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1. Introduction

The literature reviews of Bjorklund and Jantti {(femoming) and Solon (1999) provide numerous
examples of empirical studies that have carefuliasured the intergenerational income
elasticity (IIE) for a variety of countries. Howey¢his research agenda has to date provided
little insight into the structural mechanisms thaderlie this transmission of income from father
to son. Therefore, it remains unclear whether Breltimate should be interpreted as the causal
effect of financial resources on child quality, thechanical persistence of genetic or human
capital differences, or something else entirelythis paper, we develop an approach to identify
the mechanisms through which the IIE operates. Né&v$ow this approach can be used to
discern the relative importance of paternal incoeresus human capital (broadly defined) in
intergenerational income mobility.

We begin with a simple model (consistent with Becknd Tomes 1979) in which
paternal human capital and financial investment® Isgparate effects on child quality as
measured by income. In this setting ordinary legsiares (OLS) estimates of the IIE converge
to a weighted combination of these two effectse Weight on each factor depends on the
relative importance of luck and human capital itedaining paternal income. We further show
how instrumental variables (IV) estimates of tHe identify different combinations of the
paternal human capital and financial resource &ffetth weights that depend on a particular
instrument’s covariance with paternal human cajital income due to luck.

This insight allows us to test the assumption thatllE operates through multiple
mechanisms by comparing IV and OLS estimates. Mpeeifically, under the null hypothesis
that the IIE operates through a single mechanisibg &nd IV estimates (or any two IV

estimates obtained from different correlates oépatl income) should be statistically



indistinguishable. Thus rejecting this null hypdatiserequires the IIE to operate through at least
two mechanisms. Furthermore, given an instrumémtiwis correlated only to the luck
component of paternal income and another instrunvéith is correlated only to the human
capital component, we can identify the structueabmeters underlying the IIE in our model.
Even if such instruments prove unobtainable, wevstat IV estimation allows us to identify
upper bound estimates of the role of financial ueses and lower bound estimates of the
importance of human capital using instrument sets/dd from correlates for father’s income
that satisfy a simple monotonicity condition.

We also demonstrate that identification of thedtrtal parameters is also possible even
without an instrument that effectively isolatesiaton in paternal income due to luck. More
specifically, identification is achieved with arstrument that isolates variation in paternal
income due to luck combined with an estimate offthetion of variance in paternal human
capital attributable to variation in human capit@ne can obtain a lower bound of the latter by
calculating the r-squared from a simple Minceriagression of paternal permanent income on
measures of human capital. This in turn providealternative method to identify a lower
bound of the mechanistic impact of human capitdl am upper bound of the causal effect of
paternal income.

Using a large dataset of Swedish fathers and thatiprovides excellent data on
permanent incomes, we estimate an IIE of 0.28,istarg with prior estimates in the literature of
Scandavian countries. When paternal permanentiads instrumented with education or
related factors designed to capture the influerideiman capital the estimated IIE is much
higher, exceeding 0.40. This allows us to rejeetdne factor model. Though it is more difficult

to find an instrument that captures a paternalinmeeariation due to luck we present some



candidates which provide significantly lower lIBiesates as predicted by our model. These
results imply that approximately one-third of théergenerational income transmission is due to
variations in monetary income. The breakdownnslar with our alternative identification
strategy relies on an estimate of a Mincer r-sgak&@ show that these estimates are robust to
alternative specifications and weighting schemes.

This paper proceeds with a description of howstudy fits into the literature on
intergenerational income inequality, the transfelmaman capital, and the importance of parental
financial resources. We then outline a simple rbmtehe intergenerational transmission of
income, which leads directly to our empirical stat for identifying the structural parameters of
the IIE. We follow by describing our data and tlpgasent our estimation results. We discuss

threats to identification and present various rtieess checks. We then conclude.

2. Literature Review

Bjorklund and Jantti (forthcoming) and Solon (1988jiew a large number of articles
that attempt to measure the cross generationalation of income. Since these reviews
provide an excellent summary of a large body ofkware will mention here only a few key
findings that motivate our present study. In gatr, these studies suggest that IIE estimates
are quite sensitive to poor measures of permanentme. For example, Mazumder (2005)
reports IIE estimates as high as 0.613 for theddn8tates when sixteen years of earnings are
used to construct measures of father's permaneatrg. This number falls to 0.472 when six

years of earnings are averaged.

! The difference arises from the fact that eachopésiearnings is only a noisy measure of permaineome. Thus
as one averages over a larger number of perioglgvbrage of earnings becomes a more precise iadmfa
permanent income.



The second consistent finding is that IIE valuedefeloped countries tend to fall into
two classes. The U.S. estimates calculated by Mamder (2005) are similar in magnitude to
others obtained with American data such as Sole@Z)land Zimmerman (1992), as well as
those from lItaly (Piriano, 2007) and France (Lelrand Trannoy, 2005). Other developed
countries, however, tend to show much lower pexscst in earnings. Indeed, estimates in
Nordic countries tend to be much smaller, clustgdlose to 0.2 (see Bjorklund and Chadwick,
2003; Aakvik et al., 2006; Pekkarinen et al., 2086g Hussain et al., 2008).

While descriptive evidence regarding IIE magnisudeuseful, it would be helpful to
understand the mechanisms by which income progagaticurs. Such mechanisms do arise in
the explicit economic models of intergeneratiomabime correlation constructed by Becker and
Tomes (1979), Becker and Tomes (1986), CheccHi €1399), Davies et al. (2005), and
Hassler et al. (2007). Unfortunately, for reasdissussed by Goldberger (1989), Grawe (2004),
and Mulligan (1999) these models have proved diffito test in a convincing fashion.

While we are not aware of any studies to datelihge attempted a systematic empirical
decomposition of the role of human capital versas@tary resources, there is a separate
literature that examines the intergenerationalstr@esion of parental characteristics that might
in part explain the transmission of incorhe=or example, Black, Devereux, and Salvanes (2008)
and Bouchard and Matthew (1981) describe the iaterrational transmission of 1Q scores.
Black, Devereux, and Salvanes (2005), Behrman arsgfizweig (2002), and Oreopoulos, Page,
and Stevens (2006) examine the parental transmis$ieducation. Hauser and Logan (1992)

discuss the transmission of occupational status.

2 Bjorklund, Jantti, and Lindquist (2009) do examihe role of education in explaining brother incotoerelations
in Sweden.



Similarly, a number of researchers have attemiatédentify the causal effect of parental
income on a variety of child outcomes, includingwas. Excellent examples include Dahl and
Lochner (2005), Shea (2000), Mayer (1997), Bla®@)9and Carneiro and Heckman (2002).
While these papers present a mixed picture regguittie role of financial resources on child
quality, collectively they suggest that the rawretation between parental income and child
outcomes should not be interpreted causally. Howétazumder (2005) and Corcoran et al.
(1992) find that paternal education has no indepetdorrelation with son’s earnings once one
controls for an accurate measure of father’'s peemt@imcome. In the context of our model, this
finding can be interpreted as accepting a singiofanodel of intergenerational income
transmission. Their results are also consistetit thie relationship between paternal and filial
income reflecting primarily the causal effect afdncial resources.

Several studies within this strand of literatuxaraine the impact of parents’ income on
children’s outcomes when they are quite young, siscbcholastic achievement tests and
measures of behavioral development. Blau (1999)emrthat these types of child outcomes do
not correlate strongly with adult outcomes. Fumiere, such income induced gains may also be
short-lived (Dahl and Lochner 2005). In contrasi, paper examines the impact of fathers’
permanent incomen sonspermanent incomen outcome of greater eventual importance. We
can also measure permanent income quite accurgely Swedish income tax data. Other
papers that look at earnings or family income aflasions use much noisier measures of
income, making it more difficult to draw strongeénénce.

Our examination of intergenerational income trarssmon mechanisms helps to connect
these disparate literatures. We posit an econaroael consistent with Becker and Tomes

(2979) in which financial resources may have a abefect on child outcomes. We allow



paternal characteristics such as education to Aawedependent effect on child quality.
Relying on this simple structural model and a w&ely dataset of father-son pairs from Sweden,
we provide estimates of both the causal impacinainicial resources and the direct rate of

transmission of paternal human capital.

3. Modé

When researchers measure the intergenerationahtrasion of income, they commonly
estimate an equation of the following form:

(1) iNCgon = By + BiNC ianer + Esons

whereinc,,, andinc,,,, are the natural logarithm of income for the sod father respectively

and e_, is aresidual. Although empirical researcherscglpy make no claims regarding the
causality of this relationship, it is useful to eater what structural parameters it actually
captures. To see this, consider a slightly moreptex model.

Suppose fathers differ in terms of human capitdl iacome. Paternal income is a
function of a father’s human capital and other sgiiacratic factors. We write this relationship
as:

(2) incfather =y+ HCfather+,7 father*

In the current context, human capitedC,,,..,, consists of education, health, and genetic

endowments that carry a return in the marketplaceisdenominated in dollar equivalents,

while 77,4, Captures variation in paternal income that istdueick. This might include an



unusually good job match, benefiting from a gensnanion contract, etc. We assume that

e 1S OFthogonal to paternal human capital.

Fathers are interested in producing high qualityssms measured by income. This
manifests itself in the following relationship:
3) INC,,, = 7Ty + T4iNC e, + TLHC (s T Veon
This equation is identical to that derived in Backed Tomes (1979) when one abstracts from
the impact of average societal human cafit@hus each of the parameters can be given a

structural interpretation. More specifically, corresponds to the fraction of income invested in
child quality multiplied by the efficacy of thisyestment. Meanwhile 7z, captures the degree
to which human capital is directly transferablehidren, while allowing such transfers to be
offset by reductions in financial investment. Ewvktie strong functional form assumptions of
the Becker and Tomes (1979) model do not hold, tewué3) can be viewed as a linear
approximation of a more complex behavioral/procarctnodef

Substituting equation (2) into equation (3) yietlds following expression:
(4) iNC,, = 70, + 7y + (771 + 772) HC taner T 717 tather TV sor-
This equation captures the intuition that patehethan capital can affect child quality through

an increase in financial investment as measuregd; gnd directly througirz,. The component

% Given our broad view of human capital, it's natanl this independence assumption is restrictineparticular, if
an individual possesses a characteristic that weydtematically raise wages in many counterfadives, it is
encompassed in human capital. Thus luck, by cectsn, is that which is idiosyncratic to an indivil’s realized
life outcome.

* It is also consistent with the data generatingess in Shea (2000).

® In Becker and Tomes (1979) the fraction of incapent on investment in children is pegged by pesfes
parameters of a Cobb-Douglas utility function. Hfiicacy of investments in equilibrium is determihby the
market rate of interest.

® Mulligan (1999) and Goldberger (1989) point ow tifficulties of determining whether the intergeateonal
correlation in income reflects optimizing behaviora mechanistic convergence to the mean positesiditpn in
the nineteenth century.



of a father’s income that is generated by luckaffdis son’s income only through increased

financial investment.

Given this model, the OLS slope estimator for ¢igna(1), B°-° converges to:

Var( HCfather)
var( HCfather) + Val(’? father) '

A

(6)  plm(3*)=m+m,

Note that the first term captures the impact oépadl income, holding constant human capital.

The second term captures the impact of paternabhuwapital on son’s income. The term

Var( HCfather) . . . . . .
is the fraction of variance in father’'s incomeiatitable to human
Var( HCfather) + Val’(f] father)

capital variation. The key insight is that if \&ron in paternal income is due primarily to luck,

then,[?lOLS reflects primarily financial investments in chddality. On the other hand, if

variation in paternal income is primarily due téfeliences in human capita°-°, will also

reflect the direct impact of father’'s human capaalchild quality. Thus the structural
interpretation of any particular OLS estimate dejsecrucially on the source of income variation
for fathers in that particular study.

Because different sources of paternal income trandave different implications for
filial income, alternative estimation methods h#we potential to shed more light on the
mechanisms underlying the intergenerational trassiom of income. In particular, suppose

there exists a correlate of paternal incodg,.,. Using this variable as an instrument for

paternal income to identify the intergeneratior@relation of income relationship of equation

(1) yields the following probability limit:

COV( HCfather ’Z father)
COV( HCfather ’Z father) + CO\’(’] father ,Z fa’[he)

© pim(3Y)=m+m,

9



Like the OLS estimate,@l'v reflects the impact of paternal income operatingugh financial
investmentsy,. The second term of the IV estimator takes immoant the direct effect of
paternal human capital on child quality. The egpren

COV( HCfather ’Z father)
COV(HC Z )+ CO\’(’] father L fathe

father 1 = father

) represents the proportion of the covariance betwee

income and the instrument that is attributablewman capital. It follows that each potential
instrument is associated with a local averagertreat effect (LATE) depending on its
covariance with luck and human capifalhat is, each instrument identifies a potentially
different weighted combination of the structuratgraeters®®

This suggests that the properties of multiplenestion attempts can be leveraged to

reveal information about the structural paramedéimur model. For example, since
plim(3 )= plim(82) it and only if 7, =0 or

COV( HCfather 'Z father)
COV( HCfather ’Z father) + CO\’(’] father ’Z fathe)

Var( HCfather)
Va( HC fathe) + Va(’] fath

e) (which will in general not

hold if both Z .., and 77,,.., have non-degenerate distributions), a significkifikrence

between OLS and IV estimates implies thgt# O . Thus, a simple Hausman test can show that

the transmission of income comes partially throagjenetic or environmentally mediated direct

parental human capital effect, rather than excllgithrough the investment of additional

" See Imbens and Angrist (1994).

8 Solon (1992) documents the difference between @AdIV estimates of the intergenerational inconastiity.
He views the IV estimate as upwardly biased. Waldiargue that bias can only be determined in tmext of
the structural parameters one is trying to estimate

° This intuition and the general empirical approacd similar to those used by Jacob, Lefgren, ant Si
(forthcoming) to examine the persistence of teadiduced learning gains.

10



financial resources? By the same token, unlegg =0, any two instruments should yield a

different value for the intergenerational incomasétity as long as they differ in their relative
covariance with luck and human capital. Thus,atéjg a test of overidentifying restrictions in
an IV context allows us to conclude that finanam@kestments are not the sole mechanism
through which income is transmitted from generatimgeneratiori

Furthermore, our model implies that a combinatibeuitable instruments could be used
to disentangle the magnitudes of direct human abaitd resource investment effects. Suppose

that there exists an instrument that is relateg tmthe luck component of paternal income. In

this case,[?l'v converges tor, , the pure impact of a father’s financial resour&sea (2000)

and Dahl and Lochner (2008) use such a strategitempts to identify the causal impact of
financial resources on child outcomes. Alterndgivan instrument that is correlated only to
paternal human capital and not luck will yield atimate that converges #+ 7z,, the impact of
financial resources plus the impact of paternal fwncapital (where human capital is
denominated in dollars). Thus, direct comparisotheftwo estimates allows separate
identification of the two structural mechanisms.

Even in the absence of two such ideal instruméhits methodology allows us to
establish bounds on the structural effects. Considg instrument that satisfies the monotonicity

condition thatcov(HCfather, Zfather) and CO\:(/]mher, Zfather) have the same sign. If this condition

holds, the probability limit of the resulting IVtesate will necessarily lie betweem

andr + 77,. Thus, abstracting from estimation error and m#sg7z, = 0, the minimum estimate

9 Even in a more general setting, a comparison 8 @hd |V estimates tells whether there is a singiehanism
through which paternal income correlates with samt®me or multiple mechanisms. If a Hausmanigestjected,
one can infer that multiple mechanisms are at work.

™ An instrumental variables approach also has thartdge that it is robust to imperfect measurgseofanent
income as long as the instruments themselves #regomal to transitory fluctuations.
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from using an arbitrary set of instruments yieldsugper bound forz,. While the maximum
estimate yields a lower bound faf + 77,. Subtracting the minimum estimate from the
maximum estimate yields a lower bound®f If instruments are available such thgtand 7z,
are identified or at least closely bounded, onelmak out the fraction of variance in paternal
income due to human capital froff*S.

An alternative bounding procedure is possible evién only measures of human capital.
More specifically, suppose we have a set of insemisy Z!<, ., which are correlated to paternal

human capital but uncorrelated to luck. Under #sisumption, instrumental variables estimation

of equation (1),3" , identifies 7z + 77,. The corresponding OLS estimaf’"®, converges to

Var( HCfather) . . Var( HCfather)
L+ 7T, . With an estimate of
Var( HCfather) + Val’(ﬂ father) Var( HCfather) + Val’(f] father

) , one can

recovers; and7z,. Since by assumptioB

father

only affects paternal income through human

hc
father

capital, the r-squared of the Mincerian regressiopaternal earnings o yields a lower

Var( H Cfather)
var( HCfather) + Val'(’] father

bound of ) . This lower bound in conjunction with our OLS aiwd

estimates of the intergenerational income elagtadlow us to estimate a lower bound &f and

an upper bound ofz .

4. Data
4.1 Data Sources and Description
Our empirical analysis is based on a 35 percenpkaaf sons born in Sweden between

1950 and 1965 drawn from Statistic Sweden’s mutiggational register (which covers all

12



persons who were born in Sweden from 1932 onwardshave lived in Sweden at any time
since 1961). Nearly all biological and adoptiveqras of these sons are identified in this data
set. The identification rate of fathers rises fr@npercent for those sons born in 1950 to 98
percent for those sons born in 1965. The multigareral register also includes information on
the year of birth and death (when applicable) ahaadividual. The register sample is then
matched with data from the official Swedish taxisezy. We use data on income from all
sources, or pre-tax total factor income, whichvailable from 1968 to 2005 to construct our
main income measure for both fathers and 3bns.

Our research design takes advantage of a numlipetterfitial correlates to fathers’
income available to us beyond this straightforwaehsure of total market income including:
education, occupation, employment status, and botfort. These variables and their
interactions are likely related to a range of galsseffects on a father’'s human capital or on the
idiosyncratic component of his income. The uséhebe variables as instruments will be
discussed in more detail below.

Fathers’ educational attainment is measured ivélde (i) less than 9 years of primary,
(i) completed 9 years of primary, (iii) at mosy@ars of secondary, (iv) 2 to 3 years of
secondary, (v) less than 3 years of upper seconflayyat least 3 years of upper secondary
school, and (vii) graduate studies. Most of thifsimation has been taken from Sweden’s
national education register for the year 1990.fHther's education was missing in this primary

source, then secondary sources were searchedwakidone in the following order: the national

12 The definition of this income measure changeddindlto include some social benefits, most notably
unemployment compensation and illness benefiterRalrleave benefits were also included but wereat
exclusively used by mothers. We have direct measniréhese benefits for the 1974 to 1980 periodchvive use
to gauge the sensitivity of our estimates to thailusion. We also include father birth-year dumsrti@ control for
this and other cohort-specific and/or time varyéffgcts.
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education registers for 1993, 1996 and 1999 anéllji, the 1970 Censug.Swedish Census
data have also been used to identify a father’sicipality of residencé? his occupation and his

employment status for the years 1960, 1965, 19905,11980, 1985 and 1999.

4.2 Measuring Permanent Income

To estimate the intergenerational income elastitig) posited in model (1), we need measures
of permanent income for fathers and sons. Our tatagver, do not allow us to calculate actual
permanent incomes for all fathers and sons. Insteadre forced to use a proxy for permanent
income.

Two main obstacles to constructing a high quadityxy for fathers’ permanent income
have been identified in the previous literaturee Tibst is the presence of transitory income
shocks in the data. This is likely to attenuakedktimates unless the proxy is constructed using
a large number of years of fathers’ income datdof80992, Mazumder 2001, 200%)The
second obstacle arises from the heterogeneityeatyicle income profiles (Jenkins 1987, Haider
and Solon 2006, Grawe 2006). In short, this ltteeatells us that fathers’ incomes must be
observed in the correct age range to capture aeconm@asures of differences in permanent
incomes across individuals or groups. The probléhiescycle bias also applies to our proxy of

sons’ permanent income, since it is a form of niassical measurement error.

1320 percent of the data on fathers’ education ctrora the 1970 census. Nearly all of the remainirfgrimation
comes from the 1990 national education registéorination concerning education could not be foundifl
percent of the fathers in the full sample. But lgs1 0.5 percent is missing in our baseline sample

14 Between 1962 and 1974, Sweden reduced the nurhbmrricipalities from 1037 to 278. After 1974, thismber
was allowed to rise. Today Sweden is comprised®06fraunicipalities.

15 Although all censuses report some measure of gmygnt, the employment status variables change énoen
census to the next. Employment status is coded &-&nin 1960, from 0-5 in 1965, 1-9 in 1970, 1976 4980 and
1-4in 1985 and 1990. These differences are larmdigdyto evolving approaches to measure part-timg@ment.
Note also that there is no information on occupatiothe 1965 census.

18 |n fact, this challenge is complicated even furtye the existence of autocorrelation in transitsinpcks to
income and by the fact that the variance of thbsels may change over the life cycle.

14



For our fathers, Bohlmark and Lindquist (2006) segidhat income measured after age
33 may act as a good proxy of permanent incomeo&osons born in 1950, they tell us to look
at a specific age, namely age 34. But since ous ao&born between 1950 and 1965 and have
(on average) more education than those studiedbyniark and Lindquist (2006), we choose to
shift this age upwards by one year to age 35.

Our proxy for permanent income of sons is calcdla® follows. We use 11 years of
income data for each son centered on age 35from,age 30 to age 43.Nominal income is
deflated using the Swedish consumer price indexu®éethe natural logarithm of an average of
real income taken across these periods. A simpilacedure is used to calculate the permanent
income of fathers. The only difference is that éaghincome is measured between age 30 and 60.
We argue that this proxy of fathers’ permanent meas a high quality measure of permanent

income that is largely free from both life-cyclabiand attenuation bi&%.

" For sons born in 1950 we can actually run a tesee if our proxy for sons’ permanent incomeés firom life-
cycle bias or not. We do this by calculating a-fldka permanent income for each son in this botioct using all
of the available income data from age 18 to 55s Bhiould provide us with a relatively good measidngermanent
income. We then regress our proxy onto this nelsdala measure of permanent income which producé3Ls
regression coefficient equal to 0.98, where a dodiefit of 1 indicates no life-cycle bias (see Haided Solon 2006
or Bohlmark and Lindquist 2006). Unfortunately, @an not do this for our younger cohorts, becaussimply
don’t have enough information concerning their imes above age 40. We have, however, run similts tsing
fathers’ incomes as described in footnote 18.

8 We can also offer some support for this claim. fatiers born in 1938 we constructed a proxy fonmament
income using only 11 of their income observatioesieen the ages of 30 and 40. We then constructedand
measure that we believed to be a closer approomati true permanent income using 38 years of iheame
observations between the ages of 30 and 67. Raggeke 11-year proxy onto the 38-year measureuef t
permanent income produced an OLS regression cagffiequal to 1.02, where a coefficient of 1 intésano life-
cycle bias (see Haider and Solon 2006 or Béhimadklandquist 2006). Thus, it appears that we ate abdeal
adequately with life-cycle bias using a less tharfgxt proxy. The R-square of this regression iadis a reliability
ratio for the 11-year proxy of 0.82. In the abseoftkfe-cycle bias, this reliability ratio can lmterpreted as a
measure of the size of the attenuation bias iardstrd fashion. The estimated IIE using 11-yeaxipsofor both
fathers’ and sons’ incomes is 0.22. Inflating #s$imate with the reliability ratio, 0.22/0.82, g&/us an adjusted
IIE of 0.27. The actual IIE found in this experinhemwhich uses a 31-year proxy for fathers’ permaisome
between the ages of 30 and 60, is also close (& this rise is not being driven by composaiachanges in the
sample). This indicates that our 31-year proxyabfiérs’ permanent income may be largely free frétemaation
bias (the reliability ratio is now 0.98). Mazumd2605) argues that averaging over 30 years of irclamgely
eliminates attenuation bias unless transitory sbdgmonstrate a very strong degree of autocowaldti this case,
the reliability ratio may be as low as 0.9 everiaftveraging over 30 years of income.

15



Descriptive statistics for fathers’ and sons’ pemera income used in our baseline
estimation can be seen in Table 1. To be includeda sample, we require at least 10 years of
non-missing observations of income within the ccrege window. Despite this somewhat loose
demand on fathers’ incomes, we still do not obsemaey missing values. The median number
of missing values is zero and the mean is 0.71sbos, only 3 percent of the baseline sample
has 1 out of 11 income observations missing.

The original probability sample of sons born betw&850 and 1965 contains
information on 309,869 sons. Due to the demandingme requirements needed to run this
intergenerational experiment properly, our sampleng&s to 24,114 father-son pairs. In Table 2,
we compare our limited sample with the full samgdleng several dimensions. Income should
differ between the two groups by construction;ratividual is dropped from the sample when
we do not have a sufficient number of income obet@ns for that person. Despite this, the
measures of income available to us differ onlytdligbetween the two samples.

The average number of years of schooling obtairyealb fathers is 0.33 years higher
than fathers in the full sample. This is mainly do¢he fact that the median birth year of our
fathers is 1940, while the median birth year offétbers in the full sample is 1927. Most of our
fathers faced an educational system with 9 yeac®wipulsory schooling as opposed to the 7-
year system faced by those who were born befor8.I88 median birth year of our sons is
1964. The median in the full sample is 1958. Takgether, these differences produce an
average age difference between fathers and s@k& 37 in the full sample and only 22.79 in our

sample'®

19 This age difference is driven mainly by the fawtttour selection rules have matched fathers fofifg-born
sons only. We have run an alternative experimeaitubed only 11 income years for fathers. The sawiéons
used in this experiment rose to 132,210. The aecagg difference was 26.49 years. The estimateddkdEonly
slightly lower than our baseline IIE.
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4.3 Our Instruments

Our strategy for estimating the structural paramseteour model of intergenerational
income mobility is based on the idea that differgoirces of paternal income have different
implications for filial income. In our model, incamerived solely from luck identifies the direct
effect that paternal income has on filial incoméjlevincome derived solely from fathers’
human capital identifies the total effect that & human capital has on their sons’ incomes. In
the absence of perfect instruments for luck anddrnoapital, our strategy for bounding the
structural parameters of the model entails invasitig differences in a set of estimates of the IIE
produced using an array of different instrumentddthers’ permanent income. The only
demands that we place on our instruments is tlegtghtisfy the monotonicity condition stated
earlier and that they be correlated with luck anchan capital to varying degrees. In this
manner, different estimates of the IIE will be itided using different sources of variation in
fathers’ permanent incomes that are more or ldagerkto luck or to human capital.

Our instruments include fathers’ level of educatigears of schooling and occupation.
We use his occupation in 1970, 1975, 1980, 19851880, which coincide with our income
data. Our priors are that these instruments shmeilighly correlated with fathers’ human
capital®® As instruments for luck, we wish to use instrursdwased on father's employment
status in 1975, 1980, 1985 and 1990. However, gmpaat status may also reflect a father’s

human capital levels and other systematic fac@tmsdeal with this possibility we first regress

employment status on the past education and earhistpry of the father and use the residuals,

2 We also tried using the Swedish compulsory scheform as described in Meghir and Palme (2005) and
Holmlund (2008) as an aggregate instrument forefahhuman capital. But it turned out to have nedictive

power for fathers’ permanent incomes. Similarlgtinments based on municipality of residence preduceasures
that were insufficiently precise to draw meaningfahclusions.
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purged of human capital influence, as our instrumelivVhile imperfect, this plausibly captures

loss of income due to bad “luck®®

5. Results

5.1 Estimates
Estimates of the father-son intergenerational ine@asticity (IIE) are presented in Table3. Our
baseline IIE is shown in column 1 of Table 3. Tlepestimate is 0.286 with a standard error of
0.011. Comparable estimate of the father-sondiESfveden can be found in Bjérklund and
Chadwick (2003) and Bjorklund et al. (2008). Thestimates are 0.24 (0.01) and 0.251 (0.004),
respectively> These previous researchers use the average ofdoge as compared to our
measure which averages incomes across years lbakang the natural logarithm. When we
examine the average of log income, our IIE estim&i#s to 0.245 (0.009), very similar to the
prior literature.

We now turn our attention to IV estimates of tHe, Nvhich are also reported in Table 3.
Recall that each estimate corresponds to a diffe@nbination of the impact of financial

resources and the mechanistic transmission of hwayaitel. We begin by examining the IIE

ZLWe also experimented with instruments based oricipaiity of residence at early points in the fathavork
history or municipality interacted with birth coldo try and capture random locale shocks that wwersto “luck”
(Freeman 1979; Welch 1979). While these also predow point estimates they are insufficiently psecio
warrant any substantive conclusions.

2 Bjorklund and Chadwick’s (2003) estimate is takem their Table 4. It is the father-son elastidity labor
income. However, they state (on p. 241) that thechgattern is the same when using total factasrime (as we do).
Bjorklund et al.’s (2008) estimate is taken froraitiTable 4b, which is the estimate that is masilar to our own
in terms of restrictions on the data, etc. It father-son income elasticity similar to ours. Thaimdifferences are
that they limit their sample to sons born betwe260land 1967 and that they use fathers’ incoméhfiuse years
their sons were actually living at home. Using Heraative data source together with an IV estiorastrategy,
Bjorklund and Jantti (1997) estimated an intergatienal elasticity in father-son earnings of 0.28ijch is the
highest estimate that we have seen in the litezatBustafsson (1994) and Osterberg (2000) reptmaes of the
father-son earnings elasticity equal to 0.14 ad8 ,0.espectively. These are the lowest estimatdantl have seen
and they can be readily explained by their usénuitéd information on earnings. Gustafsson only &esess to 4
years of data for sons and 1 year of data for fativehile Osterberg (2000) only has access to Bsyafdata for
both fathers and sons.
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when we instrument father’'s permanent income wahry of education (column 2) and dummy
variables for education category attained (columnThe resulting point estimates are virtually
identical at 0.417 and 0.414 respectiv@lyThis estimate is significantly higher than our
baseline OLS estimates, it suggests that we shiejddt a one-factor model of intergenerational
income transmission. Furthermore, since theseumsnts plausibly isolate variation in paternal
income associated with human capital, this IV eatercan also be used as an estimate of the

parametersy, + 7z, in our model.

The next regressions use instruments for patemcahie based on measures of father’s
occupation. In column 4, we instrument using thkk mean of permanent income of fathers with
the same occupation in 1970. This correspondse@arly part of the fathers’ careers. We
expect that initial choice of occupation is largalyeflection of human capital. Of course, to the
extent that occupational wage differentials refjebtamenities or efficiency wages,
occupational wages may also reflect variation gkl(@in the context of our model) but we expect
that to be a minor factor. Indeed, the resulthegly estimate is 0.40, very similar to the results
observed with the paternal education instrume@isce again, the human capital instrument
produces a significantly different estimate thanSOL

In column 5 we expand our time frame and consinsttuments using the cell mean of a
father's permanent income for each observed ocmupat 1970, 1975, 1980, 1985, and 1990.
This takes into account occupational transitiors thay be associated with either human capital
or luck. The resulting estimate is 0.33, lowemtlize estimate associated with initial occupation

but still higher than the OLS estimates.

2 The standard errors are cluster corrected aetred bf the father.
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Our third set of IV specifications relies on themoyment status of fathers, which we
observe every five years. We begin our examinatidi®70 as prior to this many fathers in the
sample have not yet finished their schooling. dlumn 6 we instrument father’'s permanent
income with employment status dummies from allhaf periods (1970-1990) simultaneously.
This produces an estimate of 0.20, significantlydothan the OLS baseline.

During the working lives of fathers in our sam@eyeden had very low unemployment.
As a consequence, those fathers who we observeployd may have had particularly low
human capital or attachment to the labor force.c@imstruct an instrument which more
effectively isolates the employment variation atitable to luck, we orthogonolize fathers’
employment status in a particular period againatyef schooling and earnings up to the
reference date. In column 7, we repeat our arslysing the residual measure of employment
status in each time period after 1970. As expedrde purged of human capital effects, our
estimates are even lower, albeit less precise avgbint estimate of 0.11 with a standard error of

.07.

5.2 Decomposing thellE
In our model, the OLS IIE, which we observe, isiadtion of three parameters: the

causal impact of financial resources on child onttes (77 ), the mechanistic transmission of
human capital {z, ), and the fraction of variance of paternal pernmamecome explained by

human capital R?). Given that our years of schooling variable ioelivariation in father’s

permanent income only on account of human capitalhave a consistent estimatermf+ 7z, .
To fully identify all parameters of the model, weed additional information regarding either
or R?.
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In order to capture a true estimate f, we would need an instrument that induces
variation in parental income solely due to luckbvidusly, a perfect instrument that captures
only luck yet is sufficiently prevalent to induceaeigh variation to provide precise estimates is
difficult to find. Indeed, if it were readily avaible, instrumental variables estimates settling the
guestion of how much money matters would be ubiggit Fortunately, our model suggests that
an imperfect luck instrument may still allow usniake progress in the decomposition by
providing an upper bound for;. Thus, while we might argue that the residuatsedaon
employment status are good luck instruments,ritase important that they provide an upper
bound. Thus for the purposes of this specificatour estimate ofz, is identified by the IV

estimate of the impact of paternal income instruimegrwith the employment residuals,

A

BYEmRe o+t is identified by the IV estimate instrumenting vdummy variables for

educational attainmen3¥ *“*. These in conjunction with the OLS estimate &f iifE, 5°-°,

: _ pIVEdCat _ HIV EmpResid : : : :
allow us to estimater, = 5, -5 and the fraction of variance in permanent income
attributable to human capitaR? =( LS — 3V EmpResid )/(,Bl"’ Bdcat _ gV EmpResid ) These results are

reported in the first specification of Table 4. & that the implied causal effect of father’s
permanent income on the next generation’s incosbsunded from above by 0.11, making
0.31 a lower bound of the mechanistic impact of Anmapital on filial income. These estimate
further imply that 58 percent of the variation @@rnal income is attributable to human capital.
This bounding exercise would suggest that 37 peiethe |IE reflects the causal effect of
financial resources while the balance capturesntéehanistic impact of human capital.

As an alternative, we can identify the model usinggedible estimate of the fraction of

the father’s income variation due to human capitabther words the Rrom a correctly
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specified Mincer regression. Of course, we aré&ahl to observe all aspects of paternal human
capital, so the observed Mincer r-squared is likelyepresent a lower bound to the truth. We
first calculate this r-squared using our analysidet. We regress paternal human capital on

dummy variables for educational attainment and 18Sfupatiort* The adjusted r-squared

from this regression is 0.376. Usii§}’ < as our estimate ofz, + 77,, we calculate

= (ﬁloLS -R2BV Edca‘)/(l— Iiz) and 7, = 11, — (ﬁloLS -R?BY Edcat)/(1— ﬁz). The estimates are
shown in the second specification of Table 4.hia tase, our upper bound estimatemfis
0.21 and our lower bound estimatef is 0.20. In this case, the causal effect of fanain
resources accounts for nearly three quarters ahteegenerational income elasticity. The
benefit of additional human capital on son’s eagrinperates nearly equally through
mechanistic and financial channels.

Of course, if we had external information on trecfion of variance of paternal income
accounted for by human capital we could use iréate more useful bounds of the structural
parameters of our estimates. To do so, we estimmiBtmcer regression using data from the
Stockholm Birth Cohort. DESCRIBE SAMPLE AND PROCHRE. Mazumder (2005)
estimates that the reliability of a twelve yearimsate of paternal human capital is 0.82. This
suggests that we should adjust upwards our estiofidhe impact of human capital on income
by a factor of 1/0.82. This yields an r-square@.d0. Using this as a lower bound of the role of

human capital in income determination implies apargpound estimate of; of 0.20 and a

4 Occupation may reflect a realized favorable empieyt outcome in addition to human capital. Thisemthe
possibility that the r-squared need not be a ldveemd of the impact of human capital. The fact dzupation
dummies yield similar IV estimates of the impacpafernal human capital as education dummies stijuss
reflect primarily human capital.
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lower bound estimate ofr, of 0.22. These results are reported in the tpetification of Table

4. The substantive implications of these estimatessimilar to the prior results.

Of course, each r-squared implies a differenbéstructural parameters. Figure 1 shows
the implied causal effect of financial resourcesoagted with each different r-squared measure.
We see that for low r-squared measures, the majfrthe correlation between father’s and
son’s income operates through a causal channadselTare computed in manner identical to the
prior two paragraphs. As the r-squared risesintpdied effect of financial resources falls. For a

Mincerian r-squared of about two thirds, the impleausal effect of financial resources is zero.

5.3. Robustness Checks

The identification of the independent effects ofrtaun capital and financial resources
depends on the linearity of our model. If, for exde, the relationship between financial
resources and son’s income was non-linear, OL3\aedtimates could differ because of the
different weights they might place on high and ioeome fatherd® The same is true for IV
estimates generated from multiple instrumentstefbthe importance of this possibility we
examine the weighting function for our instrumentatiables regressions that use education as
an instrument. To do this we divide education inittary classes of high versus low education
and measure the contrast in cumulative distribuimctions of income across the two education
classes. This measure of the degree to whichriatheomes are moved by the instrument
shows us the relative weights instrumental vargbkimation will assign to individuals. We
then perform weighted least squares regressiong tisese instrumental variables weights. The

resulting coefficients are not significantly diféat allowing us to conclude that the difference in

% Bratsberg et al. (2007), Corak and Heisz (199&), @rawe (2004) present conflicting evidence reigarthe
existence of non-linearities in the relationshipween father's and son’s income.
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coefficients is not due to non-linearities in théher-son income relationship coupled with
differential estimator weighting.

In addition to concerns that the impact of patemnedme on child quality may be non-
linear, we may also be concerned that paternal hwrapital and income may not be separable.
This would be true if high human capital fathertueachild quality more highly and thus spend a
higher fraction of their income on human capital@stments. It would also be the case if the
financial investments of high human capital fath@ese more productive than those of low

productivity fathers. In either of these cagesaries across households on the basis of paternal

human capital. To check if this appears to bengrortant source of bias, we regress son’s
income on father’s income, education, and the attgon between income and education. We
realize that education is only a crude proxy fomlan capital but we expect that the interaction
term should still shed light on any possible intéian effects between paternal income and
human capital. WE STILL NEED TO DO THIS

Our model only includes two transmission mechanigmsugh which paternal income
affects filial income: financial investments andian capital. However, human capital is an
aggregate of genetics, education, social skilld,@&her factors. The aggregation of these
components into a single factor is appropriateoag bs each component, when denominated in
income equivalents, has the same rate of transnissifilial income. More specifically, an
increase in paternal 1Q that generates $1000 efpatincome needs to have the same effect on
son’s income as an increase in paternal educdtatrgenerates the same rise in paternal income.
This assumption is testable given two instrumemds are plausibly uncorrelated to luck that
capture different dimensions of human capitalouf aggregation to a single human capital

factor is warranted, the resulting IV estimatesuitide close. In Table 4, the education
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instruments of columns (1)-(2) produce similar fessto the father’s initial occupation
instruments of column (3). Although it is possithat their similarity is due to an overlap in the

dimensions of human capital they measure it is mlegkess encouraging to see little divergence.

6. Conclusion

There is a substantial agreement in economictiatacteristics such as income, 1Q and
education level are correlated across generatidfisat is less clear is the relative importance of
different intergenerational transmission mechanidmgparticular there is no consensus on the
expected effects of adding a dollar to a fathert®me on his sons’ incomes holding other
factors constant. In this paper we suggest a wéggin untangling the possible mechanisms
through which the observed IIE operates. We stdlt arsimple two factor model and show its
implications for isolating the effect of monetagsources. Coupled with a rich longitudinal data
set this allows us to estimate the separate caniwitts of money and human capital to observed
correlations in intergenerational income.

We reject the one-factor model of intergenerationedme correlation and estimate that
no more than 37 percent of the correlation betwatrer's and son’s income operates through
the causal effect of financial resources. Furtloeemthe impact of paternal human capital on
son’s earnings operates primarily mechanisticalppgposed to financial channels.

Our simple structural framework also shows how®hé IIE, the estimated impact of
paternal human capital on son’s earnings, and-Hgyeiared from a Mincer regression jointly
identify the causal effect of financial resourc&ghile in our context, this produced less
informative bounds than alternative strategiesywgee able to able to map out the implied

causal effect of paternal income associated with @@easure of r-squared. This provides
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another potentially fruitful research angle to glaiture insights regarding the importance of
financial resources.

Going forward, it will be helpful to further testd assumptions underlying our model.
Examining how the structural parameters underlyingglIE vary across countries would shed
light on the roles of money and human capital acnostitutional settings. A straightforward
extension to a three factor model might allow tietb be affected by income, genetic parental

endowments, and non-genetically mediated humanatdactors.
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Table 1. Descriptive Statistics for Fathers ands3dsed in Our Baseline Estimation.

Average Missing income observations Birth year
log Number of
incomé Min Median Mean Max Min  Median Max observations
(s.d)
Fathers
All 12.31 0 0 0.71 21 1938 1940 1945 24114
(0.392)

Fathers tabulated according to the number of sbiey tontribute to the sample

1 12.32 0 0 0.71 21 1938 1940 1945 22960
(0.392)

2 12.26 0 0 0.79 18 1938 1939 1945 1122
(0.374)

3 12.11 0 0 1.39 11 1938 1939 1942 31
(0.345)

4 11.78 5 5 5 5 1938 1938 1938 1
(n.a.)

Sons

All 12.39 0 0 0.03 1 1950 1964 1965 24114

(0.431)

a) Calculated using fathers’ incomes between tles afj30 and 60 and using sons’ incomes betweeagbe of 30
and 40. Zero incomes and missing are both treatexissing. We require at least 10 years of noningsscomes
to be included in the sample.
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Table 2. Descriptive Statistics for the Full Samgtel for Our Sample.

Full- LO% ;rl' Full- LO% ;rl' vears of Median Median  Mean
data y a y . birth birth  father-son
. average of . average of schooling
income - income ) year year age
father's father .
son . father . son father difference
income income
Full sample
Mean 9.51 1958 1927 31.37
(s.d.) (2.983) (7.038)
Number of 276158 309869303141 303141
observations
Our sample
Mean 12.39 9.84 1964 1940 22.79
(s.d.) (0.431) (2.807) (2.313)
Number of 24114 24114 24114 24114

observations
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Table 3. Instrumental Variables estimates of thin&r-Son Income

Instrument
Ordinary Father Father Father Father
Father Years Father Level ] .
Least . . Occupation Occupation Employment Employment
of Schooling of Education _
Squares (1970) (1970-1990) Status Residuals
(1) (2) 3) (4) (5) (6) (7
Fathers’ permanent 0.286* 0.417* 0.414* 0.400* 0.335* 0.205* 0.106
income (0.009) (0.022) (0.021) (0.014) (0.010) (0.015) (0.073)
P-value of test that
0.000 0.000 0.000 0.000 0.000 0.016
IV=0OLS
First Stage F-statistic 2630 564 6254 2756 858 39
[p-value] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
Observations 24,114 24,114 24,114 24,114 24,114 ,1124

Notes: Regressions follow those in column (2) dbl€&8, where the dependent variable is sons’ peentaincome and Fathers’ permanent income is tresded
endogenous. Instruments are listed at the topasf ealumn. Robust standard errors in parenthesgsndtes significance at 1%.
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Table 4. Identification of Structural Parameters

Parameter
OLS IIE 7 1T, + 11, I, MincerR?

Parameter 0.286* 0.106* 0.417* 0.307* 0.579*
Estimate (0.011) (0.045) (0.024) (0.075) (0.142)

1)
Identification Employment Education Category . .
Method OLS Residuals IV Y Implied by Model Implied by Model
Parameter 0.286* 0.209* 0.417* 0.205* 0.376*
Estimate (0.011) (0.015) (0.024) (0.031) (0.008)

2)
Identification : Education Category . Estimated from
Method OoLS Implied by Model Y Implied by Model Primary Sample
Parameter 0.286* 0.200* 0.417* 0.213* 0.402
Estimate (0.011) (0.015) (0.024) (0.031) '

3)
Identification : Education Category . Stockholm Birth
Method OoLS Implied by Model ; Implied by Model Cohort Estimate

Notes: Regressions follow those in column (2) dfl€a8, where the dependent variable is sons’ peemtancome and Fathers’ permanent income is tresed
endogenous. Instruments are listed at the topdf ealumn. Robust standard errors in parenthesgsnétes significance at 1%.
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