model 

  

Permanent 

component, πt  

Transitory 

component, τt 

  Coeff. S.E.  Coeff. S.E. 

1980 1 1 

1981 1.1673 0.0300 1 

1982 1.2109 0.0367 1 

1983 1.0702 0.0381 1 

1984 1.1329 0.0402 0.9137 0.0146 

1985 1.0822 0.0357 0.8628 0.0148 

1986 0.9851 0.0317 0.8970 0.0162 

1987 1.1133 0.0349 0.8774 0.0154 

1988 1.2033 0.0378 0.9004 0.0158 

1989 1.1858 0.0385 0.9652 0.0176 

1990 1.3074 0.0422 0.9592 0.0164 

1991 1.3523 0.0420 0.9320 0.0155 

1992 1.3039 0.0408 0.9758 0.0170 

1993 1.3399 0.0417 0.9634 0.0157 

1994 1.4507 0.0470 0.9371 0.0171 

1995 1.3605 0.0445 0.8968 0.0161 

1996 1.4037 0.0459 0.8831 0.0152 

1997 1.4126 0.0468 0.8489 0.0149 

1998 1.3560 0.0451 0.8467 0.0146 

1999 1.3554 0.0454 0.8479 0.0142 

2000 1.3477 0.0464 0.8657 0.0150 

2001 1.3040 0.0449 0.8749 0.0144 

2002 1.2833 0.0444 0.8963 0.0145 

2003 1.2485 0.0438 0.9401 0.0158 

2004 1.1878 0.0418 0.9089 0.0148 

2005 1.1392 0.0398 0.8667 0.0141 

2006 1.0572 0.0375 0.8391 0.0136 
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Table 1: Descriptive statistics 

      (1)  Sample without earnings 
selection 

  (2)   Estimating sample 

   

Father Son 1 Son2 
 

Father Son 1 Son2 

Individuals 
 

301696 301696 89051   245952 245952 66237 

Observations 
  

6261749 3404154 922805 
 

5397161 2979859 754717 

         

1985 Earnings (DKR 2000) 318.51 200.86 199.90 318.32 202.54 201.92 

 

SD Earnings 163.09 97.85 91.32 131.95 93.15 86.91 

 

Age 
 

37.94 23.35 23.00 
 

37.92 23.35 23.00 

          1995 Earnings (DKR 2000) 355.71 207.65 198.87 352.50 210.23 201.84 

 

SD Earnings 202.55 126.44 117.84 168.57 119.21 110.92 

 

Age 
 

47.88 24.93 24.01 
 

47.86 24.99 24.08 

          2005 Earnings (DKR 2000) 369.92 312.73 299.13 364.65 318.28 306.02 

 

SD Earnings 226.09 186.69 167.34 173.93 156.52 143.29 

  Age   54.65 31.75 30.76   54.64 31.98 31.03 
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Table 2: Permanent Earnings – Estimates of Random Growth parameters  

A. Starting level 

 Coeff. S.E. Share 

σ2
α (Individual) 0.0577 0.0048 0.42 

σ2
µ (Intergenerational) 0.0253 0.0021 0.18 

σ2
δ (Sibling residual) 0.0545 0.0048 0.40 

    

B. Growth rates 

 Coeff. S.E. Share 

σ2
β (Individual) 0.00003 0.00001 0.07 

σ2
λ (Intergenerational) 0.00013 0.00001 0.34 

σ2
φ (Sibling residual) 0.0002 0.00002 0.59 

    

C. Covariance 

 Coeff. S.E. Age* 

σαβ (Individual) -0.0002 0.0002 28 

σµλ (Intergenerational) -0.0014 0.0001 32 

σδφ (Sibling residual) -0.0033 0.0003 38 
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Table 3: Transitory Earnings – Estimates of member-specific AR(1)  

A. Variance of shocks (σ2
ε) 

 Coeff S.E. 

Father 0.2495 0.0060 
Son1 0.4006 0.0117 
Son2 0.4017 0.0124 

   

B. Covariance of shocks (σhl) 

 Coeff S.E. 

Father-Son1 -0.0007 0.0024 
Father-Son2 0.0089 0.0035 
Son1-Son2 0.0215 0.0034 

   

C. Autoregressive coefficient (ρ) 

 Coeff S.E. 
Father 0.5925 0.0057 
Son1 0.5497 0.0076 
Son2 0.4790 0.0116 

   

D. Initial condition (σ2
0) 

 Coeff S.E. 
Father 0.3671 0.0138 
Son1 0.2894 0.0490 
Son2 0.2423 0.0421 

   

E. Birth cohort (η, 1940-42=1 ) 

 Coeff S.E. 

1943 - 1945 0.9069 0.0416 
1946 – 1948 0.7572 0.0356 
1949 – 1951 0.6634 0.0341 
1952 – 1954 0.7986 0.0409 
1955 – 1957 0.9296 0.0528 
1958 – 1960 0.9650 0.0744 
1961 – 1963 1.4181 0.2656 
1964 – 1966 1.4358 0.2553 
1967 – 1969 1.7710 0.3040 
1970 – 1972 2.1918 0.3713 
1973 – 1975 2.0185 0.3400 
1976 – 1979 1.9454 0.3274 
1979 – 1981 2.0476 0.3427 
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Table 4: Robustness checks  

 

4.1 Triplets-only sample  

A. Starting level 

 Coeff. S.E. Share 

σ2
α (Individual) 0.0636 0.0089 0.40 

σ2
µ (Intergenerational) 0.0230 0.0033 0.15 

σ2
δ (Sibling residual) 0.0713 0.0080 0.45 

    

B. Growth rates 

 Coeff. S.E. Share 

σ2
β (Individual) 0.0001 0.00002 0.11 

σ2
λ (Intergenerational) 0.0002 0.00002 0.34 

σ2
φ (Sibling residual) 0.0003 0.00003 0.55 

    

C. Covariance 

 Coeff. S.E. Age* 

σαβ (Individual) -0.0004 0.0004 29 

σµλ (Intergenerational) -0.0015 0.0002 30 

σδφ (Sibling residual) -0.0040 0.0004 36 

 

4.2 Correlated sibling effects 

A. Starting level 

 Coeff. S.E. Share 

σ2
α (Individual) 0.0558 0.0035 0.45 

σ2
µ (Intergenerational) 0.0449 0.0037 0.17 

σ2
δ (Sibling residual) 0.0699 0.0054 0.38 

σµδ (Covariance) 
-0.0235 0.0037  

    

B. Growth rates 

 Coeff. S.E. Share 

σ2
β (Individual) 0.0001 0.00003 0.22 

σ2
λ (Intergenerational) 0.0001 0.00002 0.30 

σ2
φ (Siblings residual) 0.0002 0.00004 0.48 

σ2
λφ (Covariance) 0.00004 0.00002  

    

C. Covariance 

 Coeff. S.E. Age* 

σαβ (Individual) -0.0010 0.0002 33 
σµλ (Intergenerational) -0.0012 0.0001 36 
σδφ (Siblings residual) -0.0027 0.0003 39 
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Table 5: Nested models 

 

5.1 Intergenerational model 

A. Starting level 

 Coeff. S.E. Share 

σ2
α (Individual) 0.0933 0.0068 0.78 

σ2
µ (Intergenerational) 0.0261 0.0022 0.22 

    

B. Growth rates 

 Coeff. S.E. Share 

σ2
β  (Individual) 0.00010 0.00001 0.40 

σ2
λ (Intergenerational) 0.00015 0.00001 0.60 

    

C. Covariance 

 Coeff. S.E. Age* 

σαβ (Individual) -0.0017 0.0003 38 

σµλ (Intergenerational) -0.0015 0.0001 31 

 

5.2 Siblings model 

A. Starting level 

 Coeff. S.E. Share 

σ2
α (Individual) 0.0429 0.0128 0.59 

σ2
δ (Siblings) 0.0299 0.0091 0.41 

    

B. Growth rates 

 Coeff. S.E. Share 

σ2
β (Individual) 0.0001 0.00004 0.51 

σ2
φ(Siblings) 0.0001 0.00004 0.49 

    

C. Covariance 

 Coeff. S.E. Age* 

σαβ (Individual) -0.0016 0.0005 33 

σδφ (Siblings) -0.0017 0.0005 35 
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Table 6: Permanent earnings with mother’s schooling 

A. Mother education 

 Coeff. S.E.  

ω 0.0002 0.00003  
    B. Starting level 
 Coeff. S.E. Share 

σ2
α (Individual) 0.0741 0.0062 0.58 

σ2
µ (Intergenerational) 0.0233 0.0020 0.18 

σ2
δ (Sibling residual) 0.0308 0.0064 0.24 

    C. Growth rates 
 Coeff. S.E. Share 

σ2
β (Individual) 0.00004 0.00001 0.12 

σ2
λ (Intergenerational) 0.0001 0.00001 0.33 

σ2
φ (Sibling residual) 0.0002 0.00002 0.55 

    D. Covariance 
 Coeff. S.E. Age* 

σαβ (Individual) -0.0008 0.0002 38 
σµλ (Intergenerational) -0.0013 0.0001 31 
σδφ (Sibling residual) -0.0027 0.0003 34 
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Table 7: Permanent earnings with differential intergenerational transmission  

A. Starting level 

 Coeff. S.E. Share S1 Share S2 

σ2
α (Individual) 0.0487 0.01409 0.30 0.30 

σ2
µ1 (Intergenerational Son 1) 0.0191 0.00807 0.12  

σ2
µ2 (Intergenerational Son 2) 0.0206 0.00812  0.12 

σµ12 (Intergenerational Son1 Son 2) 0.0035 0.00563   
σ2

δ (Sibling residual) 0.0925 0.01551 0.58 0.58 
     

B. Growth rates 

 Coeff. S.E. Share S1 Share S2 

σ2
β (Individual) 0.0001 0.00003 0.12 

σ2
λ (Intergenerational) 0.0002 0.00002 0.36 

σ2
φ (Sibling residual) 0.0003 0.00004 0.54 

  

C. Covariance 

 Coeff. S.E. Age*  

σαβ (Individual) -0.0005 0.00049 29 
σµλ (Intergenerational) -0.0016 0.00022 30 
σδφ (Sibling residual) -0.0040 0.00055 36 
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Figure 1: Intergenerational and sibling associations of earnings 
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Figure 2: Decomposition of life-cycle earnings variance 
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Figure 3: Decomposition of sibling correlation  
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Figure 4: Decomposition of sibling correlation; robustness checks  
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