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Introduction

Research frontier in economics is moving towards administrative
data sources.

Applies likewise to intergenerational research (e.g., compare recent
articles in “top” journals). Reasons:
I The scale, “completeness”, and “linkability” of administrative

data opens the door for new research designs (as we illustrate
in today’s and tomorrow’s topics):

1. Descriptive studies that describe intergenerational mobility
more thoroughly and/or from new perspectives

2. Causal research designs to identify determinants of (lack of)
intergenerational mobility
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The geography of intergenerational mobility

With availability of large-scale administrative data sources, can
study intergenerational mobility in much finer units/areas.
Examples:

Descriptive
I Chetty, Hendren, Kline and Saez (2014),“Where is the Land of

Opportunity? The Geography of Intergenerational Mobility in the
United States.” Quarterly Journal of Economics

Causal
I Chetty and Hendren (2018a) “The Impacts of Neighborhoods on

Intergenerational Mobility I: Childhood Exposure Effects.” QJE
I Chetty and Hendren (2018b) “The Impact of Neighborhoods on

Intergenerational Mobility II: County-Level Estimates.” QJE



Figure: Chetty et al. (2014)
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Intergenerational Mobility in the US: Chetty et al (2014)

Chetty, Hendren, Kline and Saez (2014):
I Use tax data from the US Internal Revenue Service (IRS),

match records of parents and children to study
intergenerational mobility in the U.S.

I Core sample of nearly 10 million children born between 1980
and 1982 (14- to 16-year-olds), tracked until age 30.

Income definitions:
I Parent’s income: average total family income in 1996-2000.

Children’s income: measured over two years, 2011-2012
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Measuring intergenerational dependence

I Intergenerational mobility is often summarized by the
intergenerational elasticity of income (IGE), defined as the
slope coefficient in the regression of log incomes of offspring
y∗ on log income of parents x∗,

y∗ = α + βx∗+ ε

I More recent research often considers income ranks instead of
log incomes (→ rank-rank regression or rank correlation)
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Figure: Mean Child Income Rank vs Parent Income Rank in the US
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FIGURE II

Association between Children’s and Parents’ Percentile Ranks

These figures present nonparametric binned scatter plots of the relationship between children’s and parent’s percentile income
ranks. Both figures are based on the core sample (1980–1982 birth cohorts) and baseline family income definitions for parents and
children. Child income is the mean of 2011–2012 family income (when the child is approximately 30 years old), and parent income is
mean family income from 1996 to 2000. Children are ranked relative to other children in their birth cohort, and parents are ranked
relative to all other parents in the core sample. Panel A plots the mean child percentile rank within each parent percentile rank bin.
The series in triangles in Panel B plots the analogous series for Denmark, computed by Boserup, Kopczuk, and Kreiner (2013) using a
similar sample and income definitions. The series in squares plots estimates of the rank-rank series using the decile-decile transition
matrix from Corak and Heisz (1999). The series in circles in Panel B reproduces the rank-rank relationship in the United States from
Panel A as a reference. The slopes and best-fit lines are estimated using an OLS regression on the microdata for the United States and
on the binned series (as we do not have access to the microdata) for Denmark and Canada. Standard errors are reported in
parentheses.
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Figure: Rank-Rank Slope, Cross-Country Comparisons
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FIGURE II

Association between Children’s and Parents’ Percentile Ranks

These figures present nonparametric binned scatter plots of the relationship between children’s and parent’s percentile income
ranks. Both figures are based on the core sample (1980–1982 birth cohorts) and baseline family income definitions for parents and
children. Child income is the mean of 2011–2012 family income (when the child is approximately 30 years old), and parent income is
mean family income from 1996 to 2000. Children are ranked relative to other children in their birth cohort, and parents are ranked
relative to all other parents in the core sample. Panel A plots the mean child percentile rank within each parent percentile rank bin.
The series in triangles in Panel B plots the analogous series for Denmark, computed by Boserup, Kopczuk, and Kreiner (2013) using a
similar sample and income definitions. The series in squares plots estimates of the rank-rank series using the decile-decile transition
matrix from Corak and Heisz (1999). The series in circles in Panel B reproduces the rank-rank relationship in the United States from
Panel A as a reference. The slopes and best-fit lines are estimated using an OLS regression on the microdata for the United States and
on the binned series (as we do not have access to the microdata) for Denmark and Canada. Standard errors are reported in
parentheses.
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A BSalt Lake City vs. Charlotte San Francisco vs. Chicago

FIGURE V

Intergenerational Mobility in Selected Commuting Zones

These figures present nonparametric binned scatter plots of the relationship between child and parent income ranks in selected
CZs. Both panels are based on the core sample (1980–1982 birth cohorts) and baseline family income definitions for parents and
children. Children are assigned to CZs based on the location of their parents (when the child was claimed as a dependent), irrespective
of where they live as adults. Parent and child percentile ranks are always defined at the national level, not the CZ level. To construct
each series, we group parents into 50 equally sized (2 percentile point) bins and plot the mean child percentile rank versus the mean
parent percentile rank within each bin. We report two measures of mobility based on the rank-rank relationships in each CZ. The first
is relative mobility (r100 ! r0), which is 100 times the rank-rank slope estimate. The second is absolute upward mobility (r25), the
predicted child income rank at the 25th percentile of parent income distribution, depicted by the dashed vertical line in the figures. All
mobility statistics and best-fit lines are estimated on the underlying microdata (not the binned means).
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TABLE III

INTERGENERATIONAL MOBILITY IN THE 50 LARGEST COMMUTING ZONES

(1) (2) (3) (4) (5) (6) (7)

Upward
mobility
rank CZ name Population

Absolute
upward
mobility

P(child
in Q5 j
parent
in Q1)

Pct.
above

poverty
line

Relative
mobility

rank-rank
slope

1 Salt Lake City, UT 1,426,729 46.2 10.8 77.3 0.264
2 Pittsburgh, PA 2,561,364 45.2 9.5 74.9 0.359
3 San Jose, CA 2,393,183 44.7 12.9 73.5 0.235
4 Boston, MA 4,974,945 44.6 10.5 73.7 0.322
5 San Francisco, CA 4,642,561 44.4 12.2 72.5 0.250
6 San Diego, CA 2,813,833 44.3 10.4 74.3 0.237
7 Manchester, NH 1,193,391 44.2 10.0 75.0 0.296
8 Minneapolis, MN 2,904,389 44.2 8.5 75.2 0.338
9 Newark, NJ 5,822,286 44.1 10.2 73.7 0.350
10 New York, NY 11,781,395 43.8 10.5 72.2 0.330
11 Los Angeles, CA 16,393,360 43.4 9.6 73.8 0.231
12 Providence, RI 1,582,997 43.4 8.2 73.6 0.333
13 Washington DC 4,632,415 43.2 11.0 72.2 0.330
14 Seattle, WA 3,775,744 43.2 10.9 72.0 0.273
15 Houston, TX 4,504,013 42.8 9.3 74.7 0.325
16 Sacramento, CA 2,570,609 42.7 9.7 71.3 0.257
17 Bridgeport, CT 3,405,565 42.4 7.9 72.4 0.359
18 Fort Worth, TX 1,804,370 42.3 9.1 73.6 0.320
19 Denver, CO 2,449,044 42.2 8.7 73.3 0.294
20 Buffalo, NY 2,369,699 42.0 6.7 73.1 0.368
21 Miami, FL 3,955,969 41.5 7.3 76.3 0.267
22 Fresno, CA 1,419,998 41.3 7.5 71.3 0.295
23 Portland, OR 1,842,889 41.3 9.3 70.5 0.277
24 San Antonio, TX 1,724,863 41.1 6.4 74.3 0.320
25 Philadelphia, PA 5,602,247 40.8 7.4 69.6 0.393
26 Austin, TX 1,298,076 40.4 6.9 71.9 0.323
27 Dallas, TX 3,405,666 40.4 7.1 72.6 0.347
28 Phoenix, AZ 3,303,211 40.3 7.5 70.6 0.294
29 Grand Rapids, Michigan 1,286,045 40.1 6.4 71.3 0.378
30 Kansas City, MI 1,762,873 40.1 7.0 70.4 0.365
31 Las Vegas, NV 1,568,418 40.0 8.0 71.1 0.259
32 Chicago, IL 8,183,799 39.4 6.5 70.8 0.393
33 Milwaukee, WI 1,660,659 39.3 4.5 70.3 0.424
34 Tampa, FL 2,395,997 39.1 6.0 71.3 0.335
35 Orlando, FL 1,697,906 39.1 5.8 71.5 0.326
36 Port St. Lucie, FL 1,533,306 39.0 6.2 71.2 0.303
37 Baltimore, MD 2,512,431 38.8 6.4 67.7 0.412
38 St. Louis, MO 2,325,609 38.4 5.1 69.0 0.413
39 Dayton, OH 1,179,009 38.3 4.9 68.2 0.397
40 Cleveland, OH 2,661,167 38.2 5.1 68.7 0.405
41 Nashville, TN 1,246,338 38.2 5.7 67.9 0.357
42 New Orleans, LA 1,381,652 38.2 5.1 69.5 0.397
43 Cincinnati, OH 1,954,800 37.9 5.1 66.4 0.429
44 Columbus, OH 1,663,807 37.7 4.9 67.1 0.406
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Figure: Correlates of Upward Mobility

African American populations, such as the Southeast. Indeed, the
unweighted correlation between upward mobility and the frac-
tion of black residents in the CZ (based on the 2000 census) is
!0.580, as shown in the first row of Figure VIII.

This correlation could be driven by two very different chan-
nels. One channel is an individual-level race effect: black children
may have lower incomes than white children conditional on
parent income, and hence areas with a larger black population
may have lower upward mobility. An alternative possibility is a
place-level race effect: areas with large black populations might
have lower rates of upward mobility for children of all races.

FIGURE VIII

Correlates of Spatial Variation in Upward Mobility

This figure shows the correlation of various CZ-level characteristics with
absolute upward mobility (r25) across CZs. For each characteristic listed on the
y-axis, the dot represents the absolute value of the unweighted correlation of
the variable with r25 across CZs. The horizontal bars show the 95% confidence
interval based on standard errors clustered at state level. Positive correlations
are shown by (þ) on the y axis; negative correlations are shown by (–). We
consider covariates in 10 broad categories: racial demographics, segregation,
properties of the income distribution, K–12 education, social capital, family
structure, local tax policies, college education, labor market conditions, and
migration rates. The categories with the highest correlations are highlighted.
See column (1) of Appendix Table VII for the point estimates corresponding to
the correlations plotted here. See Section VI, Online Data Table IX, and Online
Appendix G for definitions of each of the correlates. CZ-level data on the covar-
iates used in this figure are reported in Online Data Table VIII.
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CHKS (2014) main findings

Findings:
1. Intergenerational (upward) mobility varies substantially across

regions within the U.S.
2. Mobility correlates systematically with local demographic and

economic factors
I negatively with residential segregation, income inequality
I positively with school quality, social capital
I strong correlation with family structure

3. Intergenerational mobility is a “local problem” that could be
tackled using place-based policies

Implications:
I Detailed descriptive evidence across regions within countries

can be stepping stone for more causal research designs
I Scale, sample size and spatial resolution of data really matter
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Recent spatial literature

Many similar papers from other countries:
1. Sweden: Heidrich (2017) and Branden (2019)
2. Norway: Risa (2019) and Bütikofer, Dalla-Zuanna and

Salvanes (2018)
3. Denmark: Eriksen and Munk (2020)
4. Canada: Connolly, Corak and Haeck (2019), Connolly, Haeck

and Lapierre (2019), Corak (2020)
5. Italy: Acciari, Polo and Violante (2016)
6. Australia: Deutscher and Mazumder (2019)
7. UK: Bell, Blundell and Machin (2018)
8. Netherlands: ...
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3 

Figure 1. Probability of reaching the top income quintile when the father was in the lowest quintile in Norway 

 
Source: Bütikofer, Dalla-Zuanna and Salvanes (2018). 

However, a priori, it is not clear if variation in intergenerational mobility across regions is due to characteristics of 
the region as such or due to differences in the characteristics of their inhabitants (e.g., the inhabitants in rural and 
urban areas might be differently selected and experience different intergenerational mobility). Chetty and 
Hendren (2018) address this question by studying the economic outcomes of families who move between regions. 
Their causal strategy accounts for movers to be different from non-movers but is based on the assumption that 
these selection effects do not vary with the age at which children move. The strategy also confirms that places 
have a substantial causal effect on intergenerational mobility, which in the United States increases linearly with time 
spent in the “better” location. In contrast, Deutscher (2018) finds that in Australia, places have a greater effect on 
adult outcomes on upward mobility in the teenage years. The approach used in Chetty and Hendren (2018) and 
Deutscher (2018) entails observing a large number of movers and therefore requires an administrative data source. 
Indeed, the causal estimates can be quite noisy if the number of movers is not sufficiently high.  

Future work is expected to deepen both the descriptive and causal (“mover”) variants of the area approach and to 
extend it to other countries. Descriptively, the approach can deepen our knowledge about the geography of 
intergenerational processes. For example, Chetty et al. (2018) estimate children's earnings and other outcomes in 
adulthood by parental income, race and gender on an unusually fine spatial level (by U.S. Census tract). Such 
detailed evidence also allows precise targeting of policies to improve economic opportunity, by indicating specific 
neighbourhoods and subgroups in which children grow up to have poor outcomes. On the causal variant, the 
central question is why some areas are more successful in promoting economic opportunities than others. The 
existing literature points to a number of factors that appear closely associated with its causal effect on upward 
intergenerational mobility. An example for a research design aimed at distinguishing those factors is Laliberté 
(2018), who decomposes the causal effect of a neighbourhood into components related to local schools and other 
non-school local factors. His approach exploits the particular boundaries of school districts in Montreal to show 
that between 50% and 70% of the long-term benefits of moving to a better area are due to access to better schools 
rather than to neighbourhoods themselves. This and similar type of research designs will be only feasible with a 
high degree of collaboration between data providers and researchers due to the sensitivity of the data provided.4 

 
4  For example, the study by Chetty et al. (2018) has been developed in collaboration with the U.S. Census Bureau. 
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Figure: Probability of reaching the top income quintile when the father
was in the lowest quintile (Bütikofer, Dalla-Zuanna and Salvanes, 2018)



West, South and East.

We start by presenting detailed information for the rank rank measure of in-

tergenerational mobility for the cohorts born 1980 to 1985 by the distribution

across regions (161 commuting districts) in Figure 3.6, as compared to the

US in Chetty, Hendren, Kline, and Saez (2014) for 741 commuting zones.

Figure 3.6: Rank-Rank slope distributions labor markets in Norway and the US
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There are a couple stark differences in intergenerational income mobility

between the US and Norway as reported in Chetty, Hendren, Kline, and

Saez (2014) for commuting districts. First, the distribution is skewed to the

right for the US implying the for most regions the income mobility is higher

than in Norway. Second, there is a higher variance in the US across regions,

from about 0.05 to above 0.5, while it is from about 0 to 0.35 in Norway,

indicating that the highest level of persistence is not so far from the US mean.

147

Figure: Rank-Rank slope distributions in Norway and the US (Risa, 2019)



Conceptual issue:
1. Region-level estimates of intergenerational mobility can be

noisy
2. Few regions but many regional characteristics that might

influence mobility
The literature has started to address these issues more
systematically. In particular, in Risa (2019)
I “shrinkage techniques”: the shrunk estimates are combination

of raw estimates and estimated prior distribution
I machine learning techniques to select regional predictors of

intergenerational persistence, using

min
(β0,β)∈Rp+1

1
2N

N

∑
i=1

(
yi −β0−xTi β

)2
+λ

[
(1−α)‖β‖22/2+ α‖β‖1

]

where α ∈ [0,1] selects the penalty for non-zero coefficients
(α = 1 lasso regression, α = 0 ridge regression).



Table 3.2: Most Predictive Variables - Rank-Rank

Variable
Elastic

Net
Coef

Boot
Coef

Lower
Boot
CI

Upper
Boot
CI

OLS
Coef

OLS
SE

Sample
Mean

Sample
SD

empshare_oil_gas_adult -0.0024 -0.0022 -0.0046 0.0000 0.4186 2.1670 0.0085 0.0116
meanperc_mandatory_male_adult -0.0017 -0.0013 -0.0045 0.0000 -0.0078 0.0313 0.4539 0.0638
empshare_construct_adult -0.0011 -0.0010 -0.0039 0.0000 0.9136 4.7103 0.0797 0.0252
meanperc_college_female_child 0.0008 0.0008 0.0000 0.0037 0.0236 0.0175 0.4447 0.0514
lowearn_male_adult 0.0012 0.0008 0.0000 0.0037 0.0018 0.0145 0.0599 0.0261

meanperc_college_female_adult 0.0020 0.0016 0.0000 0.0049 -0.0300 0.0250 0.4571 0.0403
empshare_rtl_hotel_cens 0.0024 0.0013 0.0000 0.0042 0.1342 0.1689 0.1101 0.0417
lowearn_male_child 0.0036 0.0035 0.0000 0.0072 0.0133 0.0114 0.0484 0.0258
rank_longcollege_slope 0.0070 0.0063 0.0017 0.0106 0.0155 0.0032 0.0014 0.0007
rank_highschool_slope 0.0142 0.0133 0.0090 0.0178 0.0226 0.0041 0.0023 0.0011

bootstrap distributions include zero for all but two of the variables. While

the bootstrap distributions should be used for statistical inference in the

manner which is common for ordinary least squares, this observation does

tell us that the estimated coefficients are zero in at least 2.5 percent of the

bootstrap replications. To be conservative, we do not put any emphasis on

the variables for which there are zero effect estimates in at least 2.5 percent

of the bootstrap replications. Following this approach, we conclude that the

only variables that are sufficiently predictive of rank-rank slopes to warrant

discussion are the rank-long college slope and the rank-high school slope.

Consequently, the primary characteristic of the regions with high rank-rank

mobility is that they have a weaker link between parental earnings and

children’s educational outcomes.

We conclude this part of the analysis by exploring the regional variation in

rank-rank slopes as predicted by our preferred model. We do this by plotting

the estimated coefficients on the region dummies on a map in Figure 3.52 in

the appendix. The magnitude of these coefficients shows how much each

region differs on average from the predicted rank-rank slopes based on the

other characteristics included in the model. The fact that the majority of the

regions in the figure have a similar color tells us that the actual rank-rank

177

Table: Most Predictive Variables - Rank-Rank slope (Risa, 2019)



quintile. In future work, we will consider a still broader set of mobility measures.

Figure 4: Distribution of intergenerational mobility measures across regions in Aus-
tralia and the United States

Notes: Presents estimates of the expected rank, conditional on being born into the 25th percentile of the national
parent income distribution, against the rank-rank correlation for similarly-sized regions in Australia (87 regions) and
the United States (741 regions). A scatter plot of the joint distribution and histograms of the individual distributions
of the two intergenerational mobility measures are shown.

Figure 4 presents three charts characterising intergenerational mobility for regions

in Australia (shown in green) and the United States (shown in black, and based on

Chetty et al. (2014)). The central chart shows a scatter plot of the expected rank of

a child born to parents at the 25th percentile of the income distribution against the

rank-rank correlation in the region. These two measures are positively correlated in

both countries. In the histograms we show the dispersion in the individual measures.

While there is a notable dispersion in the Australian estimates, it is much less than

that seen in the United States. For example, a child born to parents at the 25th

percentile in a mobile Australian region (at the 90th percentile of regions ranked by

mobility) can expect to end up only 8 percentile rank points higher than if they were

born in an immobile Australian region (at the 10th percentile of regions). For the

United States, the gap in expected outcomes for a poor child between high and low

mobility regions is nearly double this, at 15 percentile rank points.

17

Figure: Distribution of intergenerational mobility measures across regions
in Australia and the United States (Mazumder and Deutscher, 2019)



Figure: From Güell et al. (2018)

4.1.1. Correlation between ICS and traditional measure of IM
In this subsection, we compare our ICS measure with a traditional measure of
intergenerational mobility. For this comparison, we use the Survey on Household
Income and Wealth (SHIW) from the Bank of Italy, which consists of repeated cross-
sections and includes some retrospective information on fathers’ characteristics. This
data set has been used by a number of studies to obtain measures of intergenerational

Deciles

Fig. 2. Social Mobility (ICS-30) across Italian Provinces
Notes. Darker blue implies lower mobility. Colour figure can be viewed at wileyonlinelibrary.com.

© 2018 Royal Economic Society.
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Causal event study design

The correlation analysis may be suggestive of causal relationships,
but ultimately we want to evaluate the effect of policies and
institutions using tighter empirical designs.

A popular design is the “area” or “spatial correlation” approach:
1. Estimate mobility by region and cohort/period
2. Use these measures as dependent variable in a

difference-in-differences or event study design

I Pekkarinen, Uusitalo and Kerr (2009) estimate the impact of
an educational reform on intergenerational mobility in Finland
[staggered policy adoption across regions]

I Bütikofer, Zuenna and Salvanes (2018) estimate the impact of
the Norwegian oil boom on intergenerational mobility



Example: Pekkarinen et al (2009)

Pekkarinen, Uusitalo and Kerr (2009) is a classic example:
I First step: Estimate intergenerational mobility for each region

and cohort, e.g.

logys = a+bjt logyf + e

I Second step: Use estimated slope coefficients from first step
as dependent variable in DiD regression,

bjt = b0 + δRjt + ΩDj + ΨDt + vjt

where j indexes regions, t birth cohorts, and Rjt equals 1 if the
reform had taken place in the municipality by the time when
the child was in the relevant age.

I How to weight second step? → Might be easier to estimate
both steps at once.



in 1967. Finally, the parliament approved in 1968 the School Systems
Act (467/1968) that legislated that the two-track school system
would be gradually replaced with a nine-year comprehensive school.
The adoption of the new school system was to take place between
1972 and 1977, and the order in which the municipalities adopted the
reformwas determined geographically starting with northern Finland
where access to education was most limited. A regional implementa-
tion plan divided the country into six implementation regions and
dictated when each region would adopt the comprehensive school
system. Regional school boards oversaw the transition process.

In each region, the five lowest primary school grades were to start
in the comprehensive school immediately in the fall term of the year
stated in the regional implementation plan. After this, each incoming
cohort of first graders would start their schooling in the comprehen-
sive school. Students that were already above the fifth grade in the
year when the reform was implemented would complete their
schooling according to the pre-reform system. Thus, in each region
it took approximately four years to complete the reform so that all
students in grades 1–9 were in the comprehensive school.

Fig. 2 illustrates how the reform spread through Finland during
1972–1977. The first municipalities that adopted the reform in 1972
were predominantly situated in the northernmost province of
Lapland. The reform was adopted in the northeastern regions in
1973. Thereafter, the reform spread so that it was adopted in 1974 in
the northwest, in 1975 in the southeast, in 1976 in the southwest, and
lastly, in 1977 in the capital region of Helsinki.

Fig. 3 illustrates the effect of the reform by displaying the number of
students relative to the relevant age cohort by school type and grade
level in 1970, before the nation-wide implementation of the reform, and
in 1980 when most municipalities had already completed the reform.
Thefigure shows clearly how the 1970 cohortwasdivided almost evenly
into theprimary school and thegeneral secondary school tracks after the
fourth grade. In 1980, practically the whole age cohort stayed in the
comprehensive school up to the ninth grade. The few remaining general
secondary school students in 1980 are from the last pre-reformcohort in
the capital region where the reform took place in 1977.

There are two additional observations that can be made from Fig. 3.
First, approximately 10% of students attended (experimental) compre-
hensive schools already before the reform. These schoolswere scattered
across the country and unfortunately cannot be identified in our micro-
level data. Second, the general level of education was clearly rising
during the 1970s. The fraction of the cohort at school in the ninth grade
increased fromabout 70% in1970 topractically the entire cohort in1980.

Also the fraction of students enrolled in the upper secondary school in
1980 exceeds the fraction of students enrolled in the last three grades in
the general secondary school in 1970 by almost 20%. The increase in the
fraction at school at the ninth grade is mainly due to the comprehensive
school reform but the increase in the upper secondary school
participation rate also reflects the general increase in the demand for
education. Such changes might have an independent effect on the
intergenerational income elasticity, implying that identifying the effect
of school reform on intergenerational income elasticity by simple
before–after comparisons could be misleading.

2.3. The comprehensive school reform as a quasi-experiment

The Finnish comprehensive school reform is a promising quasi-
experimental setting for evaluating the effect of the change in school
system on intergenerational income elasticity. The regional implemen-
tation plan dictated when each municipality moved into the compre-
hensive school system.Using afixed-effects approach,wecan control for
time trends and regional differences and thus purge the estimate of the
effect of the school system from these confounding factors.

Yet, as is the casewith any real world reform, there are some caveats
to this approach. First, as is clear from Fig. 2, the geographical
implementation plan assigned some municipalities to early implemen-
tation groups even though most of their surrounding munic-
ipalities implemented the reform much later. It is unlikely that the
choice of municipalities to these early implementation groups was
entirely random.

There was also intense opposition to the socialization of private
schools undermunicipal ownership. This was especially true in Helsinki
where some of these schools had a distinguished reputation. After an
intensive debate, it was agreed that several private schools would be
allowed to survive as private alternatives to the comprehensive schools
in the Helsinki region even after the reform. Many of these still exist as
private senior secondary schools. In addition, several municipality-run
junior secondary schools already took in almost the entire age cohort a
few years before the reform. In these municipalities the founding of
these schools probably had a larger effect than the subsequent
transformation to the comprehensive school system.

These factors suggest that the actual implementation of the reform
did not exactly follow the original implementation plan. One would
expect these factors to attenuate the effects of the reform on
intergenerational income mobility, but the size of the bias is difficult
to assess. As a rough check on how contaminated the implementation

Fig. 3.Number of students bygrade level (as a percentage of the relevant age cohort). Source:Number of students bygrade level and school type are reported in the Statistical Yearbook
of Finland 67,1971; Statistical Bulletin 1980:16 and Statistical Bulletin 1981:2 all by Central Statistical Office, Helsinki, Finland. Population byage group is reported in Population Census
1970, and in Population Census 1980, Part 1 Population structure and population changes, Central StatisticalOffice, Helsinki, Finland. Note: The number of students at some grade levels
is larger than the relevant birth cohort. This is mainly due to grade repetition in the general secondary school. According to the Statistical Yearbook, passing rates in the general
secondary schoolwere inmost grade levels below90%. Another reason is that some students entered general secondary school only after 5th or 6th grade in the primary school. Hence,
though most students enter the first grade in the general secondary school in the year when they turn eleven there are also older students in the same grade level.
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Finland had a two-track school system prior to the comprehensive
school reform. Under the former system, each cohort attended a
uniform education only for the first four years. After this uniform
period students were divided into two tracks that differed in the
content of education and in the eligibility that they provided for
further education.

The pre-reform system is described schematically in the left-hand
panel of Fig.1. All students enteredprimary school (kansakoulu) at age 7.
After four years in the primary school, the students were faced with the
choice of applying to the general secondary school (oppikoulu) or
continuing in the primary school. Admissions to the general secondary
schoolwere basedupon an entrance examination, a teacher assessment,
andprimary school grades. Admitted students continued their schooling
in junior secondary schools for five years and often went on to upper
secondary schools for three additional years. At the end of the upper
secondary school, students took a matriculation examination that
provided eligibility to university-level studies.

Those who were not admitted or who did not apply to the general
secondary school continued in primary school for two more years,
spending a total of six years in the primary school. By the beginning of
1970s,most primary schools offered continuation classes (civic schools)
that kept almost the whole age cohort at school up to the 8th or 9th
grades. This education did not provide eligibility for senior secondary
schools or for university-level studies. After civic school most students
continued into vocational education or finished their schooling.

In 1970, most secondary schools were private. About 55% of all
general secondary school students attended these private schools. The
fraction of students in the state schools was about 30%. The remaining
15% attended municipality-run secondary schools, mostly founded
during the 1960s. The private schools collected student fees but
received most of their funding as state aid and contributions from the
local municipalities, just like the public schools. All general secondary
schools were also required to follow the same national curriculum,
making the distinction between private and public schools less
important in the Finnish education system.

In contrast, the curriculum in the general secondary schools was
very different from the curriculum in the more practical civic schools.
For example, foreign languages were compulsory only in the general
secondary school. These schools also taught more advanced mathe-
matics and science whereas the focus in civic schools was on practical
skills required in low-skill occupations.

2.1. Content of the comprehensive school reform

The reform changed the whole structure of primary and secondary
education. The post-reform system is described in the right-hand
panel of Fig. 1. Pre-reform primary schools, civic schools, and junior
secondary schools were replaced by a nine-year comprehensive
school. At the same time, upper secondary schools were separated
from junior secondary schools to form a distinct institution (lukio).
After the reform, all students followed the same curriculum in the
same establishments until age 16. Students then chose whether to
apply to upper secondary schools or to vocational schools. Admission
to both tracks was based solely on comprehensive school grades.

The new curriculum increased the academic content of education
compared to the old primary school curriculum by increasing the
share of mathematics and sciences. In addition, one foreign language
became compulsory for all students. Thus, the new comprehensive
school curriculum resembled the old general secondary school
curriculum and exposed the students who, in the absence of the
reform, would have stayed in the primary school to a significantly
more academic education. However, the level of teaching had to be
adjusted to accommodate a more heterogeneous group of students,
implying that the curriculum in the comprehensive school was less
demanding than that in the old general secondary school. In fact, the
general secondary school teachers were among the most vocal

opponents of the reform and argued that teaching the entire cohort
in the same classroom would deteriorate the quality of teaching.

Hence, the main changes that followed the reform were the
postponement of tracking from age 11 to age 16 and the increase in the
academic content of the curriculum. In addition to these fundamental
changes, the reform also imposed a centralized control on schools at
the national level and practically abolished an extensive network of
private schools by placing them under municipal ownership.

2.2. The implementation of the comprehensive school reform

The implementation of the reform was preceded by a process of
planning that lasted for two decades. Government working groups
had proposed creating a comprehensive school system as early as in
1948. The first experimental comprehensive schools began operation

Fig. 2. The implementation of the comprehensive school reformacross regions 1972–1977.
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comprehensive school reformwas implemented in each municipality.
We used this information together with information on the birth dates
to determine whether individual was affected by the comprehensive
school reform.We classified all individuals whowere in the fifth grade
or below at the time when the municipality adopted the reform as the
treatment (comprehensive school) group.

As some of the effect of the reform may be due to the effect on
educational attainment, a good measure of years of education would
be useful. The data contain information on the highest degree
completed that can be coded into years of education in a relatively
straightforward manner. Unfortunately, only post-compulsory educa-
tion is recorded. Our measure of schooling does not distinguish
between primary and comprehensive schooling. It also does not
differentiate between completing 7, 8, or 9 years of primary schooling.
Hence it does not capture the most relevant changes in the length of
education after the reform.

The original 10% sample of the men born between 1960 and 1966
contains information on 27,109 individuals. Altogether, 1909 of these
individuals either died or moved out of the country before year 2000.
The treatment status could not be identified for 2494 individuals
because they had moved between regions during their school years.
Similarly, 1622 individuals had no father present. Finally, we exclude
260 individuals who had no earnings in 2000. Our final analysis
sample contains information on 20,824 individuals. Out of these, 9695
(47%) fall into the treatment group.

In Table 1, we report some summary statistics on the age and the
annual earnings of our sample of individuals and their fathers. The
sons' mean earnings are considerably higher than fathers' mean
earnings reflecting a general increase in real wages across the
generations. Also, the standard deviation for the sons' earnings is
higher, mainly because the fathers' earnings are averaged across five
years whereas the sons' earnings are measured in a single year.

Table 2 further describes how the sample is divided into different
cohorts and across the reform regions. There are no large differences
in the cohort size in these age groups. The most intense reform years
were 1974, 1975, and 1976. The table also demonstrates how the
treatment status depends on the birth year and the timing of the
reform in the municipality of residence. The 1960 cohort was not
affected by the reform in any region. Members of the next cohort
(born 1961) were affected if they lived in a municipality that adopted
the reform in 1972 when this cohort entered the fifth grade. The

shaded area in the table indicates the affected groups in the younger
cohorts.

5. Results

Estimating intergenerational income elasticities separately by
cohort and region revealed that there are substantial differences
along these dimensions. First, there is some indication of a downward
trend in intergenerational income elasticity. The elasticity fell from
0.30 for the cohort born in 1960 to 0.26 for the cohort born in 1966. This
declining trend in intergenerational mobility for the cohorts born in
the 1960s is consistent with the findings of Pekkala and Lucas (2007).
Second, the regional variation is considerable, with intergenerational
elasticity ranging from 0.32 in the Helsinki region to 0.23 in the
northeastern region of the country. These large differences across
cohorts and regions make it clear that it would be difficult to draw any
conclusions on the effect of the comprehensive school reform from
simple comparisons across regions or before and after the reform.

5.1. The effect of the reform on intergenerational income mobility

Table 3 presents the main regression results from the difference-
in-differences model. In Column 1, we report the results of regressing

Table 1
Summary statistics.

Variable Mean Std. Dev. Min Max

Son's age in 2000 37.03 1.98 34 40
Son's earnings in 2000 29,778 110,544 100 14,916,700
Father's average earnings during 1970–1990 18,687 11,832 800 69,041

Note: Summary statistics for 20 786 individuals in our sample and their fathers.
Earnings refer to all taxable income in 2000 prices converted to euros.

Table 2
The timing of the reform by cohorts and regions.

Note: The shaded areas indicate cells that adopted the post-reform educational system. N refers to the sample size in each cell in the data that are used in the analysis.

Table 3
Regression results.

1 2 3 4

Father's earnings 0.277 0.297 0.298 0.296
(0.014) (0.011) (0.010) (0.014)

Reform −0.063 −0.019 …

(0.012) (0.021)
Father's earnings⁎reform −0.055 −0.069 −0.066

(0.009) (0.022) (0.031)
Cohort dummies √ √
Father's earnings⁎cohort dummies √ √
Region dummies √ √
Father's earnings⁎region dummies √ √
Cohort⁎region dummies √
Region-specific trends √
Observations 20824 20824 20824 20824
R-squared 0.05 0.05 0.05 0.06

Note: The dependent variable is son's log earnings in 2000. Father's earnings are
measured with average log earnings during 1970–1990. Reform refers to the
comprehensive school reform dummy. Cohort dummies refer to 7 birth cohort
dummies that are included in the regression in columns (3) and (4). Father's
earnings⁎cohort dummies refer to the interaction of father's earnings and 7 cohort
dummies. Region dummies refer to 6 reform region dummies that are included in the
regression in columns (3) and (4). Father's earnings⁎region dummies refer to the
interactions of father's earnings and 6 region dummies. Cohort⁎region dummies refer
to full set of interactions of these dummies included in the regression in Column 4.
Region-specific trends refer to region-specific linear trends of the intergenerational
income elasticity. Standard errors, reported within parentheses, are robust to clustering
at the regional level.
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Figure 8: Educational Attainment and Intergenerational Mobility, Pre- vs. Post-Reform
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Note: We recenter the data such that the reform occurs at time zero for each municipality. Panels (a)-(c) sum-

marize the distribution of offspring educational attainment. Each dot in panel (d) represents the coefficient from

a regression of years of schooling of offspring on years of schooling of their fathers. Based on intergenerational

sample (fathers aged below 33). Grey bars: 95% confidence intervals.

in parental education correspond to smaller differences in offspring attainment.

Reform Effect. Figure 8 provides more direct evidence on the reform impact. Recentering
the data within each municipality, we compare educational attainment and the intergenera-
tional educational coefficient before and after a cohort was first subject to the new school
type. The share of individuals with less than 9 years, the variance of schooling and the inter-
generational schooling coefficient all drop strongly with local reform implementation.

We can exploit the gradual introduction of the reform to verify its causal impact, adapting
a difference-in-differences specification as similarly used in Holmlund (2008) and Pekkarinen
et al. (2009). Consider the regression equation for schooling (income)

hcfm,t = ↵1 + �1ht�1| {z }
baseline

+ ↵2Rcm + �2 (ht�1 ⇥ Rcm)| {z }
reform effect

+ ↵0
3Dc + �0

3 (ht�1 ⇥ Dc)| {z }
offspring cohort effect

+ ↵0
4Dm + �0

4 (ht�1 ⇥ Dm)| {z }
municipality effect

+ "cfm,t, (24)

where hcfm,t represents years of schooling (log income) of the offspring in generation t of

27

Figure: Swedish compulsory school reform (Nybom and Stuhler, 2014)



Figure 4: Association between Sons’ and Fathers’ Earnings Ranks by Region
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(a) Main Cohorts (1952–1957)
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(b) Placebo Cohorts (1932–1933)

Notes: The plots present nonparametric binned scatterplots of the relationship between sons’ earnings percentile ranks and their

fathers’ earnings ranks in high- and low-oil regions. In Panel (a), we include birth cohorts 1952–1957 and their fathers. In Panel

(b), we include birth cohorts 1932–1933 and their fathers. Sons’ earnings are ranked in their birth cohort’s earnings distribution.

Fathers’ earnings are ranked in the earnings distribution of fathers with sons born in the same year.

Figure 5: Association Between Fathers’ Earnings Ranks and Their Sons’ Education by Region
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Notes: The plots present nonparametric binned scatterplots of the relationship between sons’ likelihood of finishing an academic

high school education with their fathers’ earnings ranks in high- and low-oil regions. In Panel (a), we include birth cohorts

1952–1957 and their fathers. In Panel (b), we include birth cohorts 1932–1933 and their fathers. The fathers’ earnings are

ranked in the earnings distribution of fathers with sons born in the same year.
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Figure: Association between sons’ and fathers’ earnings ranks
by region (Bütikofer, Dalla-Zuanna and Salvanes, 2018)



Causal “mover” design

An alternative design is the “mover” design as used in Chetty et al
(2018a, 2018b):
I Ideal experiment: Randomly assign children to new

neighborhoods d starting at age m (for the rest of childhood)
I In observational data: We have to control for selection, as

choice of neighborhood is likely to be correlated with children’s
potential outcomes.

→ See
I Slides by Chetty et al.
I Paper by Mogstad et al. (Figures 6 and Figures 7)



Intergenerational mobility across regions: Causal estimates

Figure: Chetty et al. (2018)FIGURE IV: Childhood Exposure E�ects on Income Ranks in Adulthood
A. Semi-Parametric Estimates

B. Parametric Estimates

Notes: Panel A plots estimates of the coe�cients {bm} vs. the child’s age when the parents move (m) using the semi-parametric
specification in equation (5), measuring children’s incomes at age 24. The sample includes all children in the primary analysis
sample whose parents moved exactly once between 1996-2012. The {bm} coe�cients can be interpreted as the e�ect of moving
to an area where permanent resident outcomes are 1 percentile higher at age m. They are estimated by regressing the child’s
income rank in adulthood yi on �odps = ȳpds ≠ ȳpos, the di�erence between permanent residents’ predicted ranks in the
destination vs. the origin, interacted with each age of the child at the time of the move m. We include origin CZ by parent
income decile by birth cohort by age at move fixed e�ects when estimating this specification. Panel B plots estimates from the
parametric specification in equation (6), measuring children’s incomes at age 24. This specification replicates the specification
used in Panel A, replacing the fixed e�ects with indicators for the child’s age at the time of the move interacted with parent
income rank and predicted outcomes for permanent residents in the origin interacted with birth cohort fixed e�ects. The
dashed vertical lines separate the data into two groups: age at move m Æ 23 and m > 23. Best-fit lines are estimated using
unweighted OLS regressions of the {bm} coe�cients on m separately for m Æ 23 and m > 23. The slopes of these regression
lines are reported along with standard errors (in parentheses) on the left side of each panel for m Æ 23 and on the right side for
m > 23. The magnitudes of the slopes for m Æ 23 represent estimates of annual childhood exposure e�ects. The parameter ”
is defined as the mean value of the bm estimates for m > 23; this parameter represents a selection e�ect because moves after
age 24 cannot a�ect income measured at age 24. In Panel A, the dashed horizontal line shows the value of the selection e�ect
”; the identification assumption underlying the analysis is that the selection e�ect ” does not vary with the child’s age at move
m.


