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Abstract

Household labor earnings are unequal and risky. Their persistence and the

distribution of the shocks they face depend on age, birth cohort, and the posi-

tion of a household in the earnings distribution. Understanding these features

is key to explain household consumption decisions, the allocation of house-

hold savings between different asset classes, and the role of different insurance

mechanisms in smoothing out those risks. Using US survey data and Dutch

administrative data, I document that household earnings are less persistent for

the young and for the income-poor and that shocks to earnings are infrequent

and negatively skewed. Although the tax and transfer system insures part of

these risks, particularly in the Netherlands, they are also present in disposable

income. I then turn to evaluating the implications of these rich features by com-

paring, in the context of a standard life-cycle model, a flexible earnings process

that incorporates them against a canonical process with constant persistence

and normal shocks. I find that considering richer earnings dynamics helps us to

better understand the evolution of cross-sectional consumption inequality over

the life-cycle and the pass-through of persistent earnings shocks to consumption.

Many of these features of earnings have changed over time. Using US data, I

document that earnings are more unequal and riskier for younger generations.

I argue that lower initial and lifetime earnings for the income-poor and larger

earnings variability across the board are key to explain the reduction in home-

ownership rates between the generations born in the 1940s and 1980s. I show

the relevance of this mechanism in a flexible life-cycle model with risk-free as-

sets, stocks, houses, and mortgages, and correlated idiosyncratic and aggregate

risks. Changes in financial constraints also matter: looser mortgage require-

ments helped the young buy houses, and lower participation costs rationalize

higher stock market participation.
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Introduction

Wage and earnings risk affect important economic decisions, including con-

sumption, labor supply, savings, homeownership, and portfolio allocations. The

extent to which people can self-insure against these risks is key to understand

how people consume and save, but also to measure the scope for government

policies that alleviate those risks.

Additionally, key features of earnings risk vary over the position of an indi-

vidual in the income distribution and have changed over time. Understanding

these changes is crucial to explain many structural transformations in the econ-

omy.

In Chapter 1, I quantitatively measure very rich features of earnings risk in

Dutch administrative data. Namely, I study the characteristics of the distribu-

tions of the changes to male wages, male earnings, household earnings, pre-tax

household income, and after-tax household income. I find that earnings display

rich dynamics. These include age-varying persistence and variance of earnings

changes, differences in earnings risk across the earnings distribution, and non-

normal shocks. I decompose the sources of these features between hours and

wages, and find that changes in hours are quantitatively more relevant to ex-

plain these nonlinear features. I then turn to studying the extent to which

family labor supply and government insurance reduce these risks. I find that

family insurance helps to smooth out large shocks, but government taxes and

transfers play a much more important role in reducing these non-linearities.

In Chapter 2, I show that these rich features of earnings dynamics are also

present in US administrative and survey data. I then estimate two processes

for household after-tax earnings and study their implications within a standard

life-cycle model. For both processes, I allow for a persistent and transitory

component but while the first one is the canonical linear process with station-

ary shocks, the second one has substantially richer earnings dynamics, allowing

for age-dependence of moments, non-normality, and nonlinearity in previous

earnings and age. Allowing for richer earnings dynamics implies a substantially

better fit of the evolution of cross-sectional consumption inequality over the life

cycle and of the individual-level degree of consumption insurance against per-

sistent earnings shocks. The richer earnings process also implies lower welfare

costs of earnings risk.

Finally, in Chapter 3, I study how these features of earnings dynamics have

23



changed for different generations and their impact on homeownership and house-

hold portfolio composition. I find that earnings are riskier and more unequal

for households born in the 1960s and 1980s than for those born in the 1940s.

At the same time, despite the improvements in financial conditions that made

it easier to borrow, younger generations are less likely to be living in their own

homes than older generations at the same age. By using a rich life-cycle model

with housing and portfolio choice that includes flexible earnings risk and aggre-

gate asset price risk, I show that changes in earnings dynamics account for a

large part of the reduction in homeownership across these generations. Lower-

income households find it harder to buy housing, and some households delay

homebuying decisions because their income is more unstable. As a result, they

also accumulate less wealth. Relatively looser borrowing constraints help to

explain how the 1980s cohort bought houses in a context of risky earnings and

high house prices, and the reduction in the cost of access to financial markets

can explain the intergenerational increase in stock market participation.
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Chapter 1 Nonlinear Dynamics of Earnings

in the Netherlands: Sources and Insurance

Mechanisms

1.1 Introduction

Individual earnings are volatile. They are subject to infrequent, but relatively

sizeable shocks of an asymmetric nature: large negative earnings shocks are

more likely than large positive earnings shocks. Additionally, the persistence

and variance of these shocks varies significantly over the life-cycle and over the

distribution of income.

In this Chapter we study the size and distribution of earnings shocks in the

Netherlands, document the source of these earnings fluctuations, and evaluate

the role of insurance mechanisms against them. We start by documenting the

distribution of wage shocks at the individual level by analyzing distributional

measures of wage changes, including the standard deviation, skewness, kurto-

sis, and persistence, by age and previous earnings. To understand the role of

individual-level labor supply and temporary unemployment spells, we compare

the distribution of individual wage shocks with that of individual-level earn-

ings. To analyze the role of family insurance through the labor supply of both

partners, we compare the distributions of individual-level and household-level

earnings. To examine the role of government insurance, we compare the distri-

bution of household income, pre- and post-taxes, and transfers, by age group

and previous earnings.

Our high-quality administrative data on income, taxes, and government

transfers on individuals and households for the Netherlands (IPO) enables us

to get precise estimates of the dynamics of wage shocks and the role of private

and public insurance mechanism to mitigate these shocks. The results in this

paper show clear evidence of non-linearity and age dependence of earnings dy-

namics, with high earnings risk for the people with lowest and highest earnings.

Furthermore, wage and earnings persistence increase with age.

Our contribution to the literature is twofold. First, whereas previous studies

mainly investigated shocks in individual earnings, we distinguish between shocks

in wages and changes in hours worked (in line with Hoffman and Malacrino

(2019)). As both may have different dynamics, this provides us with a better
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understanding of the nature of income risk. Using high-quality administrative

data on hours worked (DPA), we find that most of the fluctuations in earnings

are related to changes in hours rather than changes in wages.

Second, we investigate the degree of insurance provided by spousal labor

supply (by comparing individual earnings and total earnings at the household

level) and insurance provided by the tax and transfer system (by comparing

pre- and after-taxes household income). We find that the family is a relevant

source of insurance in the Netherlands, but most of this insurance comes from

income pooling rather than labor supply reactions of secondary earners or added

worker effects. Taxes and, particularly, the transfer system play a much larger

role in the reduction of income risk.

This Chapter contributes to a growing literature on higher-order moments of

income shocks. Guvenen, Karahan, Ozkan and Song (2016) investigate higher

order earnings risk using U.S. Social Security administrative data. They find

substantial nonlinearities and non-normalities, but they can only study gross

individual earnings process, so they cannot separate hours and wages or study

additional insurance mechanisms.

Closely related to our study are a set of recent papers that use survey and

administrative data from several countries to understand the drivers of earn-

ings risk and the extent to which the household and the government insure

against them. Hoffman and Malacrino (2019) use Italian administrative data

to decompose earnings growth in changes in employment time and changes in

weekly earnings. Like us, they find that changes in employment time are an

important driver of earnings growth. Halvorsen, Holter, Ozkan and Storeslet-

ten (2019), using Norwegian data, and Busch, Domeij, Guvenen and Madera

(2018), using data for the U.S. and Germany, attribute changes in earnings par-

ticularly to changes in wages. These international differences suggest that the

institutional frameworks are important to determine whether wages or hours

are the key margins of adjustment.

Similarly to our results, Busch et al. (2018) and Halvorsen et al. (2019)

find that the benefit system is particularly important to insure workers against

earnings fluctuations. Family insurance also matters, but to a lower extent.

Pruitt and Turner (2018), on the other hand, use administrative data from the

US. and find that the probability of the spouse entering employment rises when

the male experiences earnings losses.

The remainder of this Chapter proceeds as follows. Section 1.2 describes
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our data and approach, after which Section 1.3 presents the results. Section 1.4

concludes.

1.2 Data and approach

This section describes the data, our sample selection criteria, our wage and

income measures, and the statistics that we set out to analyze.

Data sources We use administrative tax records from the Dutch Income

Panel Study (IPO) and administrative data from Dutch payroll administrations

(DPA).

The IPO data set contains a representative 1% population sample (of about

95,000 individuals) and their household members. The sample is randomly

selected by Statistics Netherlands based on their national security number and

is followed over time since 1989. Detailed information is available on, amongst

others, personal income, household income, demographics, and labor market

status. Because of a major tax reform, some of the income definitions in IPO

changed in 2001. Our sample therefore starts in 2001.

The IPO data set has several important advantages over the use of survey

data. First, the data is often collected from or checked with a third party. For

instance, income measures are derived from tax records complemented with

information provided by banks and other financial institutions. In addition,

Statistics Netherlands performs several checks on the data to guarantee its

quality. This drastically reduces or even eliminates measurement error and

errors due to non-reporting. Second, individuals are followed for as long as they

are residing in the Netherlands (as of December 31 of the sample year). We

thus have little to no endogenous panel attrition. Panel attrition only occurs as

a result of migration or death. New panel members enter the panel for the first

time in the year of their birth, and immigrants to the Netherlands in the year of

their arrival. Third, and very importantly, the IPO data set contains a detailed

decomposition of labor and asset income, taxes and social insurance premia

paid, and government transfers received for all household members. It also

contains a detailed transfers breakdown, including unemployment insurance,

disability insurance and social assistance. These features of the data allow us

to measure the value of both family and government insurance.

The DPA payroll data is available since 2001 and is reported directly by

employers to the tax authorities. It provides yearly information on the number
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of days that a worker was employed and the number of hours worked on a typical

working week, reported as a fraction of a full time job according to the sectorial

workers’ collective labor agreement, the so-called part-time factor. The part-

time factor is not only based on contractual hours, but also on paid overtime

hours.1 Paid leave of absence, such as sick leave or parental leave, is counted

in the data as hours effectively worked as long as wages are not reduced, and

thus we cannot separate it out.2

Sample selection We select a sample of male earners age 25 to 60 to ab-

stract from education and retirement decisions. We exclude self-employed work-

ers3 and individuals with a very low attachment to the labor market. We in-

clude individuals with labor earnings of at least 2720 dollar a year (2200 euro)

in 2014 prices. We equivalize all measures of earnings that pertain to the entire

household using the equivalence scale provided by Statistics Netherlands.

Variable definitions We study individual gross earnings, household gross

earnings, household pre-tax (primary) income, household after-tax (disposable)

income, and individual gross wages.

We define individual gross earnings as the total amount received by a worker

in a given year according to their contracts, which includes employee’s contri-

butions to social security.4

We compute household gross earnings by aggregating individual earnings of

all household members. By adding income from savings we obtain household

pre-tax income. Finally, household after-tax income equals household pre-tax

income minus income taxes plus allowances (healthcare, rent, child and child-

care, study costs, and alimony) and transfers. Transfers are the sum of unem-

ployment benefits, disability benefits, social assistance and pension benefits.

We compute individual gross wages wit by dividing individual gross earnings

yit by a measure of hours worked hit (Equation 1). Our measure of gross wages

1For those workers whose contracts do not specify the explicit number of hours (such as zero-
hours, min-max, or piece-rate pay contracts), there is information on the actual amount of hours
paid.

2The part-time factor does not include overtime hours for full-time workers or overtime hours
that are paid at a higher rate than usual hours. Fortunately, starting from 2006 we have detailed
monthly information on hours that does include a very good measure of overtime. In Appendix 1.1
we show that considering that restricting the analysis to 2006 onwards and only considering this
alternative, richer measure does not affect our main conclusions.

3That is, those for whom income out of self-employment is their main income source following
Guvenen et al. (2016).

4In the Netherlands, these include a contribution for health insurance and a premium for unem-
ployment, disability, and pension benefits.
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wit represents the amount an individual would earn when working a fulltime

year. We obtain our measure of hours worked by linking administrative payroll

data from the DPA to our main IPO sample, thus properly accounting for time

spent unemployed, part-time work, and overtime. More precisely, to obtain hit
we use two elements. The first is the fraction of the year that a worker was

employed according to payroll data. The second is the fraction of a typical

working week that a worker spent at work during the time when she was on a

contract (part-time factor). By multiplying both we obtain the fraction of an

effective working year that an individual spent at work (Equation 2).5

wit = yit
hit

(1)

hit = Weeks worked per year
52 × Hours worked per week

Usual working week . (2)

Approach As standard in the literature, we purge age and time effects from

log wages by running the following regression and identifying its estimated

residuals as wage shocks

logwit = β1ageit + β2age2
it + αt + uit. (3)

The subscript i refers to an individual, t is year, αt represents year fixed effects,

and the error term uit captures the stochastic component of wages.

Because the widespread modeling of wage shocks as an AR(1) process implies

strong restrictions on wage changes that previous work has found to be violated

in the data, rather than making this functional form assumption, we compute

key moments of wage shock changes (ûit − ûit−1), including their standard

deviation, skewness, and kurtosis.

These moments derive from interesting and important economic mecha-

nisms. For instance, negative skewness can come from a job ladder model

(see, for instance, Graber and Lise (2015)) in which people staying on the job

experience small wage raises most of the time, but people losing their job often

experience a large wage and earnings drop. This kind of model can also explain

some kurtosis: most wage changes are small, but then there is a small fraction

of people experiencing large wage changes, due to job loss, or job and career

switches, for instance. In addition, the persistence of these wage changes might

depend on one’s age and current earnings. A young worker is more likely to
5This measure can then be transformed into actual hours by multiplying it by the number of

working hours in a typical working year.
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switch jobs and careers to figure out what he or she is best at, which tends

to lower the persistence of their wage changes. An old worker might switch to

a part-time or less demanding job, thus also having lower wage shocks persis-

tence. Finally, earnings persistence might depend also on previous earnings.

For instance, high earners might be experiencing more wage uncertainty than

those with a middle-class income.

To measure skewness, we compute the conventional measure of skewness

(Pearson’s or standardized third moment). Because this measure is very sen-

sitive to outliers (deviations from the mean are cubed), we also compute the

robust Kelley’s coefficient of skewness, which is given by

SK = P90 + P10 − 2P50
P90 − P10

, (4)

where a zero implies a symmetric distribution, positive values represent right

skewness, and negative values represents left skewness.

To measure kurtosis, we start with the conventional measure given by the

fourth standardized moment, but we also compute the robust Crow-Siddiqui

kurtosis which is given by

SCS = P97.5 − P2.5
P75 − P25

. (5)

The term SCS is large if P97.5 − P2.5 is large relative to the probability mass

that is concentrated between P75 and P25, corresponding to heavy tails.

Finally, we analyze persistence by age, by regressing ûit+1 on ûit for different

ages.

To investigate insurance mechanisms, after studying wages, we repeat the

analysis for individual-level earnings, household earnings, household pre-tax

income (earnings and income from savings) and household after-tax (dispos-

able) income. The comparison of wages and earnings is informative about

self-insurance through labor supply. The comparison of individual-level and

household-level earnings is informative about family insurance through the la-

bor supply of the spouse. The comparison between household pre-tax income

and household disposable income helps shed light on the role of insurance by

the government through transfers and progressive taxation.
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1.3 Results

In this section, we first discuss the properties of male wage changes. Then,

we compare them with those of male earnings, household earnings, pre-tax

household income and disposable household income. We also discuss what they

imply in terms of family and government insurance.

1.3.1 Male wages

The top left panel of Figure 1 displays wage persistence by age and shows large

age variation in male wage persistence, unlike typically assumed by a standard

AR(1) process. Wage persistence starts from a low value of 0.65 at age 25,

consistently with younger people switching jobs and careers to figure out what

job is the best fit for them. Many of them also have temporary contracts. It

then increases fast, reaching 0.85 at age 30, and 0.9 at the age of 40. After that

age, it remains flat. This is good news for older workers with high wages, but

low wage workers may become more vulnerable when this becomes a persistent

situation. At younger ages, on the other hand, bad (and good) wage shocks

are not as long-lived as they would be if their persistence were much higher, as

assumed by many models evaluating policy interventions and taxation.

The top right hand side of Figure 1 displays the standard deviation of wage

changes by age group and previous earnings.6 Several features of the data

are worth noticing. First, the variability of wage changes is about 1.5 times

larger at the lowest percentiles of previous earnings (0.35) than for workers

in the middle percentiles of previous earnings (0.23). Second, this variability

increases somewhat (from 0.23 to almost 0.25) for previous earnings above the

90th percentile. Third, workers in the youngest (25-34) and the oldest (55-

59) age group with previous earnings below the 30th percentile experience the

largest wage change volatility.

The differential patterns for young workers may be related to flexible con-

tracts. In contrast, workers at late stages of their career might have a higher

prevalence of sick-leave due to longer-lived health problems. In the first two

year of sick-leave wages may decline, as the employer is required to continue

paying at least 70% of wages in the first two years of sick leave. Thereafter, one

may become eligible for disability benefits.

6In all figures we use the same horizontal axis, which is the distribution of previous earnings.
Using previous wages on the horizontal axis of Figure 1 does not change the results.
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Figure 1: Dutch male wages. Wage persistence (top left) and moments of wage
changes: standard deviation (top right), skewness (middle left), Kelley’s skewness
(middle right), kurtosis (bottom left), and Crow-Siddiqui kurtosis (middle right), by
age group and previous earnings percentile.
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High volatility, however, may be due to both upward or downward mobility.

To study asymmetries in wage changes, the middle left panel of Figure 1 plots

a measure of skewness. Wage skewness starts around zero at low levels of previ-

ous earnings. After the 70th percentile of previous earnings skewness becomes

negative, reaching -2.5 for the older age groups with the largest previous earn-

ings. This means that workers with higher previous earnings are more likely to

experience a relatively large negative wage shock, rather than a wage increase.

Also, young workers with previous earnings below the 50th percentile, have

more negative skewness than their older counterparts. They may experience

relative large negative wage changes after an unemployment spell.

Because this conventional measure of skewness is quite sensitive to the tails

of the distribution, we also report (middle right panel of Figure 1) Kelley’s

skewness, which is robust to outliers. Once we eliminate unusually negative

wage shocks, skewness is zero or slightly positive for most age groups and most

of the wage distribution. Between the 20th and 80th percentile of previous

earnings, the youngest age group has the most positive skewness, which can

be related to promotions early in people’s careers. Looking at both measures

jointly, we find little evidence of negative skewness in Dutch wages, with the

only exception of the very income-richest.

The bottom left panel of Figure 1 shows the kurtosis of wage changes. It

is increasing at the bottom of previous earnings (up to the 40th percentile).

Workers in their prime working lives (aged 35-54) have the highest kurtosis and

thus face the distribution of wage changes with the fattest tails. Broadly, this

suggests that wage shocks are very infrequent but that, when they happen, they

tend to be of a large magnitude.

The Crow-Siddiqui kurtosis measure (bottom right panel), which is robust

to outliers, confirms this intuition. Although it displays less variation over the

distribution of previous earnings, its age patterns are starker. Younger workers

experience relatively smaller but more frequent wage shocks, whereas for older

workers these shocks become larger but much less prevalent. This may be due

to a lower prevalence of flexible contracts and higher employment protection

for older age groups, which are likely to make wages of older and higher income

workers more rigid.7

Thus, Figure 1 shows strong evidence in favor of age-variation, non-linearity

7By law it is very difficult to lower someone’s wage rate. At the end of working life wage scale
ceilings can be restrictive, especially in the public sector Deelen and Euwals (2014).
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and non-normality of wage changes: wage persistence is the lowest for the

youngest, wages are more variable for the highest and lowest earnings, and there

are hardly any shocks for most and large shocks for some. However, skewness

is very close to zero for most of the earnings distribution, suggesting an almost

symmetrical distribution of wage changes for most, with the exception of the

highest earners.

1.3.2 Male earnings

Previous studies have focused mostly on the features of earnings shocks. Our

data, with a very precise measure of hours, is particularly well suited to un-

derstand whether these come from shocks in wages or hours. In Figure 2 we

compare the statistics for male wages (left panel) with those for male earnings

(right panel). There are several economically relevant differences.

First, looking at persistence (top panel), we observe that it increases more

rapidly by age for wages than for earnings. With respect to standard deviation

(second panel), we find that at the bottom of the distribution of previous earn-

ings, the variability in earnings changes is larger than the variability of wage

changes. This suggests that there is important action at the hours margin, and

that much of the earnings fluctuations of lower earners are due to temporary

unemployment, reductions in working time, or labor supply decisions.

The third panel shows that Kelley’s skewness of earnings changes is in gen-

eral more negative than that of wage changes, particularly for the very oldest.

The picture for centered skewness is even starker (fourth panel). Skewness of

earnings is much larger, in absolute value, than skewness of wages. This sug-

gests that the driver of most large negative changes in earnings is a reduction

in hours (i.e., unemployment, temporary disability, etc.), with a much more

limited role for wages, with the only exception of the very highest earnings.

For the oldest age group the variability in earnings changes is slightly higher

than the variability in wage changes, the skewness is more negative, and the kur-

tosis (bottom panel) is more positive across the whole distribution of previous

earnings. This pattern could be explained by a higher prevalence of job-loss, but

also by early retirement and a (voluntary) reduction in working hours among

the oldest age group.

To further understand the role of hours and wages in explaining the rich

nonlinear patterns in male earnings, Figures 3 and 4 decompose their relative

contributions to three main measures: the variance, skewness, and kurtosis of
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Figure 2: NL, male wages (left) and male earnings (right). Persistence (top row),
standard deviation (second row), Kelley’s skewness (third row), skewness (fourth row),
and Crow-Siddiqui kurtosis (bottom row).
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male earnings changes.

In Figure 3 we observe that, for most households, the variance of wages and

hours worked is very low. It is larger for the lowest earners, for whom most

of the fluctuations are related to hours rather than wages, and for the highest

earners, for whom the opposite is true.

The two bottom panels study the contributions to the variance separately for

those individuals who have suffered a positive change in hours (left) and those

who have suffered a negative change in hours (right). For those whose earnings

go up, with the exception of the bottom tail of the earnings distribution, the

variance of hours is almost zero. Thus, for most of the income distribution

increases in earnings come through increases in wages at a constant amount

of hours worked.The covariance between hours and wages is very low, which

suggests that there are almost no labor supply reactions to wage changes at

these ranges of earnings in which most individuals are in full-time employment

already.

The lowest earners present remarkably different patterns. For many of them,

the cause of their previously low earnings was a low amount of hours worked in

a year, and most of their positive shocks are driven by increases in hours worked

rather than in wages. Indeed, we observe a negative correlation between hours

and wages at this earnings levels, which may reflect a wage penalty when re-

entering the labor market after experiencing an employment shock.

For those whose earnings go down, variations in earnings are mostly asso-

ciated with variations in hours. Thus, negative shocks to earnings seem to be

mostly driven by changes in hours.

This intuition is further confirmed in the left panel of Figure 4. In the

Netherlands, most of the negative skewness in earnings is driven by changes in

hours rather than wages. Thus, the relatively large earnings skewness mostly

reflects temporary periods out of employment or reductions in the numbers

of hours worked per week. This is consistent with the evidence presented in

Hoffman and Malacrino (2019) for Italy, but at odds with the findings in Busch

et al. (2018) for Germany. These international differences suggest that the

institutional framework that governs the labor market is crucial to determine the

sources of earnings fluctuations and whether adjustments occur at the margin

of hours or wages.

Co-skewness measures whether large changes in hours and wages occur at

the same time. Whereas in Norway co-skewness plays a substantial role in
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explaining negative skewness of earnings growth (Halvorsen et al., 2019), this is

not the case for the Netherlands, where it is very close to zero. Positive kurtosis

in the right-hand-side panel of Figure 4 is also somewhat more driven by hours

than wages. Most individuals do not change working hours between one year

and the other and this leads to a lot of relatively small changes in earnings.

Figure 5 further shows the extent to which changes in male earnings are

related to changes in hours and wages. The horizontal axis measures changes

in earnings and the vertical axis measures changes in hours or wages, both ex-

pressed in terms of log points. Each dot in the line represents a decile of changes

in male earnings, and each of the graphs represent three different positions in

the previous earnings distribution (first decile, median, and ninth decile, from

left to right).

For instance, the leftmost datapoint in the left panel of Figure 5 shows

that earners with low previous earnings (1st decile of the previous earnings

distribution) and a very bad earnings change (1st decile of the change in male

earnings) have suffered on average an 80% decrease in their earnings. Of these,

above 70 percentage points are accounted for by a reduction hours, with a bit

below 10 percentage points due to a reduction in wages.

Naturally, those with the lowest previous earnings are also those who ex-

perience the largerest earnings increase in relative terms (140%, the rightmost

datapoint in the left panel of Figure 5). For those, again, most of the change

is due to an increase in hours, with a small role for wages. The largest share of

people, however, face very small changes to their earnings, hours, and wages,

and that’s why many dots are located very close to zero.

These patterns are different for people who had around median earnings

last period (central panel). For them, negative shocks are due to both changes

in wages and hours, and positive shocks are almost entirely due to increasing

wages. In the top of the distribution of previous earnings (right panel), negative

shocks in earnings are mainly due to drops in wages but also due to changes in

working hours. This observation agrees with the evidence in Figure 2, where

we observed that there was negative skewness of wage growth for this earnings

group. Positive shocks, on the other hand, are only due to wage growth, as most

people in this earnings range were working full time in the previous period.
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Figure 3: Variance of changes in male earnings, wages and hours. Top: all workers;
bottom left: workers with a positive hours change; bottom right: workers with a
negative hours change.

Figure 4: Skewness and kurtosis of changes in male earnings, wages and hours
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Figure 5: Male earnings changes versus hours and wage changes. Each dot represents
a decile of changes in male earnings. First decile of previous earnings (left), median
decile of previous earnings (middle), 9th decile of previous earnings (right).

1.3.3 Household insurance

Next, to investigate the effect of insurance within the household, we compare

the nature of changes in male and household earnings (left vs. right panels of

Figure 6). First, persistence is very similar for male and household earnings.

Among older workers the standard deviation is a little bit lower and Kelley’s

skewness is somewhat less negative for changes in household earnings compared

to male earnings. Interestingly, for younger workers we find higher standard

deviations and more negative Kelley skewness for household earnings compared

to male earnings, which could reflect female spouses who reduce working hours

after the birth of children.

The bottom two panels of the figures show that the labor supply of the sec-

ondary earner plays an important role in reducing the skewness and kurtosis of

household earnings earnings compared to that of male earnings and wages. This

means that on the household level there are more frequent but small changes

in earnings, compared to less frequent but larger changes in male earnings and

wages. Thus, in the Netherlands the family has a role in reducing the risks that

households face. However, these features of the data might be either due to

a pooling of earnings within the household or due to an increase in the labor

supply of women when their husbands experience a negative earnings shock

(added worker effect).

Figure 7 examines which of these two different channels of within-household

insurance is more prevalent in the Netherlands. It represents the average change

of women’s hours between years t and t + 2 as a response to changes in male

earnings between t and t + 1 for couples. If there is an added worker effect,

the number of hours worked by the woman in the household would respond to

earnings shocks suffered by the man; by looking at two-year windows we can
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Figure 6: NL, household earnings (left) and disposable income (right). Persistence
(top row), standard deviation (second row), Kelley’s skewness (third row), skewness
(fourth row), and Crow-Siddiqui kurtosis (bottom row).
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Figure 7: Male earnings changes and female labor supply. Each dot represents a decile
of changes in male earnings. Lowest decile of previous male earnings (left), median
decile of previous male earnings (center), 9th decile of previous male earnings (right)

capture changes in female labor supply which are not exactly contemporaneous

to the man’s earnings shock. We do not find any association between changes in

male earnings and changes in women’s hours worked, indicating that it is mostly

income pooling which explains the reduced earnings risk that households face.

This is in line with findings for Norway (Halvorsen et al. (2019)), and may be due

to correlated labour market opportunities of spouses. The only case in which

we find a noticeable labor supply reaction in the Netherlands is women who

reduce hours worked as a response to large positive changes in male earnings

for those who were already high earners.

1.3.4 Insurance from taxes and transfers

To investigate the role of government insurance, Figure 8 compares the prop-

erties of household pre-tax income (left panel) with disposable income (right

panel) for the Netherlands.8

Taxes and transfers make a huge difference for the measures of risk that

we focus on, especially at the lower end of the income distribution and for

older households. For disposable income, the standard deviations are lower and

both measures of skewness become less negative. For instance, the standard

deviation of household income changes at the lowest percentiles of previous

earnings declines from about 0.75 before taxes and transfers to a little over

0.37 after taxes and transfers. The reduction in the standard deviations and

Kelley’s skewness is especially apparent for workers in the oldest age group.

For them, Kelley’s skewness becomes almost zero. The Crow-Siddiqui kurtosis

further drops from about 8 at the household level (it peaked at about 17 for

wages and male earnings) to well below 7 after taxes and transfers.

8Household pre-tax income contains earnings and income from savings. In Appendix 1.4 we show
that allowing for capital income makes little difference for household income dynamics.
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Figure 9 summarizes the roles of household and government insurance by

showing the pass-through of changes in male earnings to before- and after-tax

income. It shows that taxes and transfers offset positive and negative changes

in male earnings, especially for households at the bottom of the distribution of

previous earnings. For example, households in the 20th percentile of previous

earnings with a negative earnings shock of 60% experience on average a 40%

drop in pre-tax household income, but only a 10% drop in disposable household

income. Households in the 50th and 80th percentile of previous male earnings

experience smaller changes in male earnings and receive, as expected, less insur-

ance from progressive taxation and transfers (the difference between the slopes

of the blue and the red lines is smaller).

Given that government insurance is especially prevalent in the Netherlands

and especially so at older ages, Figure 10 further breaks down the role of various

government programs for our 55-59 age group, by sequentially adding specific

transfer programs or taxes. The graphs show that disability insurance greatly

reduces the standard deviation of household earnings changes below the 20th

percentile of previous earnings, while unemployment insurance generates a sig-

nificant reduction even at higher levels of previous earnings. It also shows that,

for this age group, early retirement transfers play a much larger role in reduc-

ing variation in household income than taxes. The bottom graph of Figure

10 shows that negative skewness is completely offset by taxes and transfers in

the bottom 45 percentiles of the distribution of previous earnings, whereas it is

partly offset between the 45th and the 80th percentile of previous earnings.

The analyses make clear that the government and private pensions provide

a lot of insurance in the Netherlands. Progressive taxation reduces earnings

variability and the benefit system (unemployment insurance, disability insur-

ance, and welfare) and private pensions reduce income variability. In particular

for older workers and for the bottom of the distribution of previous earnings,

taxes and transfers effectively eliminate large negative shocks, such that nega-

tive skewness disappears and the kurtosis is reduced.

1.4 Conclusion

This Chapter studies the nature of income dynamics over the lifecycle. We use

unique administrative data from the Netherlands to analyze shocks in wages and

hours worked. Furthermore, we investigate the degree of insurance provided by

spousal labor supply and by the tax and transfer system.
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Figure 8: NL, household earnings (left) and disposable income (right). Persistence
(top row), standard deviation (second row), Kelley’s skewness (third row), skewness
(fourth row), and Crow-Siddiqui kurtosis (bottom row).
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Figure 9: Household before- vs after-tax income. Each dot represents a decile of
changes in male earnings.

The results show clear evidence of non-linearity and age dependence of wages

and earnings in the Netherlands with higher earnings risk for the lowest and

highest earners. Except for outliers, large wage shocks are mostly positive in the

first half of the distribution and negative in the top decile of the distribution. In

line with Hoffman and Malacrino (2019), we find that changes in employment

time are an important driver of changes in earnings. More specifically, we show

that this holds especially at the lower part of the earnings distribution. In the

top, upward mobility is driven by positive wage shocks for workers who were

mostly already working full time.

Our results show that large downward shocks in earnings are more likely

than large upward shocks. Especially for older workers and above the lowest

income group, people reach wage scale ceilings and exhaust opportunities to

move up, while negative earnings risk due to sickness, long term unemployment

and retirement increases. For most workers, however, earnings stay about the

same from one year to the other (the kurtosis is high). Especially the wages

and earnings of older workers appear to be rigid, apart from some outliers.

In the Netherlands women’s earnings do not reduce the standard deviation

of income risk at the household level. Indeed, for the age group 25-34 the

variance even increases after the 30th percentile, probably due to the birth

of children. However, income pooling within the household does substantially

reduce skewness, thus suggesting that the presence of a secondary earner in the

household can smooth out large negative shocks. We do not find evidence for
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an added worker effect in the Netherlands.

Comparing family and government insurance we find that the government

plays a much larger role in reducing earnings risk. A breakdown by govern-

ment programs for older workers in the Netherlands shows that disability and

unemployment insurance programs reduce income risk, especially for the low-

est quarter of the male earnings distribution. Pensions and taxes (to a lower

extent) reduce earnings risk across the whole distribution.

After gathering this empirical evidence regarding the dynamics of earnings

in the Netherlands, we now turn to studying whether these patterns are also

true for the United States and to evaluating to which extent richer earnings

dynamics in disposable income affect household consumption decisions, self-

insurance, and welfare.
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Chapter 2 The Implications of Nonlinear

Earnings Dynamics for Household

Self-Insurance and Welfare

2.1 Introduction

Macroeconomic models with heterogeneous agents are ideal laboratory economies

to quantitatively study a large set of issues that include household behavior

under uncertainty, inequality, and the effects of taxes, transfers, and social

insurance reforms.9 Earnings risk is a crucial source of heterogeneity in these

models and its stochastic properties determine how saving and consumption ad-

just to buffer the impact of earnings shocks on current and future consumption.

Appropriately capturing earnings risk is therefore important to understand con-

sumption and wealth inequality, the welfare implications of income fluctuations,

and the potential role for social insurance.

With few notable exceptions, most quantitative macroeconomic models adopt

earnings processes that imply that persistence and other second and higher

conditional moments are independent of age and earnings histories, and that

shocks are normally distributed. The canonical permanent/transitory process

is a popular example.

A growing body of empirical work, though, provides evidence that house-

holds’ earnings dynamics feature non-normality, age-dependence, and nonlin-

earities, and devises flexible statistical models that allow for these features.

Chapter 1 of this thesis contributed to this strand of the literature by looking at

Dutch administrative data. Other recent work takes advantage of large, admin-

istrative datasets (e.g., W2 confidential Social Security Administration earnings

data in Guvenen et al., 2016) and new methodologies applied to survey data

sets like the Panel Study of Income Dynamics (PSID) (Arellano, Blundell and

Bonhomme, 2017) to show that changes to pre-tax, individual male earnings

display substantial skewness and kurtosis and that the persistence of shocks

depends both on age and current earnings.10

9For instance, Scholz, Seshadri and Khitatrakun (2006) study the adequacy of savings at retire-
ment, Storesletten, Telmer and Yaron (2004b); Krueger and Perri (2006); Heathcote, Storesletten
and Violante (2010) study the evolution of consumption and Castañeda, Díaz-Giménez and Ríos-Rull
(2003); De Nardi (2004); Cagetti and De Nardi (2009) study the evolution of wealth inequality over
the life cycle, while Conesa, Kitao and Krueger (2009) study the optimal taxation of capital income.

10These features are consistent with several factors that affect the working lives of individuals. For
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In line with the evidence provided in Chapter 1, in this Chapter we show

that, in the United States, all of these rich dynamics are present in individual

pre-tax earnings, both in the W2 tax data and the PSID, and in household,

after-tax earnings, which are the relevant source of labor income risk at the

household level.11

Our main contribution is to analyze the effects of richer earnings dynamics

on consumption, wealth, and welfare, both in the cross-section and over the life

cycle. We use the econometric framework recently proposed by Arellano et al.

(2017) to separately identify the distributions of the persistent and transitory

components of earnings while allowing for non-normality of shocks, non-linear

persistence, and, in general, a rich dependence of the two distributions on age

and (in the case of the persistent component) previous earnings. We use PSID

data on after-tax, household earnings to estimate two different earnings pro-

cesses: a richer earnings process along the lines of Arellano et al. (2017) and a

“canonical” linear earnings process with a persistent and transitory component

and normal innovations, like the one used in Storesletten et al. (2004b). For

each process, we use two Markov chains to approximate the conditional distri-

butions, respectively, of persistent and transitory shocks and introduce them

into a partial-equilibrium, life-cycle model with incomplete markets to compare

their implications for consumption, wealth, and welfare.12

Our main findings are as follows. First, compared to the canonical earn-

ings process, the richer earnings process better fits the observed evolution of

consumption inequality over the life cycle. More specifically, under the canon-

ical earnings process, the growth in the variance of consumption substantially

overshoots its data counterpart at all ages, while our richer process generates a

realistic profile up to ages 50-55, when early and partial retirement start being

important. The improved fit is due to the rich features of the earnings data

that we model and to the households’ precautionary saving response to them.

instance, younger people tend to change jobs more frequently and this implies that the persistence
of their earnings is lower. In addition, for most workers, earnings vary little from year to year and
shocks are infrequent but can be of large magnitude, such as job loss or a career change, when they
happen. This is captured by the high level of kurtosis displayed by earnings changes.

11One caveat is that, in line with much of the previous literature, we take earnings as a primitive
while earnings fluctuations likely partly reflect endogenous labour supply choices.

12Although this study is highly indebted to Arellano et al. (2017), it differs from it in important
respects. First, Arellano et al. (2017) estimate their earnings process on pre-tax earnings of house-
holds headed by participating and married males while we use after-tax earnings for all households.
Secondly, Arellano et al. (2017) estimate the consumption rule semi-parametrically while we obtain
it using the full model structure and, for the same reason, we can study welfare implications. Finally,
the emphasis of Arellano et al. (2017) is on the consumption response to earnings shocks while we
consider a wider range of implications.
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In particular, the age-dependent persistence and variance of earnings innova-

tions account for the main share of the improvement of the fit between age

25 and 45, while non-normality and, in particular, nonlinearity (for instance,

the fact that persistence varies with the level of previous earnings) drive the

improvement between age 45 and 55.

An alternative, and possibly more intuitive, measure of self-insurance is

the extent of consumption passthrough of shocks to disposable earnings onto

consumption. Our second finding is that the richer earnings process implies a

consumption passthrough of persistent earnings shocks broadly consistent with

the data. Its value is 0.57 which is within one standard deviation of the point

estimate of 0.64 by Blundell et al. (2008). This result too is driven by the

age-dependent persistence of shocks and can be understood in light of Kaplan

and Violante (2010)’s finding that a persistent, but not permanent, earnings

process can imply the “right” level of insurance against persistent shocks. The

richer earnings process implies a significantly lower degree of persistence of the

persistent earnings component, particularly at younger ages, compared to the

canonical process. Consequently, persistent shocks, particularly at younger ages

when assets are low, are more easily self-insured through borrowing and lending.

Our third finding is that our rich earnings process does not improve the fit

of the right tail of the wealth distribution with respect to the canonical earnings

process.13 This is perhaps not so surprising given an established literature, sur-

veyed in De Nardi and Fella (2017), pointing to the fact that accounting for the

saving of the rich requires mechanisms—such as a non-homothetic bequest mo-

tive, medical-expense risk and entrepreneurship—that go beyond idiosyncratic

earnings risk.

Finally, from a normative perspective we find that the welfare costs of earn-

ings risk—as measured by the yearly consumption equivalent—are 2 percentage

points lower under the richer earnings process than under the canonical one.

The main reason for this finding is again that, while under the canonical pro-

cess earnings have a permanent, random-walk, component, the richer process

implies a lower persistence, particularly in the first part of the working life.

As a result, life-cycle risk can be more effectively self-insured under the richer

earnings process. Interestingly, the reduction in welfare costs would be even

13In De Nardi, Fella and Paz-Pardo (2016) we show that this conclusion still holds if we estimate a
similar richer process on synthetically generated W2 data from the parametric processes proposed in
Guvenen et al. (2016). It is thus not related to issues of lack-of-oversampling and non-participation
by higher income people that are usually associated with most survey data sets.
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higher—4 rather than 2 percentage points—in the absence of non-normality

and nonlinearities that partly offsets the welfare gains due to age-dependent

persistence and innovation variances.

An additional contribution of this Chapter is to propose a simple, simulation-

based, method to discretize nonlinear and nonnormal stochastic processes to in-

troduce them in a computational model. Standard discretization methods used

in macroeconomics, such as Tauchen (1986) and Rouwenhorst (1995), require

the continuous process to be approximated to be linear, typically an AR(1),

and, in the case of Tauchen (1986), normal.14 Our method applies to any,

otherwise unrestricted, age-dependent, first-order Markov process. It relies on

simulating a panel of individual earnings histories using the continuous process

to be approximated and estimating an age-specific, first-order Markov chain on

it. This is achieved by discretizing the simulated marginal distribution of earn-

ings at each age—e.g. into percentiles—and by replacing the (heterogeneous)

values of earnings in each rank percentile with their median. The associated,

age-specific transition matrix is then obtained by computing the proportion of

observations transiting from each percentile rank of the earnings distribution at

age t to that at age t+ 1. The result is a non-parametric representation of the

process that follows a Markov chain with an age-dependent transition matrix

and a fixed number of age-dependent earnings states.

This Chapter is related to the econometric literature on earnings dynam-

ics15 as well as the macroeconomic literature on the relationship between income

and consumption and wealth inequality over the life cycle. Deaton and Pax-

son (1994) is the seminal empirical contribution. Storesletten et al. (2004b),

Guvenen (2007), Primiceri and Van Rens (2009), Huggett, Ventura and Yaron

(2011) and Guvenen and Smith (2014) analyze lifetime inequality from the per-

spective of the standard, incomplete markets model as we do here. Within this

literature, many of the consequences of richer earnings processes on consump-

tion, savings and welfare in structural models are still unexplored, with few

exceptions. Castañeda et al. (2003) propose an “awesome or superstar” shock

to earnings that is unlikely to be observed in the data but that can help to

explain the emergence of super-rich people. Karahan and Ozkan (2013) study

14Fella, Gallipoli and Pan (2017) show how Tauchen (1986) and Rouwenhorst (1995) can be
extended to allow for age dependence. Their method still requires linearity though.

15Besides Arellano et al. (2017) and Guvenen et al. (2016), discussed above, it includes Geweke
and Keane (2000), Lillard and Willis (1978), Bonhomme and Robin (2009), Meghir and Pistaferri
(2004), Blundell, Graber and Mogstad (2015), Browning, Ejrnaes and Álvarez (2010), and Altonji,
Smith and Vidangos (2013). Recent developments are discussed in Meghir and Pistaferri (2011).

50



the implications of age-dependent persistence and variance of shocks. McKay

(2017) finds that taking into account the procyclical nature of negative skew-

ness in earnings growth rates substantially raises the volatility of aggregate

consumption growth. Golosov, Troshkin and Tsyvinski (2016) show that higher

order moments of earnings shocks are important determinants of optimal re-

distribution and insurance. Civale, Díez-Catalán and Fazilet (2016) study the

implications of skewness and kurtosis for the aggregate capital stock in an econ-

omy à la Aiyagari (1994).

The rest of the Chapter is organized as follows. Section 2.2 describes the

main features of the data on earnings dynamics for both individuals and house-

holds. Section 2.3 details the methods we use to estimate the canonical and

nonlinear earnings processes and their implications. Section 2.5 explains the

discretization procedure we propose to tractably introduce rich nonlinear earn-

ings dynamics in a quantitative life-cycle model. Section 2.6 presents the model

and its calibration. Section 2.7 discusses the consumption, wealth, and welfare

implications of the two earnings processes that we consider, and decomposes

the determinants of their differences. Section 2.8 concludes. The Appendix

discusses key features of the PSID data, details of the estimation and reports a

number of robustness checks.

2.2 Earnings Data and their Features

Recent empirical literature has called into question the established view that

(log) earnings dynamics are well approximated by a linear model of which the

canonical random-walk permanent/transitory model (Abowd and Card, 1989)

with normal innovations is a popular example. Linear models imply that persis-

tence and other second and higher moments are independent of earnings histo-

ries. Instead, Guvenen et al. (2016) and Arellano et al. (2017) document that,

contrary to the implications of the canonical model, individual pre-tax earnings

display both substantial deviations from log-normality and non-linearity.

Guvenen et al. (2016) use confidential Social Security Administration (W2)

tax data to establish these facts. The W2 data set has both advantages and

disadvantages compared to the PSID data (and household survey data sets more

generally). Regarding its advantages, the W2 data set has a large number of

observations, is less likely to be contaminated by measurement error, and is not

affected by top-coding and differential survey responses. Thus, it could provide

better information on the top earners to the extent that they do not respond to
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surveys but do pay taxes on all of their earnings. An important disadvantage

of the W2 data set is that it is collected at the individual level and lacks the

information to identify households and thus to construct household earnings.

The latter is an important shortcoming. In the U.S., the majority of adults

are married, 95% of married couples file their income taxes jointly, and taxation

of couples and singles is different. Therefore, one needs to know the earnings

of both people in a household in order to compute disposable earnings. In this

respect household survey data sets that keep track of household structure, like

the PSID, have a distinct advantage. This is particularly important if, as we do

here, one wants to understand the implications of earnings risk for consumption

insurance, which requires taking into account that households and taxes provide

insurance against earnings shocks. For such a purpose, disposable household

earnings is the relevant variable of interest.

The data used in this Chapter are from the Panel Study of Income Dynamics

(PSID), 1968-1992. Our sample consists of households who are in the represen-

tative core sample, whose head is between 25 and 60 years of age. Given the

focus on the implications of earnings risk for consumption insurance, our main

variable of interest is disposable household labor earnings, although we also

discuss the properties of individual pre-tax labor earnings for the purpose of

comparison with some closely related work (e.g. Arellano et al., 2017; Guvenen

et al., 2016).

Disposable, household labor earnings are defined as the sum of household

labor income and transfers, such as welfare payments, net of taxes and Social

Security contributions paid. Appendix B contains a more detailed description

of the PSID data we use, our definition of household earnings and how we

estimate taxes on labor following Guvenen and Smith (2014).

We adjust our earnings measure for demographic differences across house-

holds, since these have no counterpart in the model in Section 2.6. We do

so by regressing log earnings on family size. We apply the same regression

to the CEX consumption data we use to compute the moments reported in

Section 2.7. The residuals from these regressions are interpreted as earnings

and consumption per-adult equivalent in the analysis below. For both earnings

and consumption, we extract business cycle effects by running a regression of

their log levels on year dummies. Finally, we separate the predictable from

the stochastic component of earnings by running a regression of our equival-

ized earnings measure on age dummies. We use the residuals to estimate the
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Figure 11: Standard deviation, skewness, and kurtosis of male pre-tax earnings growth
in the W2 (top row) and PSID (middle row), and of household after-tax earnings
growth in the PSID (bottom row)

stochastic processes for earnings in what follows.

2.2.1 Individual Pre-tax Earnings in the PSID and the W2

Data

We now turn to comparing the properties of individual pre-tax earnings data in

the PSID with those in the W2 data reported by Guvenen et al. (2016).

The top two rows of Figure 11 compare the second to fourth moments of the

W2 data and the PSID. The top row, derived from the moments reported by

Guvenen et al. (2016), plots the conditional standard deviation, skewness and

kurtosis (measured as the third and fourth standardized moments) of individual

pre-tax log earnings growth in the W2 data by age and percentile of previous

earnings. The middle row of the same figure reports the same moments, by age

and decile of previous earnings, for the PSID.16

Comparing these two sets of figures shows that, overall, the moments in the

PSID data are both qualitatively and quantitatively close to those computed

from the W2 data. More specifically, the conditional standard deviation of in-

16For comparability with Guvenen et al. (2016), we report moments for households whose head is
a male. All moments are very close to those including female household heads. We show moments
for 10-year age groups, which we obtain, in the W2 case, by averaging the moments reported by
Guvenen et al. (2016) with equal weights for each 5-year age group.
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dividual pre-tax log earnings growth is U-shaped across all age groups, declining

until the 40th percentile and increasing again from the 90th percentile onwards.

The increase is more pronounced for the top percentiles in the W2, likely re-

flecting the coarser partition of the distribution in the PSID data. The most

notable difference is the much higher variance at all percentiles above the 20th

in the W2 data.

The figures also show that in both datasets individual pre-tax log earnings

growth has strong negative skewness and very high kurtosis, and that these

moments differ by both age and previous earnings. Skewness is more negative

for individuals in higher earnings percentiles and for individuals in the 45-54

age group. This indicates that individuals face a larger downward risk in middle

age.17 The comparison of the implications of the two data sets also reveals that,

if anything, there is more negative skewness in the PSID data than in the W2

data, except perhaps at the lowest earnings percentiles.

The kurtosis of individual pre-tax log earnings growth is hump-shaped by

earnings percentile. Even for kurtosis, the maximum value is higher in the

PSID, 40, against 30 in the W2 data (compared to 3 for a standard normal

distribution).18

Taken together, these moments provide strong evidence against the standard

assumption of a log-normal and linear earnings process for individual pre-tax

log earnings growth for the PSID data, as well as for the W2 data.

2.2.2 Individual Pre-tax versus Household Disposable Earnings

in the PSID

Now that we have shown that individual pre-tax earnings growth in both the

W2 and PSID data displays remarkably similar deviations from normality and

linearity, we turn to contrasting the properties of individual pre-tax and dispos-

able household earnings in the PSID.

The bottom row in Figure 11 reports the same moments as the first two

rows but for disposable household log earnings growth (bottom row) in the

PSID. Comparing the bottom to the middle row reveals that, as one might

have expected, disposable household earnings display lower variance, skewness,
17Graber and Lise (2015) generate this kind of earnings behavior in the context of a search and

matching model with a job ladder.
18The levels and profiles of skewness and kurtosis of individual pre-tax log earnings growth are

similar in the two datasets also when looking at report robust measures that exclude outliers (Kelly
skewness and Crow-Siddiqui kurtosis). The main difference is a higher level of Crow-Siddiqui kurtosis
in the W2 data than in the PSID (see Appendix 2.3).

54



and kurtosis than pre-tax individual earnings. More specifically, the standard

deviation is about 20% smaller at the lower end of the distribution of previous

earnings, while skewness and kurtosis are about half as large. Thus, households

and taxes perform an important insurance role in buffering individuals from

pre-tax earnings changes (as shown by Blundell, Pistaferri and Saporta-Eksten

(2016)). This has to be taken into account when considering the economic

implications of earnings shocks.

To sum up, the above discussion has shown that, even after taking into

account the insurance implied by pooling at the household level and the tax

and welfare system, labor earnings display features that contrast with the age-

independence, normality, and linearity (independence of variance, skewness and

kurtosis of previous earnings realizations) implied by the canonical earnings

process.

The same is true of another aspect on nonlinearity, nonlinear persistence,

that has been documented by Arellano et al. (2017) using pre-tax earnings from

the PSID. Figure 12 shows how this same feature is prominent also for disposable

household earnings. It reports earnings persistence as a function of both the

previous- and current-earnings rank in our PSID sample. In line with Arellano

et al. (2017)’s findings, we also find that earnings persistence is lower (about

0.6) when previous earnings are highest and the current earning shock is lowest

and when previous earnings are lowest and the current earning shock is highest

(0.4).
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Figure 12: Persistence in log-earnings as a function of previous earnings rank and the
rank of the shock received in the current period. PSID data.
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2.3 Earnings Processes and their Estimation

2.3.1 Earnings Processes

We start by introducing the canonical linear model of earnings dynamics used

in macroeconomics before presenting its nonlinear generalization in Arellano

et al. (2017).

Consider a cohort of households indexed by i and denote by t = 1, . . . , T the

age of the household head. Let yit denote the logarithm of (residual) disposable

household earnings for household i at age t which can be decomposed as

yit = ηit + εit, i = 1, . . . , N, t = 1, . . . , T (6)

where η and ε are assumed to have absolutely continuous distributions. The

first component, ηit, is assumed to be persistent and to follow a first-order

Markov process. The second component, εit, is assumed to be transitory, have

zero mean, be independent over time and of ηis for all s.

The canonical (linear) model used in macroeconomics is described by

ηi,t = ρηi,t−1 + ζit, (7)

ηi1
id∼ N(0, ση1), ζit

iid∼ N(0, σζ), εit
iid∼ N(0, σε). (8)

Thus, the persistent component ηit is an autoregressive process of order one

with the innovation ζit independent of ηi,t−1, while the transitory component

εit is white noise.

Equations (7)-(8) impose three types of restrictions

1. Age-independence (stationarity) of the autoregressive coefficient ρ and of

the shock distributions, which imply age-independence of the second and

higher moments of the conditional distributions of both the transitory

and the persistent component. This is clearly at odds with the strong

age-dependence in Figure 11.

2. Normality of the shock distributions, which is inconsistent with the neg-

ative skewness and high kurtosis discussed above.

3. Linearity of the process for the persistent component. Linearity implies:

(a) the additive separability of the right hand side of equation (7) into the

conditional expectation—the first addendum—and an innovation ζit inde-

pendent of ηi,t−1, and (b) the linearity of the conditional expectation in
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ηi,t−1. Under separability, deviations of ηit from its conditional expectation

are just a function of the innovation ζit. As a consequence, all conditional

centered second and higher moments are independent of previous realiza-

tions of η. This is clearly inconsistent with the dependence of the moments

reported in figures 11 and 12 on previous earnings realizations.

The evidence discussed in Section 2.2.1 is what motivates us to consider a more

general process that relaxes the above three restrictions while maintaining the

first-order Markov assumption for η. The question of how to easily introduce

a richer and yet tractable earnings process in a structural model is non-trivial

and part of what we propose in this Chapter.

We proceed in two steps. First, we use the quantile-based panel data method

proposed by Arellano et al. (2017) to estimate a non-parametric model that

allows for age-dependence, non-normality and nonlinearity, and that can be

applied in datasets of moderate sample size like the PSID. This step gives us

quantile functions for both the two (persistent and transitory) component of

earnings. Second, we use the two quantile functions to simulate histories for

the two earnings components and proceed to estimate, for each of them, a

discrete Markov-chain approximation, which can then be easily introduced in a

structural model (this latter step is discussed in detail in Section 2.5).

Let Qz(q|·), the conditional quantile function for the variable z, denote the

qth conditional quantile of z.19 The process for η can be written in a very general

form by replacing equation (7) with

ηit = Qη(vit|ηi,t−1, t), vit
iid∼ U(0, 1), t > 1. (9)

Intuitively, the quantile function maps random draws vit from the uniform

distribution over (0, 1) (cumulative probabilities) into corresponding random

(quantile) draws for η. In the linear case in equation (7) the quantile function

specializes to the linearly separable form Qη(vit|ηi,t−1, t) = ρηi,t−1+φ−1(vit;σζ),

where φ−1(vit;σζ) is the inverse of the cumulative density function of a normal

distribution with zero mean and standard deviations σζ . So, age-independence,

normality, and linearity can be seen as restrictions on the quantile function in

equation (9).

In particular, one way to understand the role of nonlinearity is in terms of

19Intuitively, the conditional quantile function is the inverse of the conditional cumulative density
function of the variable z mapping from the (0, 1) interval into the support of z. Namely, zq = Qz(q|·)
satisfies P [z ≤ zq|·] = q, where P [·|·] denotes the conditional probability.
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a generalized notion of persistence

ρ(q|ηi,t−1, t) = ∂Qη(q|ηi,t−1, t)
∂ηi,t−1

(10)

which measures the persistence of ηi,t−1 when it is hit by a shock that has

rank q. In the canonical model, ρ(q|ηi,t−1, t) = ρ, independently of both the

past realization of ηi,t−1 and of the shock rank q. Instead, the general model

allows persistence to depend both on the past realization ηi,t−1, but also on the

sign and magnitude of the shock realization. Basically, in the nonlinear model

shocks are allowed to wipe out the memory of past shocks or, equivalently, the

future persistence of a current shock may depend on future shocks.

Of course, a similar unrestricted representation can be used for the transitory

component εit and the initial condition η1, with the only difference that they

are not persistent.

2.4 Estimating the Nonlinear Earnings Process

Following Arellano et al. (2017), we parameterize the quantile functions for the

three variables as low order Hermite polynomials

Qε(q|ageit) =
K∑
k=0

aεk(q)ψk(ageit) (11)

Qη1(q|agei1) =
K∑
k=0

aη1
k (q)ψk(agei1) (12)

Qη(q|ηi,t−1, ageit) =
K∑
k=0

aηk(q)ψk(ηi,t−1, ageit) (13)

where the coefficients aik(q), i = ε, η1, η, are modelled as piecewise-linear splines

in q on a grid {q1 < . . . < qL} ∈ (0, 1).20 The intercept coefficients ai0(q) for q

in (0, q1] and [qL, 1) are specified as the quantiles of an exponential distribution

with parameters λi1 and λiL.

If the two earnings components εit and ηit were observable one could com-

pute the polynomial coefficients simply by quantile regression for each point of

the quantile grid qj . To deal with the latent earnings components, the estimation

algorithm starts from an initial guess for the coefficients and iterates sequen-

tially between draws from the posterior distribution of the latent persistent

20Following Arellano et al. (2017), we use tensor products of Hermite polynomials of degrees (3,2)
in ηi,t−1, and age for Qη(q|ηi,t−1, ageit) and second-order polynomials in age for Qε(q|ageit) and
Qη1(q|agei1).

58



σ2
ε σ2

η1 σ2
ζ ρ

0.0620 0.2332 0.0060 1

(0.0020) (0.0061) (0.0004) *

Table 1: Estimates for the canonical earnings process (standard errors in parentheses)

components of earnings and quantile regression estimation until convergence of

the sequence of coefficient estimates.

Reported standard errors are computed by bootstrapping. In particular, we

sample with replacement pairs of observations yt, yt+1 from our PSID sample

and then run the estimation algorithm for a large number of those samples.

2.4.1 Estimating the Canonical Linear Earnings Process

We estimate the canonical process for residual earnings in equations (6)-(8)

using GMM, where the target moments are variance and autocovariance age

profiles in the data.21 The associated standard errors are obtained by boot-

strapping. Table 1 reports our results. As common in the literature, we find

that the persistent component has a unit root.22 For this reason, though we

have allowed for individual fixed effects at the estimation stage, their variance

cannot be identified separately from the variance of the initial condition σ2
η1

and we have normalized it to zero.

2.4.2 Comparing the Implications of the Nonlinear and Canon-

ical Earnings Processes

To understand the economic implications of the nonlinear and canonical earn-

ings processes, it is useful to compare their implications in terms of (a) age-

dependence of second moments; (b) non-normality; (c) nonlinearity.

Starting from the age-dependence of second moments, the top row of

Figure 13 plots the age profile of the standard deviations of the shocks to the

persistent and transitory components of earnings. Both are age-independent

by construction in the canonical process. The standard deviation of shocks to

the persistent component is substantially higher for the nonlinear process and

21Appendix 2.1.4.2 provides more information about our estimation method.
22The unrestricted GMM estimation returns an estimate of ρ = 1.01. Given that there has been

little exploration of the explosive case in the literature, and that we want our canonical process to
be standard, the above estimates are obtained under the restriction ρ ≤ 1. The resulting estimate is
at the bound.
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Figure 13: Age dependence of second moments: nonlinear vs canonical process. Top
left, standard deviation of the innovation to the persistent component. Top right,
standard deviation of the transitory shock. Bottom left, autocorrelation of the persis-
tent component. Bottom right, cross-sectional variance of log earnings. The dotted
bands represent bootstrapped 95% confidence intervals.

follows a U-shaped pattern by age. In contrast, the standard deviation of the

transitory component of the nonlinear process displays little age variation and

is lower in the nonlinear than in the canonical model. The bottom left panel

of Figure 13 reports the age-profile of the first-order autocorrelation of the

persistent earnings component for the two processes. In the nonlinear earnings

process it is lower than in the canonical case for all ages, but it does increase

between age 25 and 45. Given these differences, it is not surprising that the

nonlinear process provides a substantially better fit of the age profile of the

cross-sectional earnings dispersion, which we display in the bottom right panel

of Figure 1323. More specifically, the canonical earnings process cannot capture

the convex shape of the cross-sectional variance of earnings by age while the

nonlinear process provides an extremely close fit, thanks to the combination of

increasing persistence and declining variance of the persistent component over

the ages 25 to 45. It is also apparent that the canonical model requires a low

variance of the persistent shocks relative to the transitory ones to match the

relatively low rate of growth of the cross-sectional variance of earnings over

the life-cycle. Figure 14 displays more evidence on age-dependence, which also

23See Appendix 2.2 for details on the computation of this variance.
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manifests itself in the skewness and kurtosis of the shocks.
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Figure 14: Skewness and kurtosis (by age) of the innovations to (a) the transitory
component of earnings (top) and (b) the persistent component of earnings (bottom).
The dotted bands represent bootstrapped 95% confidence intervals.

Turning to non-normality, Figure 14 reports skewness and kurtosis for the

innovation to the transitory (top row) and persistent component of earnings

(bottom row) by age and highlights that the earnings data display deviations

from normality (the dashed line). They also highlight that non-normality, in

particular kurtosis, is higher for transitory than persistent shocks.

Turning to nonlinearity, Figure 15 plots the standard deviation of shocks

to the innovation to the persistent component of earnings by previous earnings,

while the right panel plots the persistence measure in equation (10)—namely the

correlation between the percentile of ηt−1 and of the innovation to it—averaged

by age. In the right panel of this figure, we do not plot the persistence of the

canonical model (which is constant at 1) for the sake of readability. These two

panels clearly illustrate that the constant variance and persistence implied by

the canonical process are strongly at odds with the highly nonlinear patterns

in Figure 15 and the features of the observed data.

2.5 The Discretized Nonlinear Earnings Process

To use the estimated process (6)-(8) in the life-cycle model, we discretize it

using an age-dependent Markov chain.

We start by simulating a large set of histories for the persistent and tran-

61



0.2

0.4

0.6

25 50 75 100
Percentile of previous earnings

S
ta

nd
ar

d 
de

vi
at

io
n

NL process Canonical

0
1

0.2

0.4

0.8 1

0.6

pe
rs

is
te

nc
e 0.8

0.6 0.8

Quantile of previous earnings

1

0.6

Quantile of earnings shock

0.4

1.2

0.4
0.2 0.2

0 0

Figure 15: Standard deviations of persistent shocks by previous earnings (left) and
nonlinear persistence of the persistent component, by quantile of previous earnings
and quantile of shock received in the current period (right). The dotted bands and
transparent mesh represent bootstrapped 95% confidence intervals.

sitory component of earnings. For each component in the simulated sample,

we estimate a Markov chain of order one, with age-dependent state space

Zt = {z̄1, . . . , z̄N}, t = 1, . . . , T and an age dependent transition matrices

Πt, of size (N × N). That is, we assume that the dimension N of the state

space is constant across ages but we allow the set of states and the transition

matrices to be age-dependent.

We determine the points of the state-space and the transition matrices at

each age in the following way.

1. At each age, we order the realizations of each component by their size

and we group them into N bins. In our main specification the choice of

bins reflects the tradeoff between approximating reasonably well the rich

earnings dynamics and while maintaining a reasonably low number of bins.

For the persistent component we use 18 bins with each bin representing

deciles, with the exception of the top and bottom deciles, that we split in

5. Thus, bins 1 to 5 and 14 to 18 include 2% of the agents at any given

age, while bins n = 6, . . . , 13 include 10% of the agents at any given age.

For the transitory component we use 8 bins, with bins 1 to 2 and 7 to 8

including 2.5% of agents, 3 and 6 including 5% and 2 and 3 each having

40% of agents.24

2. The points of the state space at each age t are chosen so that point znt
is the median in bin n at age t. Kennan (2006) proves that setting the

gridpoint at the median of the bin (in the specific case of equally-sized

24Bin sizes were chosen heuristically on the basis of quality of fit of the moments given a reasonable
bin number. Given non-normality, this required a finer partition for the tails of the distributions.
The Online Appendix D presents robustness results concerning this discretization.
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bins) and attributing a weight of 1/N to each of the N bins constitutes

the best discrete approximation of an arbitrary distribution.

3. The initial distribution at model age 0 is the empirical distribution at the

first age we consider.

4. The elements πtmn of the transition matrix Πt between age t and t+ 1 are

the proportion of individuals in bin m at age t that are in bin n at age

t+ 1.

Allowing for an age-dependent Markov chain allows to capture the non-

constancy of moments of the earnings distribution over the life-cycle. The flex-

ible form of the transition matrix allows to capture nonlinearities as a function

of current earnings. The use of this kind of transition matrices is well estab-

lished in the literature. Krueger and Perri (2003) use them to study the welfare

consequences of an increase in earnings inequality. Studies of income mobility

(e.g. Jäntti and Jenkins (2015)) and consumption mobility (e.g. Jappelli and

Pistaferri (2006)) rely on them to analyze intra- or inter- generational mobil-

ity across relative rankings in the distributions. In this study, instead, we are

interested in capturing movements across earnings levels.

2.6 The Model

The model is a partial-equilibrium, life-cycle, incomplete-markets model in the

tradition of Bewley (1977). There is no aggregate uncertainty.

2.6.1 Demographics

Each year, a positive measure of agents is born. People start life as workers

and work until retirement at age T ret. The population grows at rate n.

An agent of age t faces a positive probability of dying (1 − st) by the end

of the period, where st denotes the one-period survival probability. Agents die

with probability one by age T.

2.6.2 Preferences and Endowments

Preferences are time separable, with a constant discount factor β. The intra-

period utility is CRRA: u(ct) = c1−σ
t /(1− σ).

Agents are endowed with one indivisible unit of labor which they supply

inelastically at zero disutility. Their earnings are subject to random shocks and

follow the process described by equations (6)-(8).
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2.6.3 Markets and the Government

Asset markets are incomplete. Agents can borrow up to an exogenous borrowing

limit a and can only invest in a risk-free asset at an exogenous rate of return

r. There are no annuity markets to insure against mortality risk. As a result,

there is a positive flow of accidental bequests in each period. We assume these

are lost to the economy and thus are not received by any individual or the

government.

Retired individuals receive an after-tax pension p from the government until

they die. The pension is a function of the last earnings realization.

2.6.4 The Household’s Problem

In any given period, a agent of age t chooses consumption c and risk-free asset

holdings for the next period a′, as a function of the relevant state vector. The

optimal decision rules for consumption and savings solve the dynamic program-

ming problems described below.

(i) Agents of working age t < Tret solve the recursive problem

V (t, z, η) = max
c,a′

{
u(c) + βstEtV (t+ 1, z′, η′)

}
(14)

s.t. a′ = z − c, a′ ≥ a,

z = (1 + r)a+ η + ε,

where z denotes total cash at hand.25

(ii) From the retirement age T ret to the terminal age T agents no longer work

and live off their pension p and accumulated wealth. Their value function

satisfies:

W (t, z, p) = max
c,a′

{
u(c) + stβW (t+ 1, z′, p)

}
(15)

s.t. a′ = z − c, a′ ≥ a,

z = (1 + r)a+ p.

The agent’s pension p enters the state vector because it is a function of the

agent’s earnings pre-retirement. The terminal value function W (T, a, p) is

equal to zero (agents do not derive utility from bequests).
25The choice of state vector avoids separately keeping track of the transitory component of earnings

ε which is independently distributed over time.
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2.6.5 The Model Calibration

The model period is one year. Agents enter the labor market at age 25. The

retirement and terminal ages are T ret = 60 and T = 85. The population growth

rate n is set to 1.2% per year. The survival probabilities st are from Bell, Wade

and Goss (1992).

The coefficient of relative risk aversion is set to 2, a standard value. The

risk-free rate is 4% and the discount factor β is calibrated to match a wealth to

income ratio of 3.1. It equals 0.957 under the canonical earnings process and

0.939 under the nonlinear one.

We set the exogenous borrowing limit a to 12% of average disposable house-

hold earnings. This represents the average credit card limit in the SCF in 1989

and 1992, the two years within our sample period for which that information is

available in the SCF.

As described in Section 2.2, our earnings processes are based on disposable

earnings, hence we do not explicitly include taxation in the model.26 In both

cases, we impose the same average income profile, which we estimate from our

PSID sample.

We discretize the two earnings processes as follows. In the case of the

canonical earnings process, whose estimates we report in Table 1, we discretize

the persistent component using the modified version of the Rouwenhorst method

for non-stationary processes proposed by Fella et al. (2017). In the case of the

nonlinear earnings process, we apply the procedure described in Section 2.5.

For both cases, we use 18 gridpoints for the persistent component and 8 for

the transitory component. In the Online Appendix we show that our results

are robust to increasing the number of gridpoints and alternative discretization

procedures.

The Social Security benefit p is a function of the last realization of disposable

earnings yret = ηret + εret, which follows a fixed schedule of replacement rates.

Namely, there is a 90% replacement rate for the part of yret below 18% of average

earnings, of 32% for the fraction between 18% and 110% of average earnings,

and 15 percent for the remainder. All benefits are then (very slightly) scaled

up proportionately so that a worker that makes average earnings is entitled to

a 45% replacement rate. The function is meant to mimic the US system and is

based on Kaplan and Violante (2010).

26Appendix B provides more details about the earnings definition.
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Figure 16: Cross-sectional variance of log earnings and log consumption by age. See
Appendix 2.2 for details on their computation.

2.7 Consumption, Wealth, and Welfare Implications

This section studies the model’s implications under the canonical and nonlinear

earnings processes and compares them to U.S. consumption data. To do so, we

first analyze the growth in consumption dispersion over the working life and

then turn to measuring self-insurance insurance as proposed by Blundell et al.

(2008). Finally, we compare the implications of these earnings processes for

wealth inequality and welfare.

2.7.1 Consumption Inequality over the Working Life

We start by studying the evolution of cross-sectional consumption dispersion

over the life cycle. Following Deaton and Paxson (1994) and Storesletten,

Telmer and Yaron (2004a), it is common to interpret its growth, relative to

the growth of cross-sectional earnings dispersion, as a measure of risk sharing.

For reference, Figure 16 plots the cross-sectional dispersion of consumption and

earnings over the life cycle. The (solid) earnings variance profile is from our

PSID sample, while the dashed line plots the variance profile of nondurable

consumption is from the CEX 1980-2007 as in Heathcote, Perri and Violante

(2010). Given the relatively small sample size, we group observations in 5-year

age groups. As it is well known, both earnings and consumption inequality

increase over the working life, but earnings inequality increases substantially

faster than consumption inequality from about age 40.

Because the increase in consumption inequality over the working life is in-

formative about people’s ability to insure against earnings risk, it provides a

useful benchmark against which to assess the ability of the model to capture
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the degree of insurability of earning shocks in the data. Figure 17 reports the

age profile of cross-sectional consumption dispersion for both the CEX data

and the model under, respectively, the canonical and nonlinear earnings pro-

cesses.27 The series are normalized so that each starts at zero at age 27, which

is the midpoint of the first 5-year age group (25–29). The canonical earnings

process fails to match both the overall growth and the shape of the profile of

consumption dispersion. Its overall growth rate is more than double that in

the data and its profile is monotonic and roughly linear. Conversely, in the

data, the age profile of consumption is significantly convex between age 25 and

47. The nonlinear process, instead, matches well both the overall growth in

consumption dispersion and its convexity in the first part of the life cycle. The

one part that it misses is the flattening out after age 47.

The finding that the estimated richer earnings processes implies a profile

of consumption dispersion in line with the data is remarkable. Standard mod-

els with linear earnings processes (see Storesletten et al. (2004b)) generate a

profile similar to the one implied by the canonical earnings process in Figure

17, and thus overstate the rate of growth of consumption dispersion, unless

the process for earnings has an idiosyncratic deterministic time trend, or Het-

erogeneous Income Profile (Guvenen, 2007; Primiceri and Van Rens, 2009).

Intuitively, heterogeneity in individual, life-cycle trend growth generates a sub-

stantially smaller rise in consumption dispersion because the individual-specific

trend growth is known to consumers but not to the econometrician. Huggett

et al. (2011) show that heterogeneity in earnings growth rates can be also gen-

erated by the endogenous response of human-capital investment over the life

cycle to heterogeneity in initial human capital levels.

Our findings suggest a novel explanation: the age profile of cross-sectional

consumption dispersion can be generated by the response of saving to the richer

earnings dynamics that we consider, without resorting to heterogeneity in in-

come profiles. It should also be noted that allowing for heterogeneity in income

profiles cannot generate (cfr. Guvenen, 2007; Primiceri and Van Rens, 2009)

the strong convexity that characterizes the consumption data (dotted line in

Figure 17).

As we have discussed in Section 2.3.1, our rich earnings process deviates from

the canonical linear process along three main dimensions: (1) age-dependence,

27We perform this comparison recalibrating beta so as to keep the wealth to income ratio constant
across earnings processes.
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Figure 17: Growth in the cross-sectional variance of log consumption, data and im-
plications of two earnings processes.

(2) non-normality, and (3) nonlinearity. To understand the contribution of each

of these factors to the growth of consumption dispersion over the life cycle, we

conduct a series of counterfactual experiments, simulating the model under

progressively richer stochastic processes for earnings.

We start by restricting the functional form of the earnings process to be

the sum of an AR(1) plus a white noise component, as in the canonical pro-

cess, but allowing for both age-dependent persistence and variance of shocks (as

in Karahan and Ozkan (2013)), as well as non-normality of their distributions.

Compared to the fully general nonlinear earnings process, this one imposes

linearity in ηi,t−1; namely, that persistence and other second and higher con-

ditional moments are independent of ηi,t−1. We estimate this process on our

PSID data, following the procedure described in Section 2.3.1 for the nonlinear

process, but restricting the quantile function for the persistent component in

equation (9) to be linear in its past value.

To further disentangle the effect of the age dependence of persistence and

variance from that of non-normality, we perform two set of simulations using the

restricted estimates that we have just described. In the first one, we simulate

earnings using the estimated persistence and variances but drawing shocks from

a normal distribution. In the second experiment, we simulate earnings using

the estimated distribution (i.e. quantile function), that also allows for non-

normality. We discretize each of the resulting processes using the method in

Section 2.5. The recalibrated value of the discount factor equals 0.939 in the

economy with normal shocks and 0.940 in the other one.

Figure 18 plots the cross-sectional variance profiles reported in Figure 17,

68



25 30 35 40 45 50 55 60

Age

-0.05

0

0.05

0.1

0.15

V
ar

. o
f l

og
 c

on
su

m
pt

io
n 

(a
ge

 t-
ag

e 
25

)

CEX Data
Canonical
Normal, age-dependent
Non-normal, age-dependent
NL process

Figure 18: Growth in the cross-sectional variance of log consumption. Contribution
of (1) age-dependence, (2) non-normality and (3) nonlinearity to the growth of the
cross-sectional variance of log consumption.

with the addition of the two profiles implied by (a) only age-dependence and

(b) age-dependence together with non-normality.

The solid line marked with circles in Figure 18 corresponds to the case of

an age-dependent linear process with normal innovations. Compared to the

canonical case, allowing for age dependence substantially improves the fit of

consumption dispersion in the first part of the life cycle, but counterfactually

implies an even larger growth rate of consumption dispersion from age 43 on-

wards. The net effect for the age-dependent earnings process is an overall rate

of growth in consumption dispersion between ages 25 and 60 that is three per-

centage points higher than in the canonical case.

The intuition behind the above finding is the following. Allowing for age-

dependence implies that the estimated process for earnings matches the age-

profile of the cross-sectional earnings variance in the bottom right panel of

Figure 13; namely, relatively flat until age 43 but growing at a rate substantially

above its working-life average afterwards. The forces underpinning this pattern

are: (a) the U-shaped profile of the variance of the persistent component of

earnings; and (b) a persistence below one that increases until age 45 but flattens

out afterwards (see Figure 13). Compared to the canonical process with a unit

root and constant shock variance, the interaction of these two forces implies

that self-insurance through precautionary saving is more effective and, as a

consequence, the growth in consumption dispersion is lower until middle age.

In the second half of the working life, though, the increase in the variance of

69



the persistent earnings shocks reduces the ability to self-insure and results in a

substantial increase in consumption dispersion. This is confirmed by comparing

the age profile of average wealth reported in the left panel of Figure 19 under

the canonical (dashed curve) and age-dependent earnings process with normal

shocks (solid curve with circles). Though the aggregate wealth-to-earnings ratio

is the same in the two economies, average saving is higher before and lower after

age 50 in the economy with age-dependent earnings process.

We now turn to the linear process with the same (age-dependent) first and

second moments as above but with non-normal innovations. The solid line

marked with crosses in Figure 18 plots the associated age profile of variance.

Compared to the normal case, the rate of growth of the consumption variance

is everywhere lower. The difference is particularly pronounced towards the end

of the working life. To understand the mechanism at work, it is important

to understand the impact of negative skewness and kurtosis on precautionary

saving and the wealth distribution. Civale et al. (2016) study the issue in

an Aiyagari economy and show that, everything else equal, negative skewness

reduces both the cross-sectional mean and dispersion of wealth while kurtosis

increases both.

The effect of higher kurtosis is in line with intuition. By increasing the prob-

ability of tail events higher kurtosis increases precautionary saving for all agents

and therefore the mean and variance of the wealth distribution. The effect of

negative skewness, though, is less intuitive. Basically, for a distribution to have

higher negative skewness keeping the other moments constant, some proba-

bility mass has to move towards the top of the distribution. Wealthy agents

are not sensitive to left skewness but, confronted with a higher probability of

positive shocks, save less. Conversely, agents who are close to the borrowing

constraint are more sensitive to skewness than to the higher probability of posi-

tive shocks and save more. In the aggregate, the response of wealth-rich agents

dominates that of the wealth-poor and average wealth falls. More intuitively, so

does the variance of wealth holdings. Comparing the lines marked with circles

and crosses in Figure 19 reveals that, in our model, the net effect of negative

skewness and kurtosis hardly affects the life-cycle profile of average wealth (left

panel), but substantially reduces the rate of growth of the variance of wealth

holdings (right panel) compared to the case with normal shocks. This fall in

wealth dispersion accounts for the fall in consumption dispersion in Figure 18

when skewness and kurtosis of shocks are introduced.
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Figure 19: Cross-sectional average wealth (left) and variance of wealth holdings
(right), by age and earnings process.

Finally, comparing the line marked with crosses and the solid line in Fig-

ure 18 shows that allowing for nonlinearity brings the overall fit of life-cycle

inequality substantially closer to the data, compared to all of the other earn-

ings processes considered. Figure 20 provides some insight into the mechanism

associated with the nonlinearity in earnings. It plots the persistence (averaged

over age) of the persistent earnings component by previous earnings and cur-

rent shock for both the age-dependent non-normal case (light surface) and the

nonlinear one (dark surface). By assumption persistence is constant in the for-

mer case. For individuals with previous earnings realizations below the median,

negative shocks (below the median) increase persistence relative to the linear

case, while positive shocks reduce it. This implies that good shocks partially

wipe out the memory of previous bad realizations while bad shocks reinforce

it. The average persistence of a bad previous realization is hardly affected but,

since the precautionary motive implies that saving responds more to downside

than upside risk, individuals with bad earnings realizations save more in the

nonlinear case. The nonlinearity is also present, though much less pronounced,

for individuals with previous earnings realizations in the top two deciles. For

these, shocks below the second decile reduce persistence, while shocks above it

increase it, relative to the linear case. The increase in average persistence, rela-

tive to the linear case, tends to reduce the saving response. On the other hand,

the fact that bad shocks reduce earnings more than linearly (reduce persis-

tence) increases precautionary saving. Overall, saving increases for agents with

adverse realizations of previous persistent earnings, while it falls for individuals

with good previous earnings realization. This is reflected in the flattening in

the age-profile of the variance of wealth holdings in the right panel of Figure

19. This fall in wealth dispersion accounts for the further fall in the growth of
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Figure 20: Persistence of the persistent component by quantile of previous earnings
and current shock: NL (dark surface) vs non-normal age-dependent process (trans-
parent surface).

consumption dispersion over the life cycle which brings it much closer to the

data, particularly for ages up to 50 (see Figure 18).

None of our earnings processes captures the flattening out in the variance of

consumption that we measure after age 47 because the variance of earnings in

the data keeps increasing. Our structural model misses two aspects of the data

that could be important in this regard. The first one is early retirement. For

retirees, income is mainly composed of Social Security payments and does not

vary much. Thus, consumption is no longer exposed to earnings fluctuations

and medical expense risk is not very high until well into retirement age, as

shown by De Nardi, French and Jones (2010). The second one is the role of

durables and housing, that become substantial by that age and might affect

both measured consumption (we only look at nondurable consumption) and

one’s ability to self-insure.

2.7.2 Measuring Self-Insurance against Earnings Shocks

An alternative, and possibly more intuitive, measure of self-insurance is re-

lated to the extent of pass through from shocks to disposable earnings onto

consumption. Blundell et al. (2008) propose estimating consumption insurance

coefficients on persistent and transitory earning shocks by positing the following

equation

∆cit = (1− ψp)νit + (1− ψtr)εit + ξit, (16)
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where νit = ηit−E[ηit|t, ηi,t−1] denotes the innovation to the persistent compo-

nent of earnings and εit the transitory component. The insurance coefficients

with respect to persistent (ψp) and transitory (ψtr) shocks

ψp = 1− cov(∆cit, νit)
var(νit)

, ψtr = 1− cov(∆cit, εit)
var(εit)

(17)

capture the fraction of the variance of either type of shock that does not trans-

late into movements in consumption. Similarly, one can compute age-specific

insurance coefficients ψpt , ψtrt where moments are computed only over agents of

age t.

To compute the insurance coefficients implied by our model, we simulate a

panel of working lives under both the benchmark and nonlinear processes and

compute the associated consumption cit and insurance coefficients in equation

(17) on the simulated data.

Computing the coefficients in equation (17) within the model is straightfor-

ward since the shocks are observable. In contrast, estimating them from the

data requires identifying the two types of earning shocks at the individual level.

Blundell et al. (2008) propose an identification strategy under the assumption

that earnings follow the canonical linear process (6)-(8). The estimators for the

insurance coefficients based on the BPP methodology are given by

ψpBPP = 1− cov(∆cit, yi,t+1 − yi.t−2)
cov(∆yit, yi,t+1 − yi,t−2) , ψ

tr
BPP = 1− cov(∆cit,∆yi,t+1)

cov(∆yi,t,∆yi,t+1) . (18)

As pointed out by Kaplan and Violante (2010), comparing the coefficients in

equation (18) estimated within the model to the estimates in Blundell et al.

(2008) conveys information on the degree of shock insurability in the model

relative to the data.

The coefficients in equation (18), though, may provide biased estimates of

the true coefficients in equation (17) to the extent that the identification as-

sumption on which they are based is violated. The assumption can be violated

for two reasons. First, if earnings do not follow the canonical linear process

in equation (6)-(8). This is obviously true in the more flexible cases we con-

sider. Second, as pointed out by Kaplan and Violante (2010), even if earnings

follow a canonical linear process the ψpBPP estimator may be biased whenever

consumption does not equal permanent income, as is the case in the presence

of a precautionary saving motive.28 For this reason, we compute both types of

28Formally, the bias is present whenever present consumption responds to past persistent income
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Process/Coefficients ψpBPP ψtrBPP ψp ψtr

Data: BPP (2008)

Canonical (S.E. in parenthesis) 0.36 0.95 – –

(0.09) (0.04)

Model

Canonical 0.13 0.89 0.31 0.92

Nonlinear process 0.43 0.82 0.46 0.91

Normal, age-dependent 0.42 0.83 0.46 0.88

Non-normal, age-dependent 0.42 0.83 0.46 0.88

Table 2: Insurance coefficients

coefficients. Table 2 reports their values under the alternative income processes.

Columns 1 and 2 in Table 2 report the coefficients in equation (18). As a ref-

erence, the first row reports the estimates by Blundell et al. (2008)—respectively

0.36 for permanent and 0.95 for transitory shocks—on the PSID using similar

data to ours.29 The corresponding values for the model, when earnings follow

the canonical earnings process, are 0.13 and 0.89, which confirms the finding

by Kaplan and Violante (2010) that the extent of self-insurance of permanent

earnings shocks implied by the model is substantially lower than the degree of

insurance in the data. On the other hand, the estimates for the model with a

nonlinear earnings process imply an insurance coefficient for persistent shocks

of 0.43 which is substantially more in line with, and even marginally larger

than, the BPP estimate in the first row.

In the case of a canonical income process, the “excess smoothness” (Camp-

bell and Deaton, 1989) of the consumption response, relative to the predictions

of the permanent income model, can be explained on the basis of efficient risk

exchange under limited commitment and private information resulting in partial

insurance of persistent earnings shocks (e.g. Attanasio and Pavoni, 2011). Our

findings imply that an alternative interpretation is that the observed degree of

smoothness is consistent with only self-insurance through risk-free borrowing

and lending if earnings follow the estimated nonlinear dynamics.

From a qualitative perspective, this result is very much in line with our

changes, which implies that cov(∆cit, yi,t+1 − yi.t−2) is a biased estimator of cov(∆cit, νit). Kaplan
and Violante (2010) show that this is indeed the case in a life-cycle model similar to ours with a
canonical earnings process and occasionally-binding borrowing constraints.

29Blundell et al. (2008) conduct their analysis using disposable household earnings for continuously
married coupled headed by a male head.
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findings in Section 2.7 that agents are more able to self-insure against income

fluctuations when earnings follow the nonlinear process than in the canonical

case. Interestingly, our finding that allowing for a richer earnings process im-

plies a substantially different estimate of the insurance coefficient for persistent

shocks is confined to disposable household earnings. Using the same earnings

process we use here, Arellano et al. (2017) estimate an average insurance coef-

ficient for persistent shocks to pre-tax household earnings between 0.6 and 0.7

which is in line with an estimate of 0.69 in Blundell et al. (2008) under the

identifying assumption that earnings follow the canonical process. As discussed

in Blundell et al. (2008), the nearly double magnitude of the insurance coeffi-

cients with respect to pre-tax rather than disposable earnings is due to the of

insurance implied by the tax and transfer system.

Turning to the insurance coefficient for transitory shocks in column 2, it may

seem surprising that it is higher under the canonical than under the nonlinear

earnings process. As pointed out in Kaplan and Violante (2010), though, the

intuition is that the increased insurability of persistent shocks induces house-

holds to shift the use of savings from the smoothing of transitory shocks to the

smoothing of persistent shocks.

Columns 3 and 4 in Table 2 report the estimates of the true insurance coeffi-

cients in equation (17) within the model. Comparing them to the BPP estimates

in columns 1 and 2 reveals that the downward bias of the insurance coefficient

for persistent shocks implied by the BPP procedure is sizeable (0.13 against

0.31) in the case of the canonical income process but small (0.43 against 0.46)

for the nonlinear process. The intuition is that, as pointed out by Kaplan and

Violante (2010), the bias is exacerbated in an economy in which the borrowing

constraint is occasionally binding. As discussed above, when earnings follow the

nonlinear process shocks are more insurable, and precautionary saving larger.

For this reason, the economy spends less time close to the borrowing constraint

and the bias is lower.

Finally, the last two lines reports the same coefficient for the case with age

dependence and normal shocks and the one that also allows for non-normality.

Comparing the three set of estimates reveals that the feature that drives the

better match of the insurance coefficient for persistent shock estimated by BPP

is essentially the age dependence of the earnings process. This is consistent with

the finding in Karahan and Ozkan (2013) that the (true) insurance coefficient

for persistent shocks in a life-cycle economy with an age-dependent earnings
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Figure 21: Partial insurance coefficients on persistent shocks, ψpt , by age

process with normal shocks is 0.38.30

While Table 2 reports the average insurance coefficients, Figure 21 plots the

true insurance coefficient for persistent shocks ψpt at each age. The coefficients

are increasing with age, as: (a) wealth is accumulated; and (b) the fall in the

residual working life reduces the effective shock persistence. The degree of

insurability at all ages but the last working age is substantially higher under

the nonlinear earnings process than under the canonical one. For the same

reason, the age profile of the coefficients is substantially flatter in the former

case. In line with the discussion above, most of the difference is due to the age-

dependence of earnings. It is only from age 40 onwards that the coefficients are

marginally higher under the nonlinear process than under the age-dependent

earnings process with normal shocks.

2.7.3 Wealth

Table 3 compares the implied wealth distribution of the canonical and nonlinear

earnings processes with data from the U.S 1989 SCF (Kuhn and Ríos-Rull,

2015).

As known in the literature (see Quadrini and Ríos-Rull (2014), Cagetti and

De Nardi (2008), and De Nardi and Fella (2017)), the model with a canonical

earnings process is unable to generate the substantial level of wealth concen-

30The earnings process used by Karahan and Ozkan (2013) is similar to our age-dependent process
with normal shocks. Their estimate of 0.38 for the true coefficient ψp is in the ballpark of our estimate
of 0.46 in Table 2.
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Percentage wealth in the top

Wealth

Gini 1% 5% 20% 40% 60% 80%

Data (SCF 1989) .79 30 54 81 94 99 100

Model: Canonical .64 9 29 65 88 97 100.1

Model: Nonlinear process .61 7 25 61 85 96 99.9

Table 3: Wealth distribution

tration that we observe in the data. For instance, the top 1% of agents holds

about 30% of total wealth in the data, while the corresponding share is only

holds 9% in the model. Comparing the second and third rows in the table re-

veals that allowing for nonlinear earnings does not improve the fit of the wealth

the distribution. If anything it marginally reduces the degree of wealth concen-

tration at the top.31 One may be concerned that this may be due to the nature

of the PSID data, which top-codes earnings and does not oversample the rich.

However, De Nardi et al. (2016) conduct a similar exercise using synthetically-

generated W2 Social Security Administration tax data, and find similar results

for the concentration of wealth at the top. As pointed out by De Nardi and

Fella (2017), non-homothetic preferences for bequests, entrepreneurship, and

medical-expense risk are important for life-cycle models to be able to account

for top wealth concentration.

2.7.4 Welfare

The differences in the evolution of the variance of log consumption and the

pass-through of income shocks to consumption show that income risk affects

households in a different way in the two economies. A natural question is to

which extent these differences affect welfare.

To measure welfare, Table 4 displays the constant fraction of consumption

that households are willing to give up to live in a world with no income uncer-

tainty; i.e., a world where earnings are equal to the common and deterministic

average earnings profile. We compute this measure under the veil of ignorance

(before people enter the labor market and draw the first earnings realization)

and, for comparability, we keep the discount factor the same for both processes

fixing it at its calibrated value for the nonlinear process.

31We target a wealth to income ratio of 3.1, but this has little effect on wealth concentration.
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Welfare cost

Canonical process 28.3%

Nonlinear process 26.2%

Normal, age-dependent 24.3%

Non-normal, age-dependent 25.4%

Table 4: Consumption measure of welfare costs

The nonlinear process features larger variance and lower persistence of per-

sistent shocks that, as we have discussed in Section 2.7.1, improve shock in-

surability, but also negative skewness and high kurtosis, as well as nonlinear

persistence. Vice versa in the canonical model, the lower variance of shocks at

all ages after the first one is counteracted by their high persistence (unit root)

and the higher variance of the initial condition. The net effect of all these forces

is that overall risk is higher under the canonical process. In particular, house-

holds would be willing to give up 28.3 per cent of their consumption in every

state to eliminate earnings risk under the canonical earnings process compared

to 26.2 per cent under the nonlinear earnings process.

In order to understand the respective contribution of the various features

of our rich earnings process we have also computed the welfare cost under the

two intermediate earnings processes considered in sections 2.7.1 and 2.7.2. The

results are reported the third and fourth row of Table 4. They show that the

lower welfare costs of earnings risk relative to the canonical process are all due

to the age-dependence of second moments. Allowing only for age-dependence

reduces the welfare costs of earnings risk by 4 percentage points, from 28.3 to

24.3 per cent, relative to the canonical process. Introducing, non-normality

lowers welfare by one percentage point, relative to the normal age-dependent

case, while allowing also for non-linearity reduces it by an additional percentage

point.

2.8 Conclusions

We estimate a richer stochastic process for household disposable earnings fea-

turing a transitory and persistent component and allowing for age-dependence,

non-normality and nonlinearity. We use a standard life-cycle model with in-

complete markets to compare the implications of our richer process to those of

canonical permanent/transitory linear process with age-independent, normally-
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distributed shocks. Our main findings are as following. Compared to the

canonical process, the richer process implies a much better fit of the growth

in cross-sectional consumption dispersion over the life cycle and a degree of

self-insurance of persistent earnings shocks in line with the empirical estimates

in Blundell et al. (2008). It also implies smaller welfare costs of earnings fluc-

tuations. In terms of wealth inequality, we find that the two earnings processes

have similar implications, including at the upper tail of the wealth distribution.

Based on this evidence, in Chapter 3 we now turn to describing how earnings

dynamics have changed over different generations in the United States and its

implications for homeownership and household portfolio decisions.
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Chapter 3 Intergenerational Changes on

Household Earnings Risk,

Homeownership, and Household Portfolios

3.1 Introduction

The economic conditions faced by young US households are radically dif-

ferent from those that their parents and grandparents experienced when

they were their age. Jobs are more unstable than they used to be, with

career-long positions becoming less and less prevalent, and earnings in-

equality has increased. While the labor incomes of high earners have

increased substantially over time in real terms, income-poorer individuals

have seen their earnings stagnate or decrease.32

Meanwhile, homeownership has shrunk. Within the cohort born in

the 1940s, at age 35 almost 75% of households were living in houses they

owned. The figure was ten percentage points lower for those born in the

1960s, and more than 20 percentage points lower for the early ‘Millennials’

born in the 1980s. This happens in a context in which financial markets

have become more developed33 and stock market participation has been

increasing for younger generations.

This Chapter studies the role of these changes in household labor in-

come dynamics and financial conditions in explaining homeownership and

portfolio composition across generations. To do so, it proposes two novel

contributions. First, it designs a flexible, cohort and business-cycle de-

pendent earnings process, based on Arellano et al. (2017) and Chapter

2 of this thesis, that allows shocks to household labor income to be age-

varying, non-normal, non-linear, and correlated with stock market returns

and house prices, as in the data. Second, it builds and calibrates a rich

life-cycle model with correlated aggregate and idiosyncratic risk, in which
32These facts have been established in a large literature surveyed in Acemoglu and Autor (2011)

and Goldin and Katz (2009). Guvenen, Kaplan, Song and Weidner (2017), using US administrative
data, and Borella, De Nardi and Yang (2019), using survey data, find decreases in median male
wages in real terms between the cohorts born in the 1940s and the cohorts born in the 1960s.

33Dynan, Elmendorf and Sichel (2006) describe how financial deregulation, changes in risk-
assessment methods, and the expansion of secondary markets increased the fraction of households
with access to credit and how much those who already had access could borrow.
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households decide their consumption, savings, housing stocks, portfolio

share of safe and risky assets, and mortgage debt. Importantly, households

only need to satisfy downpayment constraints and income tests at the time

of mortgage origination, which implies that the outstanding mortgage can

go above the value of the house if there is a negative shock to house prices.

Households can also hold liquidity whilst they have a mortgage.

I use the model to compare the life experiences of three generations,

namely, those born in the 1940s, 1960s, and 1980s. I assume that an Amer-

ican born in the 1940s differs from younger generations in three main ways.

First, they face different experiences in the labor market. I use household

earnings data from the Panel Study of Income Dynamics (PSID) to esti-

mate the earnings process separately for all three generations, thus incor-

porating the changes in earnings inequality and earnings risk in a flexible,

data-driven manner. I separate the persistent and transitory components

of earnings, which allows me to control for potential measurement error in

the survey. Second, they face different conditions in financial and housing

markets. Housing has become more expensive over time with respect to

average incomes, and different generations entered the labor market in

different stages of the business cycle or the house price cycle. Third, the

1980s generation faced particularly looser financial constraints when they

started to buy houses in the early 2000s, which I capture with a reduction

in downpayment constraints.

Time, age, and cohort are explicit in the model. Average earnings,

homeownership, and stock market participation at each age differ across

generations as they do in the data. I do not homogeneize age profiles

across cohorts and thus do not need to disentangle year and cohort effects

to obtain them.34 I adopt the actual realizations of house prices and

stock market returns each year from historical data, and use the Survey

of Consumer Finances (SCF), including its earlier versions dating back

to 1963, to obtain information about household portfolio compositions by

age and generation.
34Age, year, and cohort are collinear. To obtain age profiles in a sample with several cohorts and

years, the usual practice is to either remove year fixed effects or cohort fixed effects, which can lead
to very different implications. See Heathcote, Storesletten and Violante (2005) for a discussion on
how the choice of removing year or cohort effects impacts measures of earnings and consumption
inequality, and Ameriks and Zeldes (2004) for the effect on household portfolio shares.
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The main results are as follows. First, intergenerational changes in

earnings dynamics, asset returns, and housing prices obtained from the

data fully explain the differences in homeownership between the 1940s

and 1960s cohorts. For the 1980s cohort, who started to buy houses in

the early 2000s, looser borrowing constraints partially counteracted the

effect of high house prices. I do not need to assume that preferences have

changed to explain the lower homeownership rates for younger generations.

To isolate the effect of changes in labor market income dynamics, I

perform a counterfactual experiment in which I attribute the earnings

process of the 1940s cohort to the younger generations, whilst keeping all

other elements of the model constant, including house prices. More than

half of the difference in homeownership at age 30 for both generations can

be accounted for by changes in earnings inequality and risk. Not all of it

is due to delayed home-buying: changes in earnings dynamics still have

an important effect at age 40 and afterwards. These results are robust

to letting house prices adjust, assuming an empirically plausible level of

housing supply elasticities.

The main driver of these changes is the increase in earnings inequality

at labor market entry, with a more limited role for the increase in earnings

risk. The intuition is simple. Households with lower initial and expected

lifetime earnings find it harder or suboptimal to engage in a large expen-

diture like a house, which would leave them with a sizeable mortgage with

respect to their current income, and thus exposed to income and house

price risk.

Second, the increase in stock market participation of younger cohorts

can be rationalized with a substantial reduction in stock market partici-

pation costs, which reflects easier information acquisition. Today, many

workers who are starting new jobs either receive information about re-

tirement accounts or are automatically enrolled into retirement plans like

IRAs or 401(k)s.

These intergenerational changes also have implications for household

wealth accumulation. Although financial wealth represents an increas-

ing share of household portfolios for those born after the 1970s, it is

more unequally distributed than housing wealth. In the 1940s genera-
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tion, relatively poorer households who wanted to be homeowners bought

a house, got a mortgage, and benefitted from gains in the housing market.

Similarly ranked households in younger generations are no longer buying

houses, and they do not fully compensate the lack of housing wealth by

saving in financial assets. The model predicts that lowering the cost of

access to financial markets for lower and middle income households can

help to increase their wealth holdings and thus reduce wealth inequality.

Additionally, these changes in earnings dynamics and household portfolio

composition impact the way households react to aggregate and idiosyn-

cratic shocks. The model suggests that younger generations display larger

consumption responses to persistent income shocks, which can have im-

portant implications for monetary and fiscal policy design.

Overall, these findings suggest that changes in labor market income

dynamics and in the housing market are having substantial effects in the

life experiences of most Americans, and they can influence, in the longer

term, the distribution of income and wealth, intergenerational mobility,

and the effects of policies.

Related literature

In this Chapter I introduce a flexible process for earnings dynamics, which

I input into a rich model of housing and portfolio choice over the life

cycle to understand intergenerational changes and their macroeconomic

implications. Thus, I contribute to three main strands of the literature.

Earnings dynamics. The earnings process that I propose in this pa-

per jointly considers rich features of earnings risk, business cycle variation,

and changes over the generations. As such, it expands on a broad liter-

ature on earnings dynamics, and its effects on consumption, welfare, and

portfolio allocations35.

A number of recent contributions have documented that earnings risk

varies by age and by the position of an individual in the earnings dis-

tribution, and that earnings shocks are left-skewed and leptokurtic (e.g.

Guvenen et al. (2016) with US administrative data for individuals). Arel-

lano et al. (2017) devise an econometric framework that allows for the
35See Meghir and Pistaferri (2011) for a summary of this branch of the literature.
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separate identification of the distributions of the persistent and transitory

components of earnings whilst allowing for flexibility in their distributions,

and thus accommodating all of these non-normal and non-linear features.

Using their framework, in the second chapter of this thesis I introduce a

flexible earnings process, with a persistent and a transitory component,

into a standard life cycle model. I find that allowing for these rich earn-

ings dynamics helps to better understand the evolution of cross-sectional

consumption dispersion and the extent to which households can self-insure

against persistent earnings shocks.

However, these estimated processes abstract from business cycle vari-

ation. Storesletten et al. (2004a) show that, in the context of a stan-

dard earnings process with normal shocks, the standard deviation of earn-

ings fluctuations is strongly countercyclical. Guvenen, Ozkan and Song

(2014) argue that the key element that fluctuates over the cycle is the

left-skewness of earnings shocks: during recessions, large drops in earn-

ings become more likely. This business cycle component of earnings risk

and its correlation with asset returns is important to understand house-

hold portfolio decisions. In this Chapter, I propose an extension of the

econometric framework devised by Arellano et al. (2017) that allows for

business cycle variation in earnings dynamics in the form of a Markov-

switching regime, and that displays, when estimated in survey data, the

rich features described in Guvenen et al. (2014).

Another recent contribution that designs and implements an earnings

process with variation in higher order moments over the business cycle

is Busch and Ludwig (2017). Both their approach and their focus differ

from mine. I use a flexible nonparametric model that I estimate in panel

data, while they define a rich parametric process and estimate it, à la

Storesletten et al. (2004a), by using cross-sectional moments identify the

sequence of past shocks. I focus on the relationship of rich earnings risk

with changes in household portfolio compositions, while they study the

welfare costs of risks. Furthermore, my approach also allows for variations

in earnings dynamics over different cohorts.36

36Lippi and Perri (2019) show that the changes in household income dynamics in the US over
the past 50 years have an important role in explaining the evolution of inequality and part of the
reduction in aggregate growth.
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Housing and portfolio choice over the life cycle. An extensive

literature has studied the determinants of housing demand over the life

cycle, its relationship to nondurable consumption and savings, and its

interaction with household responses to income or house price shocks (At-

tanasio, Bottazzi, Low, Nesheim and Wakefield (2012), Berger, Guerrieri,

Lorenzoni and Vavra (2017), etc.). Houses are a large part of the portfolio

of most households, and passive saving through house price appreciation is

an important determinant of wealth accumulation (Fagereng, Holm, Moll

and Natvik, 2019). Additionally, houses have a preferential tax treat-

ment in most countries, which occurs both because owner-occupied rents

of housing are not taxed and because of government programmes like the

US mortgage interest tax deductibility (Gervais (2002), Díaz and Luengo-

Prado (2008), Nakajima (2010), etc.). This study incorporates all of these

important dimensions in the modelling of houses.

In parallel, many papers have used models of portfolio choice over the

life cycle to explain important puzzles, such as the high equity premium

or the low level of stock market participation. Standard asset allocation

models over-predict how many people invest in stocks and, conditional on

participation, how much of their wealth they invest in them. This puzzle

can be overcome considering alternative preferences and costs of participa-

tion in the stock market (Gomes and Michaelides (2005), Alan (2006)), or

the correlation between labor market income risk and stock market risk,

although its effect is usually quantitatively small.37. I incorporate these

preferences, costs, and correlations to my modeling of household portfolio

decisions.

Fewer contributions have explored, like I do, the interaction between

housing, portfolio choice, and the life-cycle.38 Cocco (2005) shows that

younger and poorer investors have less financial wealth to invest in stocks

because they prefer to start investing in housing, and that this reduces

the benefits of equity holdings, thus helping solve the stock market partic-
37See Ameriks and Zeldes (2004), Cocco, Gomes and Maenhout (2005), Benzoni, Collin-Dufresne

and Goldstein (2007) and Fagereng, Gottlieb and Guiso (2017). Fagereng, Guiso and Pistaferri (2016)
argue that this small quantitative effect arises from problems in the identification of uninsurable risk.

38These include Flavin and Yamashita (2011), Yao and Zhang (2005), and Vestman (2012), who
focuses on the role of preference heterogeneity to explain why homeowners participate more in the
stock market. Becker and Shabani (2010) and Chetty, Sándor and Szeidl (2017) study the role of
mortgage debt on portfolio allocations.
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ipation puzzle. My life-cycle model is similar to his, in that it allows for

housing and portfolio choice decisions, but we differ in our focus. While

his paper studies how housing crowds out stock market participation, I

focus on the joint role of housing and portfolio choice in life-cycle wealth

accumulation, the role of labor market income risk, and intergenerational

changes. Furthermore, my model is richer and includes flexible earnings

risk, mortgages that do not need to satisfy LTV constraints in every pe-

riod, the possibility of renting, and a richer process for stock returns that

features a disaster state.

Intergenerational changes: cohort and time effects. Changes

over time and over the business cycle in asset returns, house prices, and

labor market dynamics affect both the decision to buy a house and the allo-

cation between safe and risky assets. The link between those and macroe-

conomic outcomes is still relatively unexplored.39 Closely connected with

this study are Fisher and Gervais (2011), who in a stationary equilibrium

framework find that the increase in earnings uncertainty is a major candi-

date to explain the reduction in homeownership of the young between 1980

and 2000. This study builds on their contribution along several dimen-

sions. First, I explicitly consider intergenerational differences by modelling

each cohort separately, which allows me to better capture cohort and year

effects on earnings and asset prices, including variations in price to in-

come ratios of housing. Second, in my model house prices are risky and

agents can hold liquidity while they have a mortgage. Both are important

elements because they affect the risk associated with buying a house: the

former increases household exposure to risk, but the latter decreases it,

because it allows them to better smooth income fluctuations. Third, I

study the role of housing in the context of a richer household portfolio

decision, and thus can accommodate possible substitution effects across

asset classes as housing prices and asset returns change over time.

39Relevant contributions include Nakajima (2005), who suggests that rising earnings inequality in
the U.S. can be related with the increase in housing prices and lower return of financial assets, or
Chambers, Garriga and Schlagenhauf (2009), who study the boom in homeownership between 1994
and 2005 and relate it to mortgage innovations. Fischer and Khorunzhina (2019) relate changes
in homeownership rates over the life-cycle to increases in divorce rates, that trigger precautionary
savings for the young but reduce homeownership for older households.
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3.2 An overview of intergenerational changes

The 1940s, 1960s, and 1980s generations have experienced different eco-

nomic environments, both in terms of their labor market experiences and

the returns to their assets, and taken different economic decisions with

respect to buying houses and investing in stocks. I now turn to empirical

evidence to describe these differences in detail.

3.2.1 Distribution of earnings

The income of the median earner at each age differs across generations.

For men, Social Security data shows that median income at labor market

entry increased between the generations born in the 1937 and 1947, but

has decreased for those thereafter (Guvenen et al., 2017). As the shape of

the life-cycle profile of earnings has changed little, both median earnings at

each age and median lifetime earnings are lower for younger generations.

The top left panel of Figure 22 shows the corresponding profiles for

the PSID, deflated using the CPI.40 Consistently with the administrative

data, the earnings of the median male earner in the PSID at age 25 have

decreased from the cohort born in the 1940s, which entered the labor mar-

ket in the early 1960s, to the cohort born in the 1960s by around 12% in

real dollars. However, during this period there was a significant increase

in female labor force participation and women’s wages, which acted as a

counteracting force and almost completely reversed this decrease in terms

of household earnings (bottom left panel). After age 30, when most house-

hold formation has taken place, median household earnings are higher for

the younger cohort than for those born in the 1940s. Deflating using the

PCE generates even larger differences across cohorts (see Appendix 3.3.2).

The decrease in earnings is also less clear if we look at averages rather

than medians (central top and bottom panels), which suggests that earn-

ings have become progressively more right-skewed and the earners above

the median have seen larger increases than the earners below the median.

The two right-hand side panels of Figure 22 confirm this intuition and

show that earnings dispersion has grown for younger cohorts, particularly
40Appendix C describes the data and sample selection procedures I use, and Appendix 3.3 shows

robustness with respect to these choices.
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Figure 22: Changes in the earnings distribution over the generations. Top: household
heads; bottom: household earnings. Left: median earnings, center: average earnings,
right: standard deviation of the log earnings distribution. PSID data.

in terms of household earnings. Most of the difference is already present

at age 25. This large increase, together with little action in the means, im-

plies that the earnings-poorest of more recent cohorts are relatively worse

off than people in the same percentile of earnings of earlier cohorts, and

conversely the earnings-richest are better off today. This has important

implications for the timing and features of their homeownership decisions,

as I describe when I turn to my model and its results in Section 3.6.

Part of these changes (in particular, the reduction in median and av-

erage earnings at younger ages) can reflect intergenerational changes in

family composition, and, in particular, delayed household formation. Ap-

pendix 3.3.3 shows that, if we restrict the sample to married couples, all

patterns are consistent with the main picture, in particular in terms of

earnings inequality. I consider this as suggestive evidence that the tim-

ing of family formation is not the only driver of the transformations we

observe.

3.2.2 Earnings risk

Apart from a more spread earnings distribution, younger cohorts also face

increasing earnings risk. Figure 23 shows that, in general, the standard

deviation of earnings changes is larger for younger cohorts. The most sig-
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nificant differences between the 1940s and 1960s cohort are concentrated

between ages 30 and 50, and the 1980s cohort started its working life

with a very large level of earnings variability. However, those changes

do not extend to higher-order moments of earnings risk. As Figure 24

shows, earnings changes display negative skewness and high kurtosis for

all cohorts, but there has been little change in those measures over time41.

However, this observation does not imply that the tails of all three distri-

butions are equally fat: given a level of kurtosis and skewness, increasing

the variance makes large shocks more likely than before.

0.4

0.5

0.6

0.7

20 30 40 50 60
Age

S
D

 e
ar

ni
ng

s 
ch

an
ge

1940 1960 1980

Figure 23: Standard deviation of log earnings changes, by cohort
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Figure 24: Higher order moments of log earnings changes, by cohort

41Appendix 3.1.3 provides definitions for these.
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3.2.3 Housing prices and stock returns

The ratio of median house prices to median income has increased, on

average, in the United States over the last 60 years. Younger generations,

at the same age, now have to devote more years of their income to buy a

home compared with their parents.

The left panel of Figure 25 shows the evolution of median price-to-

income (PTI) ratios, based on PSID data42, from 1975 to 2017. Two main

features, which are reproduced in the model, are particularly salient. First,

PTI ratios have been increasing over time. Second, there are large cyclical

variations in house prices, although they are not always correlated with

the business cycle. These induce an additional source of variation across

cohorts, as some of them may have entered the labor market in a time

where house prices were cyclically low, and benefitted from the situation

to make housing purchases earlier on in their lives.

On the other hand, the evolution of stock returns (right panel of Figure

25) shows large fluctuations, which are more strongly correlated with the

business cycle, but fewer secular trends.
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Figure 25: Evolution of asset prices and returns. Left: Price to Income ratios for
housing (PSID data). Right: Stock returns, S&P 500. Shaded areas correspond to
NBER recessions.

3.2.4 Financial conditions

The process of financial deregulation and innovation that started in the

1980s and expanded during the 1990s improved the access of households

42Lovenheim (2011) shows that both median and mean home price indices constructed from PSID
data track Federal Housing Finance Agency repeat home sales indices very well.
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to credit, both from an extensive (more people can get credit) and inten-

sive (the same household can borrow larger amounts) perspective. See,

for instance, Gerardi, Rosen and Willen (2007) for a detailed description

of the regulatory changes, the changes in the structure of the financial

sector, and the new mortgage products that became available over this

period. These changes were partially encouraged by policymakers, who

were worried about low homeownership rates (a salient example is Bill

Clinton’s National Homeownership Strategy).

Another important change was the introduction of tax-advantaged re-

tirement accounts, such as individual retirement accounts (IRAs), which

started in 1974 and became popular in the 1980s, and 401(k)s, which

were introduced in 1978 and also became popular later on. Later reforms

made these accounts more beneficial and less restricted, and automatic

enrollment in pension plans further increased the number of stock mar-

ket participants by reducing both the financial and psychological costs of

enrollment.

3.2.5 Homeownership and portfolio composition

Parallel with the changes described earlier, homeownership rates have been

falling for recent cohorts. I use the word homeownership to refer to the

percentage of households that live in owner-occupied housing - this differs

from its alternative, more common usage of the percentage of homes that

are occupied by their owners.

Using PSID data (Figure 26, top panel), we observe that, at age 35,

homeownership has dropped by over 10 percentage points between the co-

horts born in 1940 and 1960, and by another 10 percentage points between

the cohorts born in 1960 and 198043.

At the same time, stock market participation has increased significantly

for younger cohorts (Figure 26, bottom left). This is related to the intro-

duction and generalization of retirement accounts I have just described

in Section 3.2.4, an explanation which is reinforced by the small differ-

ences across cohorts in direct stock market participation (see Figure C.9
43The picture in terms of intergenerational differences is similar under alternative sample selection

procedures (Appendix 3.3.1) and considering only married households or households with children
(Appendix 3.3.3).
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Figure 26: Homeownership (left) and stock market participation (right), three gener-
ations. PSID and SCF data.

in Appendix 3.3.6).

However, stock market participation also seems to display strong year

effects. For instance, direct stock market participation increased signifi-

cantly in the years before the 2000 stock market crash, and dropped dra-

matically afterwards, as it can be seen in the profile for the 1960s cohort

when they were 40 years old.

3.3 A business-cycle dependent earnings process

In this section I develop a flexible earnings process that can capture the

differences across generations I have just described, whilst encompassing

a set of elements that have been shown to be important to describe the

features of household earnings risk and its implications on household con-

sumption and self-insurance (De Nardi et al., 2019). These include age-

varying persistence, variance, and higher order moments, non-normalities

such as high negative skewness and large kurtosis, and non-linearities such

as previous-earnings-dependent persistence.

The process is based on Arellano et al. (2017), but, on top of that, it

includes three important factors: business cycle variation in earnings dy-

namics, including its non-normal and nonlinear features, intergenerational

changes in the distribution of earnings, and intergenerational changes in

earnings risk. The former is necessary because idiosyncratic risk correlates

with aggregate asset price risk, which can have implications for household

portfolio decisions and insurance over the business cycle. The latter two

are necessary to address the questions posed in this study.
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Let ỹit denote the logarithm of pre-tax labor earnings, net of age effects,

for household i of cohort ci (ci ∈ {1940, 1960, 1980}) living in calendar

year t with age ageit. I assume earnings are the sum of a persistent and a

transitory component:

ỹit = ηit + εit (19)

where both have absolutely continuous distributions. The persistent

component ηith is assumed to follow a first-order Markov process, while

the transitory component εith has zero mean and is independent over time

and of the persistent component.

We can introduce these assumptions by writing the processes for η and

ε, and the initial condition for the persistent component η1 as:

ηit = Qη(νηit|ηi,t−1, ageit, ci,Ωy
t ), νηit

iid∼ U(0, 1), t > 1 (20)

εit = Qε(νεit|ageit, ci), νεit
iid∼ U(0, 1) (21)

ηi1 = Qη1(νη1
it |ageit, ci,Ω

y
t ), νη1

it
iid∼ U(0, 1) (22)

Equation 20 specifies the dependence of ηit on its previous realization

with a flexible quantile function Qη. This function depends on the age of

the household, ageit, its cohort, ci, and the aggregate state of the labor

market, Ωy. Thus, the features of earnings shocks are allowed to be differ-

ent in expansions and recessions.44 In this way, this formulation explicitly

includes age, cohort, and year effects.

Q maps draws νit from the uniform distribution U(0, 1) into quantile

draws for η. νit can be thought of as a rank: if it is 0.9, it implies that the

realization of ηit is on the 90th percentile conditional on age and ηi,t−1. A

similar reasoning follows for the initial realization of the persistent compo-

nent, with the further simplification that it only depends on age, cohort,

and the current state of the labor market; and for the transitory compo-

nent, which only depends on age and cohort. I treat the transitory com-

ponent as measurement error or alternatively as a fully-insurable source

44Section 3.4.3.1 describes the aggregate state in more detail, and Section 3.5.1 explains its imple-
mentation from the data.
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of earnings fluctuations.

Following Arellano et al. (2017), to estimate the process I specify a

parametric form for the quantile functions as low order Hermite polyno-

mials:

Qη(q|ηi,t−1, ageit, ci,Ωy
t ) =

J∑
j=0

aηj (q, ci,Ω
y
t )ψj(ηi,t−1, ageit) (23)

Qη1(q|agei1, ci,Ωy
1) =

J∑
j=0

aη1
j (q, ci,Ωy

1)ψj(agei1) (24)

Qε(q|ageit, ci) =
J∑
j=0

aεj(q, ci)ψj(ageit) (25)

where the coefficients aij, i = ε, η1, η, for all states are modelled as piecewise-

linear splines on a grid {q1 < . . . < qL} ∈ (0, 1).45 The intercept coefficients

ai0(q) for q in (0, q1] and [qL, 1) are modelled as the quantiles of an exponen-

tial distribution with parameters λi1 and λiL respectively. All coefficients

are allowed to differ across cohorts.

If one could directly observe the two components εit and ηit, it would be

possible to find the coefficients above by quantile regression at each point

of the quantile grid qj. However, both components are latent. To deal

with this, the estimation starts at an initial guess for the coefficients and

iterates between draws of the posterior distribution of the latent persistent

components and proceeds to find the coefficients by quantile regression.

The process is repeated until convergence of the sequence of coefficient

estimates.

This process nests more standard earnings process such as that pro-

posed in Storesletten et al. (2004a), which I refer to as canonical process:

yit = ηit + εit (26)

ηit = ρηit−1 + ξit (27)

with ξit ∼ N(0, σ2
t ), εit ∼ N(0, σ2

ε ) and
45Following Arellano et al. (2017), I use tensor products of Hermite polynomials of degrees (3,2)

in ηi,t−1, and age for each state k of Qη,Ω(q|ηi,t−1, ageit) and second-order polynomials in age for
Qε(q|ageit) and Qη1,Ω(q|agei1).

95



σ2
t =


σ2
r,c if Ωy = Recession

σ2
b,c if Ωy = Boom

(28)

where usually σ2
r,c > σ2

b,c. Unlike in this process, my procedure implies

that there is no need to assume age-independence or normality of earnings

shocks, nor linearity in the dependence of the persistent component on

its past realizations. While the earnings process is estimated on pre-tax

rather than post-tax household earnings, most of its features regarding

non-linearity and non-normality are qualitatively similar to De Nardi et al.

(2019) and therefore I refer the interested reader to the discussion therein.

Furthermore, the earnings process I propose can accommodate business-

cycle varying features of higher order moments of earnings risk, such as

countercyclical skewness.

I estimate the earnings process on PSID data for all three cohorts.

Given that the PSID became biennial from 1997 onwards, the period is two

years for both the earnings process and the structural model. I use the full

length of the PSID (1968-2017).46 More details about the data treatment,

cohort definitions, and sample selection are available in Appendix C.

3.3.1 Implications of the earnings process

3.3.1.1 Intergenerational differences

The earnings process captures the intergenerational changes in earnings

dynamics documented in Section 3.2.2 well (see Appendix 3.3.4). An ad-

ditional notion that has changed over time is nonlinear persistence (Figure

27) by previous earnings and the quantile of the earnings shock. For the

youngest cohort, persistence is much larger for higher-income agents and

all ranks of their shocks, and lower for low-income agents, particularly for

large shocks.

46The semiparametric implementation of the nonparametric model defined in Arellano et al. (2017)
allows to interpolate and obtain an earnings process for every state and age even if not all combina-
tions are present in the data.
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Figure 27: Nonlinear persistence, by cohort. Top left: 1940s; top right: 1960s; bot-
tom: 1980s. For all cohorts: all agents below 40 years old. Figure C.8 in Appendix
3.3.5 provides the version with all ages included but thus varying composition across
cohorts.

3.3.1.2 State-dependence of the earnings process

The state dependence of the earnings process implies that it has poten-

tially different features in expansions and recessions. The left panel of

Figure 28 shows the average expected change in earnings for individuals

in different points of the earnings distribution for both aggregate states

for the 1940s cohort. The other three cohorts display similar qualita-

tive characteristics. During normal times, most individuals expect slight

increases in their earnings. The very poorest expect the highest improve-

ments in relative terms, while there is a certain level of mean reversion

for the earnings-richest. In recessions, the expected increase in earnings

shifts downwards. The earnings-poorest expect lower increases, and the

earnings-richest expect larger drops.

These average measures mask significant heterogeneity. Figure 28,

right panel, plots Kelley’s measure of skewness of earnings changes during

an expansion and during a recession. During normal times, the skewness

is basically zero for most of the distribution: the distribution of earnings

changes is symmetric and large negative shocks and large positive shocks

of equal magnitudes are equally likely. However, during a recession skew-

ness becomes negative, particularly so for the very richest. This implies

that large decreases in earnings become more likely with respect to large

increases in earnings.

Capturing these features of the distributions is important to better

understand how households take portfolio decisions. For instance, the

combination of high likelihood of disaster risk in the stock market and
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large skewness in labor earnings for a particular household can explain

why they choose to keep some of their savings in safer investments.
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Figure 28: Average expected change in earnings (left), and Kelley’s skewness of earn-
ings changes (right), by previous earnings percentile and aggregate state of the econ-
omy. Percentiles refer to the distribution during an expansion.

An additional realistic feature that the Markov-switching earnings pro-

cess captures is history dependence: at any point in time, the distribution

of earnings for a given cohort depends on the set of expansions and re-

cessions that the cohort has lived through. In particular, the recovery

from recessions is usually sluggish.47 Figure 29, left panel, shows that the

earnings process I propose replicates this feature without large increases

in the state space. It represents, for the simulated earnings process of

the 1940s cohort, the percentage difference in average earnings between a

cohort that underwent a single recession at age 44 (“NL process”) and one

that never lived through a recession throughout its entire labor market

history. Suffering one recession has important effects on impact that last

for relatively long. In contrast, the canonical earnings process generates

a counterfactual increase in average earnings because higher variances in

logs, at a constant average, imply higher averages in levels. The purple line

represents it for the estimated parameters in Storesletten et al. (2004a),

while the yellow line represents the canonical counterpart to the process I

estimate for the 1940s cohort (see Appendix 3.4.3 for details).

The rich earnings process also captures differential impacts by initial

position in the earnings distribution (middle panel). Recessions affect the

47A broad literature has studied both the large negative long-run effects of displacement for in-
dividual workers (e.g. Jacobson, LaLonde and Sullivan (1993)), that are particularly severe within
recessions (Davis and Von Wachter, 2011), and the slow recovery of employment after downturns
like the Great Recession (Ravn and Sterk, 2017).
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earnings of the highest and lowest earners by more than those around

the median. The impact of a recession also differs by age (right panel):

younger agents are hit harder and take longer to recover. By construction,

the canonical earnings process does not replicate either of this facts.
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Figure 29: Earnings by age with respect to the counterfactual in which a recession
never occurs. Left: average earnings, recession at age 44. Middle: by initial earnings
percentile, recession at age 44. Right: by initial earnings percentile, comparing ages
30 and 44.

3.4 Model

I build a life-cycle structural model to evaluate to which extent the changes

in earnings and financial conditions described in Section 3.2, modelling

the former using the process described in Section 3.3, can account for the

intergenerational differences in homeownership and portfolios I described

earlier.

In the model, the economy is populated by a continuum of households

i that belong to cohort c. From the perspective of a cohort, age and

time are equivalent and indexed by t. The model period is two years.

Households enjoy nondurable consumption and housing, are subject to

exogenous earnings risk, and can hold three types of assets:

• Safe, liquid accounts.

• Housing (if they don’t hold any, they must participate in the rental

market).

• Risky financial assets, which they cannot short.

To finance their housing expenditures, they can also hold liabilities in

the form of mortgages.
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3.4.1 Demographics

Households are born in the model at age 20, retire at age 60 and face posi-

tive and increasing death probabilities ξt starting at that age. They die for

sure at age 86. An average demographic profile at each age is introduced

in the model with a taste shifter θt, which represents the average OECD

equivalence scale at each age, and generates age-varying marginal utility

from nondurable and housing consumption.

3.4.2 Preferences

Preferences are Epstein and Zin (1989) and allow to disentangle the elas-

ticity of intertemporal substitution ψ and the risk aversion coefficient γ.

Whenever γ > 1
ψ

(which is the benchmark case in this Chapter), they

imply that agents prefer an early resolution of uncertainty, as standard in

studies on the equity premium and risk-free rate puzzles, and in portfo-

lio choice models (Cocco et al. (2005), Campanale, Fugazza and Gomes

(2015) or Kaplan and Violante (2014)).

Utility at age t is therefore represented by:

Uit = [(θtcνits1−ν
it )

(ψ−1)
ψ + β(EtU1−γ

it+1)
1

1−γ
ψ−1
ψ ]

ψ
ψ−1 (29)

where θ is the taste shifter described earlier, c is nondurable consump-

tion, and s is the housing service flow. In this specification, β is the

discount factor, ψ is the elasticity of intertemporal substitution, γ is the

coefficient of relative risk aversion, and ν measures the relative importance

of nondurable consumption with respect to housing. This Cobb-Douglas

specification assumes an elasticity of substitution between housing and

nonhousing of 1, which is justified by the almost constant shares of ex-

penditure in housing in micro data (e.g. Davis and Ortalo-Magné, 2011).

In practice, since housing in the model is discrete, this is equivalent to

assuming that housing utility is a proportional scaling of the utility from

nondurable consumption.

The utility value of housing st depends on the quality of the owned

home and does not vary with its price. It is highest for owners of high-

quality houses (s̄2), lower for owners of low-quality houses (s̄1), and lowest
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for renters (s̄0).

Households value bequests left according to:

v(b) = φ1(φ2 + b)
(ψ−1)
ψ (30)

This specification mimics, in an Epstein-Zin framework, De Nardi

(2004). The term φ1 determines the intensity of the bequest motive and

φ2 determines the extent to which bequests are a luxury good.

3.4.3 Environment and technologies

3.4.3.1 Aggregate state

During each year t, the economy is in an aggregate state Ωt composed

of three elements: the state of the housing market Ωh, which determines

house prices, the state of the stock market Ωf , on which stock returns

depend, and the state of the labor market Ωy, which determines the evo-

lution of the earnings process. Thus, Ωt = {Ωf
t ,Ωh

t ,Ω
y
t }. Households know

the process governing the aggregate state, and use it to make predictions

about the future, which in turn affect their decisions.

Ωh is a Markov chain of order 2. In the data, not only house prices

are persistent, but also their growth is. The Markov 2 assumption allows

agents to be aware of whether house prices are in an increasing or decreas-

ing regime, which together with their current realization helps them to

predict how they will evolve in the future.

The state of the labor market Ωy is a Markov chain of order 1. House-

holds observe whether the economy is currently in an expansion or in a

recession, which helps them to predict the performance of the labor mar-

ket in the following period. On the other hand, stock returns Ωf are

independent across periods.

However, the model allows the realizations of each of the three ele-

ments to be interdependent according to their empirical correlations. For

instance, in a recession it is more likely that stock returns are lower, which

implies that there is higher probability of a bad realization of Ωf
t+1 if there

is a bad realization of Ωy
t+1 too. The assumptions regarding the structure

of this correlation, and the estimation of the aggregate state in the data,
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are described in more detail in Section 3.5.1.

3.4.3.2 Earnings

Log earnings are composed of a deterministic component, which depends

on age, and a stochastic persistent component ηit, which depends on the

aggregate state of the labor market:

log yit = f(t) + ηit(Ωy
t ) (31)

Section 3.3 contains more details about the earnings process and its

estimation. Transitory shocks may be reflecting measurement error or

almost fully insurable fluctuations, so to save on computational costs I do

not include them in the model.

3.4.3.3 Liquid accounts

Liquid accounts at are risk-free and they yield an exogenous and constant

interest rate ra. They cannot be negative: if they wish to borrow, house-

holds must apply for a specific type of financial asset, mortgagesmt, which

I describe in detail in Section 3.4.3.6.

at+1 ≥ 0 (32)

3.4.3.4 Risky financial assets

Households can also hold risky financial assets or stocks f . Stock returns

rft depend on the aggregate state of the stock market Ωf
t . Households

cannot short financial assets, thus the constraint for stocks is:

ft+1 ≥ 0. (33)

When fi,t = 0, households pay a fixed entry cost κf to start investing

in stocks.48 This cost represents psychological, financial, and technical

barriers to start investing in the stock market (opening financial accounts,

acquiring information about them, etc.), and is frequently used in the port-

48Section 3.5.5 shows that results are robust to assuming per-period participation costs instead.
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folio choice literature (Gomes and Michaelides, 2005). Once a household

participates, there are no additional costs of adjusting financial assets.

3.4.3.5 Housing

Households can buy houses h that come in discrete sizes:

hi,t = {0, h1, h2, . . . , hH}, (34)

where 0 indicates renting and the other values indicate increasing qual-

ities of housing. The discrete specification for housing follows Attanasio

et al. (2012). I set H = 2 due to computational considerations.49

Average house prices pht depend on the aggregate state of the housing

market Ωh
t . They are expected to grow, but fluctuate around a trend as

described in Section 3.5.1. The price of the different housing qualities hj
is assumed to be a fixed fraction of average house prices pht (Ωh

t ) 50, which

I denote hj:

hj = ph1
t (Ωh

t )
pht (Ωh

t )
(35)

In practice, this implies that the price of low-quality houses is a fixed

fraction of the price of high-quality houses:

ph1
t (Ωh

t ) = h1

h2p
h2
t (Ωh

t ), (36)

Housing is illiquid. Households pay a proportional transaction cost to

buy or sell housing κhphjt (Ωh
t ) , which depends on the price of the house

which is being bought (as in Bajari, Chan, Krueger and Miller (2013)).

It reflects the costs associated with selling or buying a home, which can

include taxation, real estate agent fees, and other costs.

Households that do not own a home must participate in the rental mar-

ket. I assume that foreign or institutional investors, who are not explicitly

modelled, supply housing in the rental market, and I abstract from the

49Appendix 3.5.7 shows that results are robust to several specifications where H = 3.
50Some papers, like Li, Liu, Yang and Yao (2015), distinguish between idiosyncratic and aggregate

house price shocks. My main results do not explore that possibility, but Appendix 3.5.6 studies a
case in which idiosyncratic house price risk is correlated with labor income risk.
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equilibrium determination of house prices for tractability and simplicity51.

The rental price rst (Ωh
t ) depends on current housing prices pht (Ωh

t ):

rst (Ωh
t ) = γrpht (Ωh

t ). (37)

I assume that the government provides housing aid to income-poor

households for whom rental costs are large. In particular, the government

pays all rent that is above 30% of household income. This is a stylized

representation of housing aid programs in the United States, in particular

the Section 8 program (Housing Act of 1937), which provides families with

low income with Housing Choice Vouchers or project based assistance. In

the PSID data roughly 2% of working age households receive this subsidy.

In the model this fraction is about 3%.

During the working period, households are subject to exogenous moving

shocks with probability πhm. They represent events such as finding a new

job in a different place or suffering a job relocation. In the model, when

the moving shock realizes, agents sell their houses at the beginning of

period, before they take their consumption and saving decisions. They

must then spend that period in rental housing but can freely reoptimize

afterwards. This specification captures that, depending on the stages of

life and income realizations, agents might optimally choose to rent in the

new location even if they were owners before.

3.4.3.6 Mortgages

When a household wants to acquire a house of quality j, it can apply for a

loan or mortgage mt. I define mortgages so that mt ≤ 0. In order to get it,

the household must fulfill two conditions: a downpayment or loan-to-value

(LTV) restriction and an income test or loan-to-income (LTI) restriction.

mt+1 ≥ −λhp
hj
t (Ωh

t ) (38)

mt+1 ≥ −λyyit(Ωy
t ) (39)

51Section 3.6.4 contains an approximation to how my counterfactual results would change under
endogenous determination of housing prices
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where λh < 1. There is no uncollateralized debt, so households can

only get indebted when they buy a house.

Borrowers pay an exogenous interest rate on their debt rb which is

larger than the risk-free rate ra. Households decide on their repayment

schedule, but in every period they must at least pay the interest accrued

by their debts and cannot reach their terminal age T with an unpaid

mortgage balance, even if their net worth is positive (as in Attanasio et al.

(2012)).

mt+1 ≥
mt

1 + rb
(40)

mT = 0 (41)

Within this framework, households can extract equity from their homes

in two ways. First, they can sell them and either move to rental housing

or buy a new smaller or cheaper house. Second, they can decide to delay

the repayment of the mortgage principal, thus extending their mortgage

duration. For simplicity, I assume that they cannot increase the principal

of their debt by remortgaging or accessing home equity lines of credit.

To reduce the dimensionality of the problem, due to computational

considerations, I assume that households cannot simultaneously hold both

a mortgage mt, risk-free assets at, and risky assets ft, but only two of the

three. This assumption is weaker than modeling mortgages as negative

safe assets, because it still allows households in debt to make a choice

between positive safe and risky assets, as long as the choice is not interior.

Therefore, mortgagors in the model are able to hold liquidity without

incurring the participation cost to the stock market.

at+1ft+1mt+1 = 0 (42)

3.4.4 The government

Disposable income λ(yi,t) is obtained from pre-tax income yi,t using the

tax function λ(·) (Benabou (2002), Heathcote, Storesletten and Violante

(2014)):

λ(yi,t) = λy1−τ
i,t (43)
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This specification can be negative at lower income levels and thus in-

cludes, in a parsimonious way, both progressive labor income taxation and

many income-tested welfare programs, such as unemployment insurance,

EITC, food stamps, etc.

The government also taxes capital income from risky and safe assets

at a flat-rate τa. It uses the proceedings to finance useless government

spending g and social security for old people p(·). The latter is a function

of a household’s last income realization.

Households can deduct mortgage interest from their labor income tax.

Both in the US tax code and in the model, they can choose between getting

the standard deduction, which is a fixed amount, and itemization, which

implies that they individually deduct qualifying expenses such as mortgage

interest. Thus, only households who have a sufficiently large mortgage get

the mortgage interest deduction. Furthermore, stock market losses are

deductible against asset income and labor income up to $3,000.

3.4.5 Timing

At the beginning of the period, households learn the common realization

of the aggregate state Ωt, which implies that they find out about housing

prices pht (Ωh
t ) and stock returns rft (Ωf

t ), and their individual realization of

labor income yt(Ωy
t ). Jointly, those determine their net worth or cash-on-

hand in period t:

coht = pht (Ωh
t )ht + (1 + rft (Ωf

t )(1− τa))ft+

(1 + ra(1− τa))at + (1 + rb)mt + T (yt(Ωy
t ),mt)

(44)

where λ(·) represents progressive taxation of labor earnings net of mort-

gage interest payments.

Households get utility from their housing stock ht at the beginning of

the period. Then they decide on their consumption ct and their savings for

the next period, which are composed of their liquid accounts at+1, stocks

ft+1, and housing ht+1, minus any outstanding mortgage balance mt+1.

Both in the model and in the data, a household can have negative net
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worth. In the model, that is represented by coht < 0 and can arise when

a household suffers a negative housing price, income, or financial shock

while holding a significant mortgage. Households can continue to hold

their house as long as they are able to make interest payments to their

mortgage out of their financial savings or labor income.

If a household has exhausted all of their financial assets, cannot make

interest payments to their mortgage, and cannot pay for all of its debt

even after selling its house, it goes bankrupt. They return the keys

of their house to the bank, their debt is cancelled, and suffer a utility

penalty, which incoporates stigma effects and the negative consequences

of a bankruptcy flag on future credit reports.

If coht < 0

and T (yt(Ωy
t ),mt) + rbmt + (1 + ra(1− τa))at+

(1 + rft (Ωf
t )(1− τa))ft < 0,

at+1 = 0, ft+1 = 0, ht+1 = 0, ct = 0.01,mt+1 = 0

(45)

3.4.6 Budget constraint

The period by period budget constraint is:

pht (Ωh
t )ht+1 + κhpht (Ωh

t )ht+1I(ht+1 6= ht) + rst (Ωh
t )I(ht = 0)+

ft+1 + κfI(ft+1 > 0, ft = 0) + at+1 +mt+1 + ct =

pht (Ωh
t )ht + (1 + rft (Ωf

t )(1− τa))ft + (1 + ra(1− τa))at+

(1 + rb)mt + T (yt(Ωy
t ),mt)

(46)

where T (y,m) represents the tax system described in Section 3.4.4.

3.4.7 Household’s problem

Working-age households. They solve the following problem:
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Ut(y, a, h, f,m,Ω) = max
c,a′,h′,f ′,m′

{
[(θtcνt s1−ν

t )
(ψ−1)
ψ + (47)

β(EtUt+1(y′, a′, h′, f ′,m′,Ω′)1−γ)
1

1−γ
ψ−1
ψ ]

ψ
ψ−1

}
(48)

subject to the no-shorting condition for safe and risky assets (32, 33),

LTV and LTI constraints when buying a home (38 and 39), the require-

ment to at least pay interest on debt in every period (40), the restriction

on holding both risky and safe assets while having a mortgage (42), the

bankruptcy condition (45), and the budget constraint (46).

Retired households. Their social security income p is a function of

their last realization of labour earnings before mandatory retirement (they

cannot retire before 65). They solve the following problem (where yl is

their last realization of income before retirement):

Ut(yl, a, h, f,m,Ω) = max
c,a′,f ′,h′,m′

{
[(θtcνt s1−ν

t )
(ψ−1)
ψ +

βξt(EtUt+1(yl, a′, h′, f ′,m′,Ω′)1−γ)
1

1−γ
ψ−1
ψ +

(1− ξt)v(b))]
ψ
ψ−1

} (49)

where v(b) is determined by Equation 30. Their maximization problem

is subject to the no-shorting condition for safe and risky assets (32, 33),

LTV and LTI constraints when buying a home (38 and 39), the require-

ment to at least pay interest on debt in every period (40), the restriction

on holding both risky and safe assets while having a mortgage (42), the

bankruptcy condition (45), and a budget constraint with no income risk

(50).

pht (Ωh
t )ht+1 + κhpht (Ωh

t )Iht + ft+1 + κfIft +

at+1 +mt+1 + ct + rst (Ωh
t )I(ht = 0) =

ph(Ωh
t )ht + (1 + rft (Ωf

t )(1− τa))ft+

(1 + ra(1− τa))at + (1 + rb)mt + T (p(yl),mt)

(50)
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where p(·) represents social security.

3.5 Calibration

3.5.1 Aggregate state

The aggregate state of the economy in a calendar year Ωt is the combi-

nation of three related elements52: the state of the labor market Ωy
t , the

state of the stock market Ωf
t , and the state of the housing market Ωh

t .

There are two possible realizations for the aggregate state of the labor

market Ωy, which correspond to expansions and recessions. In the data, I

define a period to be recessionary if any part of it falls under an NBER-

defined recession. The state of the labor market in t + 1 determines the

conditional distribution of shocks that agents face given their earnings in

t, as described in Section 3.3.

I discretize the stock market state Ωf space in four possible realizations.

These are obtained by splitting the distribution of yearly stock market

returns during my sample period (1963-2015) into terciles. Each of the top

three states of Ωf corresponds to a realization of rf equal to the average

return for each of these three terciles. Additionally, I include a disaster

state, that corresponds to the average of the lowest 5% of annual stock

market realizations during this period. Taking into account the possibility

of a disaster in the stock market is important to understand the low levels

of stock market participation and the equity premium puzzle (Bansal and

Yaron (2004), Barro (2006)), as well as the age patterns of stockholding

(Fagereng et al., 2017). The framework I propose extends these previous

studies by letting stock market states Ωf , including the disaster state, and

the aggregate state of the labor market Ωy be correlated.

The housing aggregate state Ωh is modeled in a similar fashion, but its

memory is longer. Households know the current realization of house prices,

and whether they have grown or decreased from the previous period. This

can equivalently be understood as two separate states (current house prices

52For the description of the model, t indexed both year and age, which were equivalent from the
perspective of a cohort. Naturally, calendar years and their associated states happen at different ages
for different cohorts. To keep the notation in this section clear, I describe it from the perspective of
a single cohort.
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and current house price growth regime), or as a restricted Markov 2 process

for housing prices, in which Pr(pht+1 = x|pht = y, pht−1 = z) is the same for

any (y, z) such that y < z and for any (y, z) such that z > y. Given

that house price growth regimes are persistent in the data, households

expect house prices to continue growing when they have grown in the

past. Housing prices are discretized to four possible realizations in every

period.

In the simulation, the realizations of the aggregate state Ωt correspond

to their counterparts in the data for each specific year. For instance,

when agents of the oldest cohort reach 53 years of age they face a good

realization of the stock market aggregate state because they were born

in 1942 and 1995 was a year of high stock returns. The left hand side

panel of Figure 30 shows how biennial stock returns in the model (blue

line) closely approximate real returns in the S&P500 (red line). The right

hand side panel of Figure 30 shows how the specific implementation of

the housing price-to-income (PTI) ratio in the model (blue line) compares

with PSID data on the ratio of median house prices to median household

labor income in PSID data (red line). Episodes of high house prices and

episodes of high house price growth are relatively persistent.

1960 1970 1980 1990 2000 2010 2020
Year

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

B
ie

nn
ia

l s
to

ck
 r

et
ur

ns

S&P500 data
Model

1960 1980 2000 2020
Year

1

1.5

2

2.5

3

P
T

I r
at

io

PSID data
Model

Figure 30: Stock market returns, housing median price-to-income ratio

From the perspective of the agents in the model the realization of the

aggregate state is stochastic, so it is necessary to determine how they

form predictions over it, and in particular how the correlation between

the different elements of the aggregate state is perceived by the agents.

I assume that house price growth regimes and recessions are persistent,
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that they might be mutually correlated, and that the conditional distribu-

tion of stock market returns depends on whether we are in an expansion

or in a recession. The conditional distribution of house price realizations

depends then on the current house price and on the current house price

growth regime.

Thinking of these assumptions as restrictions on a flexible empirical

Markov transition matrix, they imply:53

Pr(Ωh
t+1,Ω

hg
t+1,Ωy

t+1,Ωf
t+1|Ωh

t ,Ω
hg
t ,Ωy

t ,Ωf
t ) =

Pr(Ωf
t+1|Ωy

t+1)Pr(Ωh
t+1|Ω

hg
t+1,Ωh

t )Pr(Ω
hg
t+1,Ωy

t+1|Ωhg
t ,Ωy

t )
(51)

Those dependences are allowed to be very flexible. I empirically es-

timate from the data the probability of stock returns being disastrous,

low, normal, or high in an expansion and a recession, and use it to de-

fine Pr(Ωf
t+1|Ωy

t+1). Pr(Ωh
t+1|Ω

hg
t+1,Ωh

t ) is defined according to the average

house price growth or decrease associated with each of the two states of

Ωhg. I estimate Pr(Ωhg
t+1,Ωy

t+1|Ωhg
t ,Ωy

t ) directly from their empirical coun-

terparts to obtain an 4x4 transition matrix.

The restrictions I impose imply assuming that households do not use

certain information to make their predictions. First, I assume that agents

do not use the state of the housing market Ωh
t or Ωhg

t to directly predict the

realization of the stock market state Ωf
t . This is empirically justified by

the low correlation between the housing state and stock market returns.

For instance, a regression of stock returns on the housing state and the

recession state yields that the former is insignificant while the latter is

significant at the 5 percent level.

Second, I assume that agents do not use the state of the stock market

Ωf
t to predict the aggregate state Ωt+1. This restriction would be violated

if, in the data, stock returns in a given year were a strong predictor of

stock returns two years later, or of a recession two years later.54 How-
53For purposes of this representation Ωhg represents housing growth regimes and Ωh represents

house prices.
54A significant part of the literature has established that price-dividend and earnings-price ratios

are predictors of future stock returns (Campbell and Yogo, 2006), although some of the relationships
between economic and financial variables and future stock performance are unstable and change over
time (Pesaran and Timmermann, 1995), and sometimes they react to studies being published about
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ever, this assumption does not mean that stock returns are fully i.i.d. in

this model, as the correlation between them and the aggregate state in

the labor market induces some persistence in high (low) returns during

expansions (recessions).

I impose these restrictions due to several considerations. First, with

around 50 years of comparable data, the estimation of an empirical tran-

sition matrix that allows for all possible correlations would be very noisy.

Second, it is not clear to which extent that matrix, even if it could be

estimated, would be incorporated in household decision making, in par-

ticular taking into account that agents would need to know it ex ante. In

this context, assuming that households know the persistence of expansions

and recessions, of house price growth regimes, and the correlation between

stock returns and the aggregate state of the labor market is less stringent

than assuming that they know the full correlation structure amongst all

possible shocks. In any case, the precise structure of household expecta-

tions about the movement of aggregate variables and how it is updated

over time remains an open question.

3.5.2 Externally calibrated parameters

Table 5 represents the most relevant externally calibrated parameters and

their sources. For presentation purposes, all variables and parameters that

correspond to a time period are presented in annual terms, and converted

to biennial terms in the model.

I set the risk aversion coefficient to 4. While this is on the higher side of

usual estimates in the macro literature, it lies somehow on the lower side of

the values used by the finance literature to rationalize the equity premium

puzzle in specifications with Epstein-Zin preferences (e.g. Bansal and

Yaron (2004) use 10, Campanale et al. (2015) use 5, etc.). The elasticity

of intertemporal substitution is more disputed in the literature. In the

presence of disaster risk, in models in which asset prices are endogenous,

an elasticity above one is needed to make the probability of a disaster and

asset prices inversely related (Barro, 2009). I follow Kaplan and Violante

(2014) for its exact quantification (see their footnote 28 for a discussion

them (McLean and Pontiff, 2016).
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regarding this estimate) and set it to 1.5.

I establish the risk-free rate at its historical (real) average of 1%, plus

an additional 1% to account for the liquidity services of risk-free money.

The mortgage interest rate is at its historical average over the life of this

cohort of 4%, and it is 1% higher for retired people to reflect the more

stringent credit conditions they are subject to. This assumption is much

looser than assuming that retired people cannot get a mortgage or buy a

home.

I assume that the downpayment required to get a mortgage is 20% of

the value of the house, and that the income test consists in having yearly

household income that is at least 1/9th of the value of the mortgage. These

are standard in the literature and are roughly the average conditions in

the United States during this time period.

For the social security replacement rate, I follow studies that have em-

pirically estimated it from household data. Frequently used values for tax

progressivity with the tax function represented in Equation 43 are around

0.15-0.18 (0.151 in Heathcote et al. (2014)). However, in this study I

am considering explicitly that US households can choose between deduct-

ing a fixed amount from their income tax bill (standard deduction) or

deduct a set of qualifying expenses, which in the case of this model is

their mortgage interest. These elements strongly affect the progressivity

of the system (in particular, the standard deduction makes the tax system

more progressive), so directly borrowing those coefficients would result in

biased estimates of household tax bills. In order to tackle this issue, I

re-estimate the progressivity coefficient from PSID data following the pro-

cedure described in Appendix 3.1.1.2. I set the parameter that controls

average taxation λ to the level that implies an average tax rate of 35% for

the average household, close to the historical level for the 1940s generation

comprising federal and state taxes and FICA contributions. With respect

to the standard deduction, I set it at a level that implies that the percent-

age of people choosing to itemize is close to the data, which is around 30%

across all ages. This level, 6% of average income, is lower than its histori-

cal levels (e.g, around 10% of average income in the early 70s) because the

model abstracts from itemizable expenses other than mortgage interest
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and local property taxes, such as out-of-pocket medical expenditure, state

taxes, charitable contributions, etc.

As for the bankruptcy penalty, I assume that going bankrupt makes

households as unhappy as consuming 15% of average income for a period

(Equation 45), which keeps bankruptcy rates for the 1940s generation very

low. Housing adjustment costs are around 10% of the value of the property

(Smith, Rosen and Fallis, 1988), which I distribute equally amongst seller

and buyer.

Risk aversion γ 4 Kaplan and Violante (2014)

EIS ψ 1.5 Kaplan and Violante (2014)

Housing utility share ν 0.2 NIPA data

Risk-free interest rate ra 2%

Mortgage interest rate rb 4%

LTV restriction λh 0.8 Downpayment 20%

LTI restriction λy 9 Johnson and Li (2010)

Taxation level λ 0.64 See text

Progressivity τ 0.085 See text

Soc. sec. replacement rate p(·) 55% Mitchell and Phillips (2006)

Housing adjustment cost κh 5% Smith et al. (1988)

Standard deduction sd 6% See text

Table 5: Externally calibrated parameters and sources

3.5.3 Internally calibrated parameters, targets, and model fit

The model has 7 free parameters which are jointly calibrated to match 7

targets in the data. I perform the calibration for the 1940s cohort, and then

keep them constant across cohorts in the experiments unless otherwise

specified. Table 6 summarizes the data and the parameter which is more

closely related with each of the targets.

The wealth to income ratio of 3.1 is standard in macroeconomic studies

and corresponds to the wealth to income ratio of the bottom 95% of the

wealth distribution, which I am focusing on. I obtain house ownership data

from the PSID, stock market participation from the SCF, and bequest
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Moment Data Model Key parameter Value

W/Y ratio 3.1 3.1 Discount factor β 0.930

Avg. bequest (/income) 2.7 2.7 Bequest taste φ1 4.7

% leaving no bequests 20% 16% Bequest taste φ2 6.4

Homeownership at age 40 77% 78%

... of detached houses 68% 71% Housing taste s2 8.5

... of other housing 9% 7% Housing taste s1 2.0

% buying houses at age 40 4.5% 4.2% Moving shock πhm 0.05

Stock participation, age 40 36 % 36% Participation cost kf 0.25

Table 6: Targeted moments, model fit, and calibration

targets from Hurd and Smith (2001), adjusted for this specific cohort (see

Appendix C for more details).

Matching homeownership at a particular age allows me to get an es-

timate for the extent to which households enjoy living in owner-occupied

housing, over and above its value as a financial investment and collateral.

On the other hand, getting the level of stock market participation right

at a relatively early age allows me to discipline the stock market partici-

pation cost κf . This parameter is not straightforward to estimate directly

from the data, as it not only includes direct costs such as opening a bro-

kerage account, but also the opportunity costs generated by spending time

acquiring information about the stock market. Finally, the percentage of

people buying houses after prime homebuying age is informative of the

number of people who are moving for reasons that I do not model ex-

plicitly, which I summarize in the moving shock. Getting this probability

right is relevant to appropriately capture that homeowners are sometimes

forced to liquidate their houses and move somewhere else, which has as-

sociated transaction costs and increases the riskiness of owner-occupied

housing as an investment.

As Table 6 shows, the model fits its targets very well with the associated

calibrated coefficients. The discount rate is relatively low with respect to

what is standard in a one-asset model. Households value housing, and

the utility value of owner-occupied houses provides a further motive to
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hold assets beyond life-cycle and precautionary savings, which reduces

the calibrated value of household patience. Besides, relatively low levels

of β are also frequent in the portfolio choice literature when stocks are

available as an investment option with high returns.

The housing taste parameters s2 and s3 do not have a direct interpreta-

tion. The calibration for s3 implies that, for an agent who is currently con-

suming the average level of labor income, living in a large owner-occupied

house provides, ceteris paribus, the same utility increasing nondurable con-

sumption by 70%. There is a 5% yearly probability of receiving a shock

that forces the household to move. A particularly relevant parameter is

the one-off cost to start participating in the stock market kf , which is

calibrated to be 25% of average yearly earnings.

There is scarce data about the initial wealth of the 1940s cohort at

labor market entry. However, I can observe their homeownership and stock

market participation rates. Thus, I set the initial condition of the model

to the most conservative possibility that is consistent with the observed

homeownership (20% equity on the house for the initial homeowners) and

stock market participation (1$ in stocks for the initial stockholders). In

Appendix 3.5.1 I provide results for the case in which all agents start

at zero wealth. All conclusions are unchanged, although the model with

initial zero wealth underestimates homeownership at earlier ages.

Appendix 3.2 briefly describes the solution method of the model.

3.6 Results

3.6.1 Untargeted moments, 1940s cohort

The model replicates life-cycle homeownership profiles and the patterns of

house buying by age for the 1940s cohort very well (Figure 31, top panel).

Both in the model and in the data, most households become homeowners

between ages 20-35, and then the share of households that live in their

own home stabilizes around 80%.

It also generates a share of households participating in the stock market

that increases like in the data (Figure 31, bottom left panel). Standard

portfolio choice models struggle to generate the low levels of participatino
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observed amongst the young. In the model, young households do not par-

ticipate in the stock market because they are concentrating their resources

in saving for a downpayment and starting to pay their mortgages, rather

than spending time and resources in acquiring information and access to

the stock market.

Many households hold mortgages at the same time as they start in-

vesting in stocks. The model’s flexibility implies that it replicates this

fact, which is relevant for household wealth accumulation and to replicate

household liquidity positions. Figure 31, bottom right panel, shows that

in the model households pay back their mortgages slowly, a feature which

is not targeted in the calibration nor in the model definition of mortgage,

which does not include products like fixed 30-year loans. Thus, the model

suggests that the horizon of available mortgage products closely resem-

bles what households would choose if they were to freely decide on their

repayment schedule.

The model is also successful in replicating portfolio patterns by wealth

(Figure 32 reports them for the retirement age to avoid confounding life-

cycle effects in the wealth distribution). As stressed in e.g. Gomes and

Michaelides (2005), a standard portfolio choice model would yield stock

holding patterns which are mildly decreasing rather than increasing in

wealth, while the latter is true in the data. In this model, households of

low to middle income buy houses and concentrate a large part of their

resources in their residential investments instead of acquiring information

and access to the risky stock market, which helps to explain why their

participation rate is relatively low. Besides, the correlation between labor

income risk and stock market returns further reduces their incentives to

participate in the stock market. Richer individuals, on the other hand,

have sufficient resources available even after buying their homes, and they

invest them in the stock market, in which they reap higher returns that

in turn make them wealthier. They still choose to keep some liquidity,

but, like in the data, it is a very small proportion of their total amount of

assets.
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Figure 31: Life-cycle profiles for the 1940s cohort. Top left: homeownership by age;
top right: proportion of households buying a house by age; bottom left: stock market
participation; bottom right: percentage of all households with a mortgage by age.
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Figure 32: Bottom: portfolio shares of assets by wealth decile at retirement age (left:
PSID data, right: model).
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3.6.2 Explaining intergenerational differences in homeowner-

ship

Keeping constant the preference parameters that I have calibrated to the

1940s cohort, I now turn to studying which are the key intergenerational

changes that explain the reduction in homeownership for younger cohorts.

In this experiment, cohorts differ in four ways. First, younger cohorts

face more unequal and riskier earnings processes, as described in Section

3.2.1. Second, the exogenous house prices and stock returns correspond to

those that each generation actually faced, thus implying that, for younger

generations, the median earner needs to spend more years of income to

buy a house. Third, there have been changes in financial conditions. On

the one hand, different mortgage products were available to the 1980s gen-

eration during their homebuying years, which I replicate as a reduction in

downpayment requirements. Namely, I assume that the maximum LTV

ratios of mortgages increased from their baseline level of 80% to 100%

between 2000 and 2010, after which they unexpectedly went back to nor-

mal.55 On the other hand, I reduce stock market participation costs to

match the stock market participation profile (see Section 3.6.3). Fourth, I

input to each generation their specific average demographic profile by age,

which captures the effect on consumption needs of differential timings in

marriage and childbearing.56 For a cleaner comparison, the initial condi-

tion that captures the percentage of households that enter the model as

homeowners does not change across generations.57

Figure 33 shows the homeownership rates for each of the three cohorts

in the data, compared with the profile implied by the model. The line for

the 1940s replicates what I have shown in Figure 31. Notably, keeping

preference parameters and mortgage conditions constant, the model very

closely replicates the decrease in homeownership that occurred between

55Duca, Muellbauer and Murphy (2011), using American Housing Survey data, show that average
LTV ratios for first time buyers, which were stable around 0.80-0.85 in the 1980s and early 1990s,
jumped up to 0.90-0.95 during the 2000s. Glaeser, Gottlieb and Gyourko (2012) use housing industry
data and show that for most of the 1998-2008 period the 75th percentile of LTV ratios at origination
was above 95%, with the 90th percentile consistently around 100%.

56Appendix 3.3.7 represents these OECD equivalence scales, obtained from PSID data, for each
of these generations

57This assumption is conservative, as it is likely that this percentage has been decreasing over
time, as labor market entry takes place later for younger generations.
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the 1940s and the 1960s cohort.

Once the transformations in the financial sector are taken into account,

the model is successful in explaining the homeownership profile of the

1980s cohort (dotted blue line in Figure 33). When they are ignored,

the model generates later homebuying decisions and lower homeownership

rates for the 1980s cohort. This difference suggests that the changes in

financial conditions were key to prevent homeownership rates of younger

cohorts to plummet in a context of unstable, unequal earnings and high

house prices.
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Figure 33: Homeownership by cohorts, data vs. model

3.6.2.1 Decomposing the decrease in homeownership

I now turn to evaluating, using the model, which are the key factors that

drove the decrease in homeownership. Table 7 shows the results of a

Shapley-Owen decomposition in which I evaluate the relative contribu-

tions of six key elements in explaining the reduction in homeownership at

different ages: initial earnings inequality, earnings risk thereafter, changes

in average housing price-to-income ratios, histories of aggregate shocks,

average demographic structure at each age, costs of participation in the

stock market and, for the 1980s generation, changes in financial condi-

tions. Given that these are the only differences across cohorts in the

model, changing all of them to their corresponding values for the 1940s
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generation would imply replicating the model-implied profile for the 1940s.

Thus, by counterfactually changing them one by one I can quantify their

relative contribution to the difference between the observed profile for a

given generation and that of the 1940s.58

1960s generation 1980s generation

Age 30 40 50 30 35

Total -9 -8 -9 -14 -22

Earnings 68 48 15 73 38

initial inequality 61 25 -17 41 14

risk 7 23 32 32 24

Aggregates 33 45 91 90 74

house price trend 63 79 46 45 47

histories -30 -34 45 45 27

Financial conditions 1 -2 -3 -63 -15

stock participation costs 1 -2 -3 5 0

borrowing conditions 0 0 0 -68 -15

Demographics -2 9 -3 0 3

Table 7: Contribution of each factor in the change in homeownership with respect to
the 1940s generation (% of the change), by age

Changes in earnings dynamics are a key driver of the decrease in home-

ownership rates, although the magnitude of their contribution varies by

ages and generations. At age 30, changes in labor market outcomes ex-

plain 68 percent of the homeownership gap of the 1960s generation with

respect to that born in the 1940s, mostly due to initial earnings inequality.

With a more unequal earnings distribution, and little average increases in

earnings, households in low ranks of the income distribution have lower

initial and expected lifetime earnings than their counterparts in older gen-

erations. These households face two issues when they decide whether to

buy a house. First, they are financially constrained, as they need to save
58All elements in the decomposition have potential interaction effects, which means that shutting

them on and off alternatively would not sum to 100% of the changes observed. The Shapley-Owen
decomposition allows to obtain the total contribution of each element to the change by considering
its contribution to every possible permutation of the other factors being on and off, and averaging
over all of these.
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for a downpayment and pass an income test. Second, they are aware that

having a large mortgage with respect to their incomes is risky, as negative

shocks could take them to a situation in which they must reduce a lot their

nondurable consumption to make mortgage payments. Thus, in a period

of relatively low rental prices, they choose to be renters. For some this is

a delay in the decision to buy houses, but for some this state is relatively

persistent. At age 40, earnings dynamics still explain almost half of the

homeownership gap between generations.

Earnings inequality and risk are closely linked. Even with a constant

variance of shocks, higher inequality in the earnings distribution implies

that shocks affect people differently. However, to get an intuitive idea

of the role of risk, I also check the contribution of changes in earnings

dynamics over and above initial realizations. At age 40, at constant ini-

tial inequality, riskier earnings explain 23% of the drop in homeownership

rates. The higher volatility of earnings discourages households from engag-

ing in a large, risky expenditure like a house. At later ages, the dependence

on initial earnings realizations progressively dies out and it is harder to

disentangle the effects of initial inequality and risk.

The intuition about earnings inequality and earnings risk is supported

by the empirical evidence shown in Figure 34. The gap in homeownership

rates between the 1940s and 1960s generations is larger for the lowest

earners, which is consistent with the contribution of earnings inequality,

but there are also differences all across the earnings distribution, which is

consistent with the role of earnings risk.

House prices have increasing relevance to explain the decrease in home-

ownership as the 1960s generation ages. Initially, this generation entered

the labor market in a period of cylically low house prices, which explains

the negative contribution to homeownership of aggregate shocks. In the

absence of all other factors, the model predicts that homeownership rates

for those born in the 1960s given their histories should be larger than that

of the 1940s until age 40. Then the 1960s generation lived through the

2000s boom in house prices. While at the beginning this might have en-

couraged them to buy houses as an investment, eventually their cost was

too large and some households in this generation decided to either wait
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until prices decreased or stay as renters.

Despite later household formation and a lower number of children for

younger generations, the change in the average number of people in a

given household at each age (θt in the model), which affects consumption

needs, has a very small effect on homeownership rates.59 The same applies

to changes in stock market participation costs, which I describe in more

detail in Section 3.6.3.

The 1980s generation entered the labor market in a radically different

period. House prices were high both from a secular and cyclical perspec-

tive, but financial constraints were laxer. Prices alone would have ex-

plained almost all (90%) of the drop in homeownership at age 30, but the

lower downpayment requirements counteracted two thirds of the potential

decrease.

The remainder of the difference, over 70 percent, is accounted for by

earnings dynamics. For this generation, earnings risk is more relevant than

for the 1960s group, which is consistent with the empirical observations in

Figure 23 and also with Figure 34, which shows that there was a decrease

in homeownership also for the relatively higher earners in this generation.
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Figure 34: Homeownership by cohorts, by percentile of the earnings distribution at
age 35

To more precisely understand the role of earnings dynamics in explain-
59This study abstracts from cross-sectional heterogeneity in marital status and fertility choices,

which would be an interesting avenue for future research.
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ing lower homeownership rates, Figure 35 represents two counterfactual

experiments. First (dashed lines), it shows what happens if we attribute

the earnings process of the 1940s generation to the younger generations,

whilst keeping all else constant. Second (dotted lines), it shows what

happens if we keep the initial distribution as observed for each of the gen-

erations, but attribute to all of them the earnings risk associated with the

1940s cohort. These experiments are different from the previous decom-

position because they also take into account possible interaction effects

between factors.
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Figure 35: Homeownership by cohorts, the role of earnings risk vs earnings inequality.
Left: 1960s generation; right: 1980s generation.

For the 1960s cohort, attributing them the 1940s earnings process

would go a long way in closing the homeownership gap between them

and the earlier 1940s cohort. For the 1980s generation, endowing them

with the earnings inequality and risk that correspond to the 1940s cohort

would imply a homeownership rate more than 10 percentage points larger

just before age 35.

The results of the risk counterfactual (dotted lines) are close to those

of the baseline model, particularly for the 1960s generation. Thus, the

reduction in homeownership for this generation is mostly related to the

lower earnings of people in lower ranks of the distribution, rather than

earnings risk. The role of the latter is more relevant for the 1980s cohort.

In all of these experiments, earnings dynamics are computed on house-

hold income, so they embed other factors that changed over the genera-

tions such as the timing of family formation. However, these results are
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robust to focusing on married couples alone.60

Additionally, these counterfactual experiments assume that housing

supply is perfectly elastic and so house prices would not react to the in-

crease in housing demand induced by the change in the earnings process.

In Section 3.6.4 I relax this assumption and show that a reduction in earn-

ings inequality and risk would imply a significant increase in homeowner-

ship for younger cohorts even if we assume that the increase in demand

would drive prices up.

3.6.3 Explaining the changes in stock market participation

Understanding the increase in stock market participation documented in

Section 3.2.5 requires taking into account not only the changes in earnings

dynamics and asset returns, but also the progressive reduction in the cost

of access to financial markets over time, which is partially related with the

introduction of tax-advantaged, employer-sponsored retirement plans.61

Figure 36 shows the implications of the model in terms of stock market

participation when these changes are taken into account. More specifically,

it assumes that stock market participation costs are 30% lower for the

1960s and 70% lower for the 1980s generation than they were for the 1940s

generation, and additionally that the initial share of people with positive

participation in the stock market has increased over the generations from

just below 20% to 25% and 30%. Both of these changes capture the

reduction in information costs and the effect of auto-enrolment.62

If the reduction of stock market participation costs is not taken into

account, even under the assumption that the initial condition has changed,

the profiles generated by the model are counterfactual (central panel of

Figure 36). Indeed, the model would predict a reduction rather than an

increase of stock market participation over the generations.

The fiscal incentives of IRAs and 401(k) are also not sufficient to ex-

plain the increase in stock market participation (right panel of Figure 36).

To gauge this explanation, I modify the nature of the financial asset or
60See Appendix 3.5.4.
61See Section 3.2.4 for details on these and the timing of their introduction.
62Appendix 3.5.5 shows that changing the fixed cost of participation for per-period participation

costs can generate similar patterns.
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Figure 36: Stock market participation by age and cohort, data vs model. Top left:
main model; top right: constant participation costs; right: constant participation
costs, stocks with 401(k) tax properties

stock ft in the model to closely replicate a 401(k). I keep participation

costs constant across generations, but assume that contributions to the

account are tax-exempt below a certain limit, the interest it generates

is tax free, households pay income tax on all amounts withdrawn, and

there are penalties for withdrawal before age 60 (10%). Households in the

model would react negatively to these features and invest less on the fi-

nancial asset because of its illiquidity, which makes it costly for househols

to withdraw from their stocks in response to a bad labor income shock.

3.6.4 Adjusting housing prices

The counterfactual experiments presented so far abstract from general

equilibrium effects. However, as the earnings process for the 1960s and

1980s cohort counterfactually changes, so do household decisions, which

may impact the evolution of aggregate prices in the economy. It is likely

that the increase in housing demand would have had equilibrium effects

manifested in an increase in house prices, which could dampen the increase

in homeownership rates implied by the experiments.

As such, all results so far can be seen as an upper bound of the pos-

sible effects of income dynamics on homeownership, calculated under two

equivalent assumptions: either housing supply is perfectly elastic or a non-
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modelled investor owns all rental housing and is willing to sell or buy any

of it at the observed prices.

In this section, I provide an approximation to these equilibrium effects.

I assume that housing supply can be summarized by an isoelastic supply

function with elasticity of 1.75, an empirical value estimated for the aver-

age U.S. metropolitan area by Saiz (2010). Then I compute the variation

in housing prices induced by the increase in housing demand, and find

homeownership rates for each cohort under those new prices.63

Figure 37 compares the homeownership rates by age and cohort be-

tween the baseline (solid lines), the counterfactual with fully elastic hous-

ing supply (dashed lines), and the counterfactual with empirically de-

termined housing supply elasticity (dash-dot lines). Although naturally

homeownership is a bit lower for most cohorts and ages, the joint effect of

earnings inequality and risk is still very relevant.
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Figure 37: Homeownership by cohorts, benchmark vs. counterfactual earnings pro-
cesses, empirical housing supply elasticity. Left: 1960s generation, right: 1980s gen-
eration.

Therefore, both experiments show that the effect of income dynamics in

homeownership is large and can explain a significant amount of the changes

in homeownership over the generations, even if we allow for adjustments

in average house prices.64

63Throughout these experiments, from the perspective of households, house prices are still ex-
ogenous shocks. Appendix 3.4.1 contains more details on how the computations in this section
are performed and also shows results with fully inelastic housing supply. In this section, I assume
households are born with zero wealth.

64A more detailed approach could imply modelling the housing supply and rental market sectors,
together with a realistic representation of housing devaluation and renovation, and thus obtaining
a more flexible formulation of the housing supply function. While such a study could shed light
on slow-moving dynamics of housing prices, it is beyond the scope of the model presented in this
Chapter given current computational constraints.
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All results in this section still assume that stock market returns and

income dynamics are exogenous. The stock market is very integrated in-

ternationally, so it is less harmful to assume that the US behaves like a

small open economy in terms of stock market returns and thus changes

in household demand for stocks do not impact stock returns. With re-

spect to income dynamics, the model is already capturing very well their

changes over the cohorts and the business cycle, and endogeneizing them

would imply losing much of the data-driven richness that is key for the

mechanisms considered. However, both are interesting questions that are

left open for future research.

3.7 Implications

3.7.1 Reaction to shocks: consumption and homebuying deci-

sions

3.7.1.1 Generational changes

These secular changes in earnings dynamics, wealth accumulation, and

portfolio composition have impacted the way households react to shocks.

As a simple representation of these, Figure 38 (top left panel) plots Blun-

dell et al. (2008) (BPP) insurance coefficients, which represent the percent-

age of a given shock to persistent earnings that does not get translated

into nondurable consumption. The larger this coefficient, the lower the

pass-through of earnings shocks to consumption. The decreasing value of

this coefficient suggests that younger generations are less insured against

income shocks and thus display larger consumption responses when these

shocks hit. This is closely related to the reduction in average wealth ac-

cumulation for younger generations (Figure 38, top right panel).

The bottom left panel represents the average marginal propensity to

consume. in the model, by age and cohort, as a response to a one-off

marginally small wealth shock. We observe a strong life-cycle pattern,

where MPCs are larger for the youngest, who have lower amounts of wealth

to use for self-insurance purposes than the old. These have also increased

slightly over generations at earlier ages, suggesting that they are more

reactive to shocks.
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However, the fact that younger generations own less housing and thus

less illiquid wealth has helped to mitigate this effect. The bottom right

panel of Figure 38 shows that, if we attribute to younger generations the

portfolio of older generations, their MPCs would be even higher.
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Figure 38: Household responses to shocks. Top left: Blundell et al. (2008) coefficients.
Top right: average net worth. Top bottom: average marginal propensity to consume,
by age and cohort. Bottom right: including case in which household portfolios are
fixed to their 1940s value.

3.7.1.2 Shocks to the aggregate state and the Great Recession

The Great Recession affected both the labor market, the housing market,

and the stock market. The model considers explicitly both the histories

and the portfolio positions of the different generations that formed the

cross-sectional distribution of the economy in 2008, and as such it can shed

light on the relative importance of these shocks in explaining household

reactions in terms of consumption and homeownership. Furthermore, it

provides a measure of how negative housing price expectations need to be

in order to generate a large decrease in homeownership as a response to a

large decrease in house prices such as that occurred in 2008.65

65According to the US Census Bureau, homeownership dropped by around 1.5% between its peak
in 2006 and two years later. While their definition of homeownership is different from mine (see
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Figure 39 shows how an economy that replicates that of the US in

2006 reacts in terms of consumption and housing demand to, respectively,

a recession that affects the labor market (red line), a recession with a

housing price decrease of 13.5% in two years, which is approximately the

observed value for the US between 2006 and 2008 (yellow line), and a

recession with a housing price decrease and a negative shock to house

price beliefs about the future (purple line). Namely, households, upon

seeing the negative shock, expect house prices to start decreasing at 1.8%

per year until the negative growth regime is reversed. This is the average

decrease that households expect in the model for negative house price

growth regimes.66 In all cases, the counterfactuals are computed with

respect to the case in which none of these events had happened.

Two main messages are apparent. First, looking at the left panel of

Figure 39, we observe that the shock to house prices substantially con-

tributed to the reduction in consumption by more than 1.5 percentage

points with respect to a standard recession, leading to a decrease in the

region of 2-2.5%, depending on the assumptions about housing price be-

liefs (purple and yellow lines). In the data, consumption dropped 3.4%

from peak to trough (De Nardi, French and Benson, 2011).

Second, despite the decrease in homeownership associated with a re-

cession (red line), households react to the decrease in house prices by

buying housing because it has become relatively cheap from an intertem-

poral perspective. An expected persistent decrease of 1.8% a year in house

prices reduces the incentives to buy housing, but still generates a positive

response of homeownership.

In order to reconcile the dynamics of both homeownership and con-

sumption that we observe in the data with the model, it is necessary to

take into account that perspectives on the housing market were particu-

larly bleak during the Great Recession. Namely, I study the case in which

households are hit, in 2006, by an unexpected belief shock that implies

that they expect house prices to start decreasing by 3.5% each year now

and in every future negative house price growth regime (green line).67

Section 3.2.5), I use it as a reference for this section.
66Appendix 3.4.2 contains more details about how this experiment is performed.
67The model is biennial, so this timing assumption approximates the fact that house price expec-
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With these assumption on housing beliefs, which is relatively conservative

with respect to the actual decrease observed during the Great Recession,

the model generates a drop in homeownership and average consumption

that broadly aligns with what we observe in the data.
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Figure 39: Effects of shocks: left, consumption; right: homeownership.

3.7.2 The future of the 1980s generation

These changes in earnings dynamics and asset returns impact the wealth

distribution across generations and social mobility, and can have long-

lasting effects that affect the life experiences of the youngest cohorts when

compared with older ones. I now turn to using the model to predict, under

several assumptions for the evolution of the exogenous earnings process

and house prices, the evolution of homeownership rates and other economic

variables for the 1980s generation beyond 2015-2020.

In my main experiment (Figure 40, left panel) I assume that house

prices will continue to grow on average with respect to median income at

a rate of 1.5% per year, and that the earnings process of the 1980s cohort

will be that of the 1960s or 1940s cohort for all unobserved years. I then

simulate 1000 possible histories of the realizations of house price shocks

and aggregate states, consistently with their conditional probabilities in

the sample I observe, and plot the median homeownership rates. The

dotted lines are percentiles 2.5 and 97.5 within the simulations.

The right hand side panel of Figure 40 shows alternative scenarios.

The black solid line represents the case in which the earnings process of
tations and house prices evolve continuously rather than in a discrete manner. A quarterly version
of this model could relax this assumption and generate smoother homeownership profiles.
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the 1980s cohort, rather than reverting back to that of the 1940s and

1960s cohort, stays constant from age 35 onwards. Finally, the black

dot-dash line represents the case in which house prices are assumed to

become constant with certainty with respect to median income from age

35 onwards. For clarity, confidence bands are not reported. Broadly,

the median realization of all of these scenarios implies that households

born in the 1980s take longer to buy houses, but eventually reach the

homeownership rate of the 1960s generation. However, in a large set of

scenarios less than 70% of households own houses at age 60.
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Figure 40: Homeownership: projecting the 1980s cohort into the future

Figure 41 shows associated wealth accumulation profiles for the main

experiment. The model predicts slower wealth accumulation for the 1980s

cohort, although they eventually reach the 1940s cohort in terms of housing

wealth, and most notably that for this generation financial wealth will

become an increasing part of their portfolios, particularly if I consider

that the cost of access to financial markets is now lower.68

However, these averages mask distributional effects. Figure 42 com-

pares the 1960 and 1980s generations by their wealth positions around

age 35, and shows that for much of the wealth distribution the increase in

stock market participation has not compensated the lower accumulation

of housing wealth. Besides, the lower level of housing assets (right panel)

shows that the 1980s generation can miss out on potential house appreci-

ations. Thus, the substitution of financial wealth for housing wealth can
68These results abstract from possible general equilibrium effects on stock returns induced by the

increased accumulation of financial wealth. Appendix 3.5.3 shows that a reduction of 2% in average
stock returns would still imply an accumulation of financial wealth comparable to the 1940s cohort.
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Figure 41: Wealth accumulation: projecting the 1980s cohort into the future. Top:
constant stock market participation costs across cohorts; bottom: reduction in stock
market participation costs for 1980s cohort. Units are multiples of average income.

be related with an increase in wealth inequality. Table 8 shows the wealth

Gini index at retirement for the two older generations and for two dif-

ferent simulations for the 1980s cohort, which differ only in stock market

participation costs kf . The model generates an increase in wealth inequal-

ity between the 1940s and 1960s cohort, as we observe in the data, and

predicts that, unless stock market participation costs are substantially re-

duced, wealth inequality will continue to grow. This increase in inequality

happens because less households accumulate housing wealth and financial

assets are still concentrated amongst the rich. The model predicts that,

for wealth inequality not to grow for the 1980s cohort, stock market par-

ticipation costs need to be reduced such that more than three quarters of

the population have access to the stock market by age 60. The larger the

share of households that participate in the stock market, the stronger the

negative effect on wealth inequality.

In any case, the model underestimates total wealth inequality, as it

does not include a set of elements that are important to explain it, such

as entrepreneurship or intergenerational links (De Nardi and Fella, 2017).

The extent to which these vary over the generations will also have a de-
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Figure 42: Net worth by wealth percentile, ages 30-40, by generation. SCF data.
Units are multiples of average income. For clarity, the top 5% and bottom 15% of the
wealth distribution are not reported.

Generation 1940 1960 1980

Reduction in kf - - 0% 70%

Implied participation at 60 53% 56% 59% 87%

Wealth Gini, data 0.78 0.83 - -

Wealth Gini, model 0.50 0.53 0.57 0.52
(0.026) (0.017)

Table 8: Wealth Gini at retirement, data vs model. The data is obtained from
people aged 55-64 in the SCF (2001 and 2016 SCF for the 1940s and 1960s cohort
respectively). For the model, standard errors from simulation are in parentheses.

terminant effect on the evolution of wealth inequality.

3.8 Extensions and alternative specifications

3.8.1 Canonical earnings process

I now to turn to evaluating to which extent a canonical earnings process,

such as that described by Equations 26-28 in Section 3.3, with changes

over generations, can explain the observed changes in homeownership. I

obtain its parameters by fitting the cohort-conditional profiles of variances

and autocovariances over the life-cycle.69

Based on these estimated processes, I recalibrate the model for the

1940s cohort following the same procedure as in my main results, and

then simulate the model for the 1960s and 1980s cohort changing only
69Appendix 3.4.3 shows the estimated parameters for the canonical process. For this experiment

I assume that households start life with zero wealth.
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earnings process, asset returns, and financial conditions. Figure 43 shows

that the model also generates a decrease in homeownership rates across

cohorts, which supports the argument that changes in earnings inequal-

ity and earnings risk are key drivers of the observed changes. However,

the canonical process substantially overestimates this intergenerational de-

crease. Earnings are estimated to be a random walk or close to it, and

thus the effects of large initial inequality are more persistent than in the

more flexible process proposed in this Chapter.
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Figure 43: Homeownership by cohorts, data vs. model, canonical earnings process

Additionally, as argued in Section 3.3.1.2, this process has a set of coun-

terfactual implications. It does not replicate the countercyclical skewness

of earnings and it implies increases of average earnings when recessions

hit. Besides, as shown in recent literature (Gálvez, 2017), it also gener-

ates counterfactual implications for stock market participation decisions.

Appendix 3.4.3 shows that, in the case of this model, the canonical process

generates a counterfactually steeper profile for stock market participation.

3.8.2 Other extensions

Appendix 3.5 shows a set of robustness checks. They show that starting

households at zero wealth or at an empirical level of initial wealth, consid-

ering changes in marital dynamics and family formation, per-period stock

market participation costs, local correlation of income shocks and house

prices, and alternative versions of the discretization of houses do not affect

the main messages in this Chapter.
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3.9 Conclusion

In this Chapter, I study how changes in earnings dynamics over different

cohorts have affected their homeownership and portfolio choice decisions.

First, I provide empirical evidence, extracted from PSID and SCF data

dating back to the 1960s, that there has been a secular increase in house-

hold earnings inequality and risk, together with substantial reductions in

homeownership and an increase in stock market participation.

Second, I design a flexible earnings process with a business cycle com-

ponent that accomodates rich, non-normal, non-linear features of earnings

risk whilst allowing it to be correlated with the aggregate performance of

the economy and asset returns. I find that this process replicates impor-

tant features of earnings dynamics and their variations over the age and

earnings distribution, including the sluggish recovery after a recession.

Third, I develop a rich life-cycle model of housing and portfolio choice

that is able to generate key life-cycle and cross-sectional patterns with

a relatively parsimonious parametrization. Key elements are a taste for

owner-occupied housing, a minimum size for houses, transaction costs,

and stock market entry participation costs. I use the model to explain

the intergenerational changes I observe in the data without the need of

assuming preference changes across generations. Differences in earnings

dynamics account for more than half of the reduction in homeownership

at ages 30-35.

Looking at the broader implications of my findings, they suggest that

taking into account intergenerational changes is important to study house-

hold earnings, consumption, and wealth accumulation. At any point in

time, the cross-sectional distribution of the economy is formed by many

different households who have lived through different histories of shocks

at different points in their lives. Acknowledging this fact matters to un-

derstand the economic decisions that have led them to be where they are

today, and thus to infer parameters to study the effects of policies or the

evolution of the economy.

Besides, these results are of interest to policymakers who care about

homeownership, intergenerational redistribution, and the evolution of in-
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equality. For instance, the model suggests that reducing the costs of ac-

cess to financial markets can spur wealth accumulation for middle income

households, thus reducing overall wealth concentration.

Finally, this Chapter also adds to a burgeoning literature that, based

on elements from household finance, points out that considering household

portfolio compositions is important to answer many macroeconomic ques-

tions, such as consumption responses to shocks or wealth accumulation

over the life cycle.
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Conclusions

This thesis investigates household earnings dynamics in the United States

and in the Netherlands, their changes over time, and their impact on con-

sumption, homeownership, and household portfolio composition. Each

chapter has its own conclusions, but all three point to the fact that study-

ing the features of labor market income is key to understand consumption

and wealth inequality.

The distributions of consumption and wealth are of great importance to

both academics and policymakers. While the former is closely related with

the cross-sectional distribution of welfare (Blundell and Preston (1998)),

the latter reflects more persistent differences across households, is more

unequal, and has important implications for growth, mobility, and many

other economic, social, and political considerations.

In this thesis, I have shown that household earnings face unfrequent

but relatively large shocks, that large negative shocks are more likely than

large positive earnings shocks, and that persistence and earnings volatility

vary significantly over the age and the earnings distribution. I have also

shown that these features of earnings have changed over time, and that,

particularly in the case of the Netherlands, the government substantially

insures households against these fluctuations. Jointly with these facts on

earnings, I have shown that also homeownership and the composition of

household portfolios have changed over time, which has had an impact on

the distribution of wealth within the bottom 95% of the wealth distribu-

tion.

I have then proposed two structural models that incorporate these

important features to explain, respectively, the growth of consumption

inequality over the life cycle and these changes in homeownership and

household portfolios. The first of these models, in Chapter 2, is based on

a very simple asset structure, but delivers a key message: households are

aware that their earnings can suffer relatively large shocks and partially

self-insure against these fluctuations. The second model, in Chapter 3,

is much richer in its asset composition. It suggests that these changes

in earnings dynamics over generations, together with changes in asset re-
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turns and financial conditions, can rationalize the observed decrease in

homeownership rates without assuming that younger generations do not

want to buy houses anymore. Thus, it provides useful lessons for both aca-

demic research and policymakers who might be worried about the drop in

homeownership rates.

Additionally, this thesis provides several technical contributions. It

suggests, in Chapter 2, an easy way of incorporating rich household earn-

ings dynamics intro macroeconomic models. In Chapter 3, it enriches that

process with business cycle and intergenerational variations. Furthermore,

in Chapter 3 I propose and solve a life-cycle model which is richer in its

asset and risk structure than it has been previously done in the literature.

I look forward to developing these themes further in my research agenda,

and hope that the contributions in this thesis are useful for future re-

searchers, policymakers, and the general public debate.
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A Appendix to Chapter 1

1.1 Dutch male wages, computed using actual hours

worked.

Figure A.1: Dutch male wages, computed using actual hours worked. Wage per-
sistence (top left) and following moments of wage changes: standard deviation (top
right), skewness (middle left), Kelley’s skewness (middle right), kurtosis (bottom left),
and Crow-Siddiqui kurtosis (middle right), by age group and previous earnings per-
centile.
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1.2 Non-robust measures of skewness and kurtosis

Figure A.2: The Dutch data: Non-robust measures of Skewness (left) and Kurto-
sis (right): male wages (first row) male earnings (second row) before-tax household
income (third row) after-tax household income (fourth row).
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1.3 Male earnings by recent earnings

Figure A.3: The Dutch data: Male earnings by recent earnings.

1.4 Household earnings and pre-tax income

Figure A.4 compares household earnings with household pre-tax income,

which is the sum of household earnings and capital income. The figures

are almost the same, indicating that allowing for capital income makes

little difference.
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Figure A.4: The Dutch data: household earnings (left) and household pre-tax income
(right)
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B Appendix to Chapter 2

2.1 PSID data

We use PSID data to estimate both the canonical and the nonlinear earn-

ings processes. In this Appendix we briefly describe the PSID, our sample

selection criterion, the precise variable definition we use and the details of

the estimation of the canonical earnings process.

2.1.1 The PSID

The Panel Study of Income Dynamics (PSID) follows a large number of

U.S. households over time and reports information about their demo-

graphic characteristics and sources of income. The PSID was initially

composed of two major subsamples. The first of them, the SRC (Survey

Research Center) or core subsample, was designed to be representative of

the U.S. population and is a random sample itself, including over 18,000

individuals living in 5,000 households. The second, the SEO (Survey of

Economic Opportunity) subsample, was created to study the characteris-

tics of the most deprived households. Later, Immigrant and Latino sub-

samples were also added to the PSID.

From 1968 to 1997, the survey was yearly. After 1997, it started having

a biennial structure. We only consider the SRC or core subsample because

the SEO oversamples the poor. After dropping the SEO and Latino sam-

ples we are left with a random sample, which makes computations simpler

since weights are not needed (Haider, 2001).70

2.1.2 Sample Selection

Since the model period is one year, we restrict ourselves to the yearly

part of the survey, and focus on the years 1968-1992. We have dropped

the 1993-1997 period because there was a major redesign of the survey in

1993. This affected the method through which information was collected,

with the introduction of computer-based surveys, and the definitions of
70It must be taken into account that the weighting of our final dataset can be affected by attrition

and by the fact that we are neglecting observations of yearly income under $ 1500 (expressed in 2015
dollars).
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some variables we use (for instance, asset income of other family members

was no longer available, and wife labor income was redefined). We have

verified that results are not sensitive to including these five years.

Following standard practice in the literature, we only consider indi-

viduals between ages 25 and 60. We consider all households, whether or

not male-headed. This differs from many other papers, but follows e.g.

Krueger, Mitman and Perri (2016).

We deflate values to 2013 dollars, and only keep observations with

earnings (as defined below) above $1500. This is also in accordance with

standard practice in the literature, where observations below a minimum

earnings threshold are dropped (De Nardi (2004) or Guvenen et al. (2016),

for instance).

2.1.3 Income Definition

For the estimation of our earnings process, we use after-tax equivalized

household earnings. We first construct nonfinancial pre-tax household

earnings using PSID data. Then, we estimate a tax function to obtain

after-tax earnings. Finally, we regress earnings on the number of family

members for the purposes of equivalization.

We now describe each of these three steps in detail.

2.1.3.1 Nonfinancial Pre-Tax Income

We construct nonfinancial pre-tax income closely following Guvenen and

Smith (2014). The procedure is based on subtracting all asset income from

total family income.

Before 1976, asset income was not directly available in the survey.

Therefore, we take total family income, subtract head and wife taxable

income (which includes labor and asset income) and then add back labor

earnings for head and wife independently.

From 1976, we consider all the available measures of asset income.

These include farm income, business income, rent and interests, with the

addition of gardening and roomers income (from 1978), and asset income

of family members other than head and wife (from 1984).
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We keep top-coded observations, but drop the very small number (8)

of households who, probably due to measurement error, would have non-

financial income below zero.

2.1.3.2 Tax Function

We obtain disposable labor income by subtracting an estimated measure

of taxes on labor income from nonfinancial pre-tax income.

We first compute the total amount of income taxes paid by households

by adding up the federal income tax variable (which is available in the

PSID until 1990) with a constructed measure of payroll (FICA and Medi-

care) taxes, which is based on applying the historical rates and caps to

labor earnings of husband and wife independently.

We then separate taxes on labor and asset income by running a regres-

sion of this total tax measure on nonfinancial income and its square, and

asset income and its square. This also follows Guvenen and Smith (2014).

The estimated coefficients allow us to predict taxes on labor income71,

which we subtract from nonfinancial pre-tax income to get after-tax labor

income.

2.1.3.3 Equivalization

We then equivalize after-tax nonfinancial disposable income by running a

regression of earnings on the number of family members and keeping the

residuals. We also extract year fixed effects.

2.1.4 Estimating the Canonical and Nonlinear Earnings Pro-

cesses

2.1.4.1 Estimating the Nonlinear Earnings Process

To finally implement the Arellano et al. (2017) procedure, we create a

sample with all sets of subsequent three-year observations (without re-

placement: once an observation in the PSID sample is in a 3-year set in

our sample we drop it). This implies that we are also dropping all of those
71We use the coefficients estimated in the sample 1968-1990 to predict taxes on labor income for

the period 1968-1992, given that the PSID federal income tax variable is not available for the last
two years of our sample.
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households that do not have three consecutive valid income observations

in the PSID.

We then follow the procedure described in Section 2.4 and the dis-

cretization explained in Section 2.5.

2.1.4.2 Estimating the Canonical Earnings Process

In Storesletten et al. (2004b) (and in many other papers in the literature,

e.g. Krueger et al. (2016)) the earnings process is estimated by fitting

a parametric process to the variance of earnings profile that we observe

in the data. The standard way is to compute the variance of earnings

by age-cohort-year cells, and then get the coefficients of a regression of

those on either age and year or age and cohort. For consistence with our

approach and with the consumption data we rely on, we use the one that

controls for year effects (see discussion below).

We follow a GMM procedure in which we minimize the distance of the

estimated process to the profile of variances and first-order autocovariances

of earnings over the life cycle72. The weighting matrix is the identity

matrix.

The canonical earnings process in equations (6)-(8) implies (for t > 1)

yit = ρt−1ηi1 +
t∑

j=2
ρt−jζij + εit (B.1)

from which

var(yit) = ρ2(t−1)σ2
η1 +

t∑
j=2

ρ2(t−j)σ2
ζ + σ2

ε . (B.2)

and

cov(yit, yi,t+1) = ρ2t−1σ2
η1 +

t∑
j=2

ρ1+2(t−j)σ2
ζ (B.3)

follow, allowing to identify moments.

2.2 Computation of the Variances of Log Earnings

and Log Consumption.

We estimate the canonical earnings process described in Section 2.4.1 by

matching the variance and first autocovariance of log earnings.
72We describe in Appendix 2.2 how we compute these variances.
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To compute the variance of log earnings, which we report in Figure

13, we use the procedure described in Kaplan (2012) (Appendix C.3),

controlling for year effects, with our PSID data. More specifically, we

take log disposable and equivalized labor income ỹit, where i indexes the

household and t is the age of its head, and run the regression

ỹit = β′tDt + β′dDd + yit, (B.4)

where Dt and Dd are matrices with columns corresponding to a full set of

age and year (date) dummies, respectively. The vectors βt and βd are the

corresponding coefficients and yit the earnings residuals.73

We compute the variance of yit by age group as

V art(y) = 1
D

D∑
d=1

Nd,t∑
i=1

y2
it

Nd,t

 , (B.5)

where D is the number of years in the dataset, and Nd,t is the numerosity

of each age-year cell. This implies that the variance of earnings at age t

weighs equally the corresponding conditional variances of earnings in each

year.

We also compute the variance of yit by age group controlling for cohort

instead of year effect, s using the cohort counterpart of equation (B.5)

V art(y) = 1
K(t)

K(t)∑
k=1

Nk,t∑
i=1

y2
it

Nk,t

 , (B.6)

where K(t) is the number of cohorts containing individuals of age t and

Nk,t is the numerosity of each cohort-age cell.74 This approach weighs the

conditional variances from each cohort equally.

Under both approaches, we obtain very similar age profiles (Figure B.1)

and parameter estimates for the canonical process (Table B.1).

Turning to consumption, we compute the variance of log consumption

using data from the CEX for the period 1980-2007. Nondurable consump-

73As described in Appendix B, we use the earnings residuals from equations (B.4) to estimate our
earnings processes.

74The residuals used in equations (B.5) and (B.6) are the same. Given that year, age and cohort are
linearly dependent, the residuals from equation (B.4) are the same that would obtain from projecting
onto age and cohort dummies.
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Figure B.1: Cross-sectional variance of log earnings over the life cycle, cohort effects
vs year effects

σ2
ε σ2

η1 σ2
ζ ρ

Year effects 0.0620 0.2332 0.0060 1

Cohort effects 0.0669 0.2379 0.0057 1

Table B.1: Estimates for the canonical earnings process: cohort vs. year effects

tion includes food, clothing, gasoline, household operation, transportation,

medical care, recreation, tobacco, and education.

We compute the variance of log consumption following the same pro-

cedures that we use for the variance of log earnings. Namely, we deal with

year effects using the method proposed by Kaplan (2012) and equivalize

consumption with a regression on the number of family members. We have

also applied this procedure to OECD-equivalized consumption data and

verified that it yields very similar results to Heathcote, Perri and Violante

(2010) when they control for year effects.

2.3 Robust Measures of Skewness and Kurtosis

Figure B.2 represents a robust measure of skewness (Kelley’s skewness)

and a robust measure of kurtosis (Crow-Siddiqui kurtosis) for male pre-

tax earnings in the W2, and for both male pre-tax and household after-tax

earnings in the PSID.
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Equations B.7 and B.8 show that these measures are computed taking

into account specific percentiles of the distribution of earnings changes

and, as such, are robust to the effect of outliers. The inspection of B.2

shows that all of the main features highlighted in Section 2.2 are still

present in these more robust measures.

KS = (P90 − P50)− (P50 − P10)
P90 − P10

(B.7)

CS = P97.5 − P2.5

P75 − P25
(B.8)
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Figure B.2: Kelly skewness and Crow-Siddiqui kurtosis of male pre-tax earnings
growth in the W2 (top panel) and PSID (central panel), and of household after-tax
earnings growth in the PSID (bottom panel)
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C Appendix to Chapter 3

3.1 Data

The data used in this paper is taken mostly from the Panel Study of In-

come Dynamics (PSID) and the Survey of Consumer Finances (SCF). The

former is particularly valuable because it allows to follow several cohorts

of households over a very long period of time (1968-2013), and it is the

base for the estimation of the earnings process and most of the housing-

related measures. However, it contains, particularly in its earlier periods,

very limited information about stock market participation, wealth, and

financial asset allocation of households. For these measures I rely on the

Survey of Consumer Finances, which contains very detailed information

about households’ balance sheets. However, with limited exceptions, it

lacks a panel dimension.

I now briefly describe the characteristics of each of the surveys, the

sample selection criteria, and the estimation of the several targets and

profiles used in the paper.

3.1.1 PSID

The Panel Study of Income Dynamics (PSID) follows a large number of

U.S. households and their qualifying spinoffs since 1968 and provides in-

formation about demographic characteristics, sources of income, housing

status, and, since more recently, their wealth and consumption. When it

started, the PSID was composed of two main subsamples: the SRC (Sur-

vey Research Center), which was designed to be representative of the U.S.

population at the time and which is a random sample itself, and the SEO

(Survey of Economic Opportunity), which oversampled the poor. Later,

the PSID was augmented with the Immigrant and Latino subsamples.

The survey was yearly from 1968 to 1997, and started being biennial

since then. Wealth information was available in the 1984, 1989, 1994

waves, and from 1999 onwards, and has become progressively richer and

improved in quality. Since 1999 it broadly replicates the wealth inequality

patterns present in the SCF without oversampling the richest.
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For my main results, I drop the SEO, Latino and Immigrant samples

and am therefore left with a random sample, which makes computations

simpler given that weights are not needed (Haider, 2001). However, the

weighting of the final dataset can be affected by attrition and the sample

selection requirements. In Appendix 3.3 I report how different sample

selection and deflation procedures affect some key features of the earnings

process.

3.1.1.1 Measures and sample selection

In the PSID data, I define cohorts as follows:

• The 1940s cohort are the households whose head was born between

1940 and 1950. For the estimation of the income process, I increase

the sample size and consider households between 1930 and 1950. For

simulation purposes, I consider they were born in 1942.

• The 1960s cohort are households whose head was born between

1960 and 1970 (1950-1970 for the income process). For simulation

purposes, I consider they were born in 1962.

• The 1980s cohort are households whose head was born between

1980 and 1990 (1970-1990 for the income process). For simulation

purposes, I consider they were born in 1982.

Naturally, the changes in earnings dynamics, homeownership, etc. have

happened progressively over time and do not necessarily correspond with

the admittedly arbitraty boundaries set. To some extent, the features of

the 1940s earnings process are a weighted average of the earnings process

of people born between 1930 and 1950. However, including those allows

me to increase the sample sizes, and to obtain more observations of people

going through a recession at different ages.

For the earnings process, I assume that all business cycle effects are

absorbed by the business-cycle dependent process, so I do not extract

year effects. For the representation of changes in earnings risk and the

computation of age-efficiency profiles, I extract a linear yearly trend from

earnings data.
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The estimation of the household income process requires eliminating

households that display very low attachment to the labor market (whose

labor income in a given year is below a minimum level of $1500 in 2013

prices). This assumption is standard in the earnings processes literature

(see De Nardi et al. (2019) for details) and avoids issues related with taking

logs of very small numbers. Furthermore, I also drop those households for

whom there are no two consecutive observations available.

For the older ages of the younger cohorts, there are some cases in

which there are very few observations for a particular combination of the

labor market aggregate state, which are not sufficient for the estimation

of the flexible parameters. In those cases I replace the missing cohort-age-

states with their correspondent levels of the previous cohort. This affects

the 1960s cohort after age 50 for the states of recovery and staying in a

recession, and the 1980s cohort for all states related to a recession after

age 30. I follow a similar procedure for years which are not yet observable

(1980s cohort from ages 35-40), and provide some robustness checks with

respect to this assumption in Section 3.7.2.

For all of the other measures reported in the paper (homeownerhip,

etc.) none of these restrictions are imposed. In particular, I do not re-

quire the sample to be composed of the same households in every year.

This allows me to keep a bigger sample, but implies the assumption that

any attrition or nonresponse happens randomly and does not affect the

evolution of the measures reported.

With respect to the two types of housing, “detached houses” are those

defined in the PSID as “detached single family houses” and “non-detached

houses” are all other types of structures (including 2-family houses, apart-

ments, etc.).

From 1968 to the end of the sample, housing PTI ratios are computed

as the ratio of the median house price reported by PSID homeowners to

median household income in the PSID. In order to estimate the evolution

of housing PTI ratios before the start of the PSID (as agents are born

with age 20 in the model, they live in the model from 1962 to 1967), I use

the housing data provided by Robert Shiller (Shiller, 2015) and assume

the PTI to be above trend whenever the house price index is above its
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trend and viceversa.

3.1.1.2 Tax progressivity

As explained in Section 3.4.4, the model explicitly includes the choice be-

tween taking the standard deduction or itemized deductions. However,

this implies that the tax progressivity coefficient τ in Equaton 43 needs

to be reestimated, because in previous studies, such as Heathcote et al.

(2014), it was computed taking into account the existence of itemization

and the standard deduction. Removing the standard deduction from dis-

posable income implies a reduction of the progressivity coefficient, as it

is an important driver of progressivity in the US and other tax codes

(Blackburn, 1967).

To perform this estimation, I need to compute the counterfactual dis-

posable income or, alternatively, the counterfactual level of taxes paid T ∗it
by a household with pre-tax income yit in the absence of standard deduc-

tion or HMID. To do so, I first estimate the following equation in my PSID

sample:

log ŷit = λ1 + (1− τ1) log yit (C.1)

where ŷit is post-tax pre-benefit household income. I use the esti-

mated parameters from this equation to predict T ∗it, assuming that T ∗it =

log ỹ∗it − λ1 + (1 − τ1) log y∗it, where y∗it = yit + max(sd,HM), sd stands

for the standard deduction, and HM for the HMID that corresponds to

a given household. The basic assumption here is that the taxes paid by a

household with a certain level of income in the counterfactual world with

no standard deduction are the same as those paid by a household with

that level of income plus the deduction in the observed world. As for

the mortgage deductions, I define them to be the product of the average

mortgage interest rate in a certain year and the outstanding mortgage the

household claims to have in the PSID, as long as they are smaller than the

total mortgage payments the household has made in the previous year.

Once I have counterfactual taxes T ∗it, I construct counterfactual dispos-

able income (post-tax, post-benefit) ỹ∗it = ỹit + Tit− T ∗it, run the following
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regression:

log ỹ∗it = λ+ (1− τ) log yit (C.2)

and obtain τ = 0.085.

3.1.2 SCF

The Survey of Consumer Finances (SCF), conducted every three years

since 1983, provides information about the financial situation of US house-

holds. It contains detailed data on household balance sheets, income, and

other demographic characteristics. Given the focus on wealth, the survey

oversamples the rich, who hold most of the assets in the economy. To

do so, it combines an area-probability sample (geographical stratification)

with a list sample that guarantees that a sufficient amount of wealthy

individuals are included.

Apart from the 1983-2007 waves, I also consider the older historical

waves of the Survey of Consumer Finances made available by the Univer-

sity of Michigan. Namely, I consider the 1963, 1968, 1969, 1970, 1971, and

1977 waves to construct, where relevant, statistics like wealth to income

ratios or shares of stock market participants. While this data is less ex-

haustive than the recent waves of the SCF, it is the only source to provide

reliable information about household wealth and its composition for the

cohorts I am interested in before 1980. For a longer discussion, analy-

sis and harmonization procedures of these waves of the SCF, see Kuhn,

Schularick and Steins (2017).

I use the SCF to obtain stock market participation data. I consider a

household to be participating in the stock market if any of its members

hold stocks directly or indirectly via an IRA account, Keogh plan, mutual

fund or pension plan like a 401(k). For most of the waves the composition

of these funds is provided as a categorical variable, so for indirect holders

I consider them to be stockholders if they hold any such plan which is

formed of “mostly or all stock”.
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3.1.2.1 Bequest targets

The main bequest targets are based on Hurd and Smith (2001), who use

the Asset and Health Dynamics among the Oldest Old (AHEAD) study

from the Health and Retirement Study (HRS). This study focuses on

households whose heads were born in 1923 or before, which is significantly

earlier than the first cohort considered in this paper. Therefore, the be-

quest targets reflect bequests left by a generation which had potentially

different characteristics to the ones I consider.

Bequest data for the 1940s cohort is not yet available. However, SCF

data reveals that the generation born in the 1940s had accumulated around

30% more wealth at age 75 than the generation born around 1910-1920.

Thus, for the main version of this model I adjust the average bequest tar-

get by increasing it by exactly as much as average wealth increased at age

75 between these cohorts. This imperfectly captures several possible rea-

sons for holding more wealth during retirement (longer life expectancies,

different patterns of medical expenditure, different histories) - future data

on wealth decumulation by this cohort can impose more discipline on this

assumption. I do not adjust the targeted percentage of people with zero

bequests, but the calibration tends to underpredict it.

3.1.3 Higher order moments of earnings

I define skewness and kurtosis as the third and fourth standardized mo-

ments of log earnings changes, respectively. Kelley’s skewness (KS) and

Crow-Siddiqui kurtosis (CS) are defined following Guvenen et al. (2016):

KS = (P90 − P50)− (P50 − P10)
P90 − P10

(C.3)

CS = P97.5 − P2.5

P75 − P25
(C.4)

where P represents a percentile in the distribution of earnings changes.

Thus, Kelley’s skewness is more positive the further away the 90th per-

centile is from the median; and more negative the further away the 10th

percentile is from the median, while Crow-Siddiqui kurtosis is larger the

fatter the tails of the distribution are. I refer to both as robust mea-
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sures because they are less affected by outliers than standard skewness

and kurtosis.

3.2 Computational appendix

3.2.1 EGM method

For a given set of parameters, the model is solved using a combination

of value function iteration (VFI) and the endogenous gridpoint method

(EGM), following the algorithm described in Fella (2014).

The model has several discrete states (housing, aggregate state) and

continuous states (safe assets, risky assets, earnings). After the last period

of life (age T + 1), utility is known as it can be directly derived from the

bequest function (30). From then I proceed via backwards induction.

For any age t, given a set of states (y, a, f, h,m,Ω) we need to find the

policy functions for the household for current period’s consumption c and

next period’s safe assets a′, risky assets f ′, housing h′, and mortgages m′.

Using standard methods, this would imply computing the value associated

with each of the feasible choices and maximizing over the 4-D space (as

we can always solve for one of the choices using the budget constraint) to

find the optimal choice for each set of states.

Using the EGM method allows to substantially speed up the computa-

tion of a pair of these choices. For this paper, I use the EGM method to

solve the (c, a′) choice conditional on the f ′, h′ choice. For computational

purposes, m = −a, and I allow for the grid of f to include some points

that correspond to possible positive holdings of a. Given f ′ and h′, I use

the inverted Euler equation to compute the consumption choice c that

corresponds to each future choice of assets a′.

By the budget constraint, the sum of consumption and all savings

must equal current cash on hand. This means that, given f ′, h′ and the

pair c, a′ we have found with the Euler equation, we can interpolate the

endogenous grid of consumption to the exogenous grid of cash on hand that

is determined by the states in period t, and obtain the f ′, h′-conditional

choices of c and a′ for those particular states.

The only point left is to then run a nonlinear maximizer over the f ′
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and h′ choices, thus obtaining all required policy functions. Using this

procedure, the nonlinear maximizer is only run over a 2-D space, which

implies the algorithm is significantly faster.

The Euler equation does not necessarily hold in all scenarios for safe

assets (for instance, when the household is borrowing constrained with

no housing, or at the boundary of the condition that requires it to pay

interest on its debt). These situations are dealt with specifically.

3.2.2 Global minimization

I solve the model using FORTRAN 2008. Due to the large state space, it

is very computationally intensive - in a workstation with 44 cores it takes

roughly 25 minutes to solve for a given parametrization. In order to find

the parameter values that minimize the weighted square distance between

the targets and their values in the data, I use a modified version of the

NEWUOA numerical optimization algorithm.

I acknowledge the use of the UCL Myriad High Throughput Com-

puting Facility (Myriad@UCL), and associated support services, in the

completion of this work.

3.3 Intergenerational differences, alternative defini-

tions

The changes across cohorts described in Section 3.2 are based on the SRC,

which is the PSID’s representative sample of the 1968 US population and

their offpsring, are deflated with the CPI, and consider household earn-

ings for all households, whether married or not. In this Section, I describe

the qualitative and quantitative implications of considering three alter-

native approaches: picking the whole PSID and weighting it (Appendix

3.3.1), deflating with the PCE (Appendix 3.3.2), and selecting married

households only (Appendix 3.3.3).

3.3.1 Sample composition

In this section, I make use of the whole PSID rather than the SRC. Because

only the SRC is a random sample, this also requires making use of the
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PSID-provided weights. In the earlier years of the survey, this means

considering the Survey of Economic Opportunity part of the PSID, that

oversamples the poor; in later years of the survey, in particular after 1997,

it implies taking into account the immigrant population that has arrived

to the US since. Using the SRC rather than the whole PSID for the

main results leads to a cleaner comparison - keeping the offspring of the

same population of reference helps to ascribe the changes in labor market

dynamics to structural changes in the labor market, opportunities, and

family formation, rather than changing demographics across the whole

society. However, it has the disadvantage on missing out on additional

population growth of potentially different socioeconomic characteristics,

which has implications for house prices and more broadly any general

equilibrium effects.

Figure C.1 shows median and average earnings for this broader sample.

Including immigrants reduces the median earnings of younger cohorts with

respect to the oldest generation.
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Figure C.1: Median earnings (top) and average earnings (bottom), for household
heads (left) and households (right), 2013 dollars, sample including SEO and immi-
grants.

Turning to distributional features, we observe in Figure C.2 that con-

sidering all immigrants has the interesting implication that the difference
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between the 1940s and 1960s cohort is preserved, or even larger than be-

fore, but the difference between the 1960s and the 1980s cohort becomes

almost insignificant. While earnings have become more unequal for the

sons and daughters of the original PSID sample members, the entrance of

immigrants has contributed to reduce the variance of the earnings distri-

bution of the 1980s cohort with respect to the 1960s.
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Figure C.2: Standard deviation of log earnings (left) and earnings changes (right),
sample including SEO and immigrants

The measure of homeownership considered in this paper can also de-

pend on sample choices, particularly if immigrants and newer incorpo-

rations to the PSID sample have substantially different homeownership

patterns. Figure C.3 shows the resulting comparison. All main patterns

are similar: if anything, taking into account the whole population im-

plies a marginally larger gap between the 1940s and 1960s cohort, and a

marginally smaller gap between the 1960s and 1980s cohort, which is con-

sistent with the smaller gap in earnings inequality and risk in this wider

sample.
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Figure C.3: Homeownership, by cohort, sample including SEO and immigrants
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3.3.2 Choice of deflator

In this section, I deflate earnings with the PCE or personal consump-

tion expenditure deflator rather than the CPI. These two measures differ

slightly on their scope and their computation procedure. While the PCE

takes into account all expenditure made by households and also on behalf

of households, such as total medical expenditures, the CPI only consid-

ers what households spend out-of-pocket. The PCE is based on business

surveys, while the reference basket for the CPI is based on data from the

Consumer Expenditure Survey or CEX. Given that the focus of the paper

refers to the consumption and portfolio possibilities of all but the richest

of households, the main results are deflated with the CPI, which more

closely reflects the changes in prices of the goods and services that house-

holds actually pay. The PCE index is instead more frequently used when

performing aggregate macroeconomic analysis.

In this sample period, the PCE implies overall lower cumulative infla-

tion than the CPI and, therefore, implies that median and average earnings

of younger cohorts have grown more than with the CPI. However, because

cross-sectional inequality within a cohort-age cell is not affected by the

choice of deflator, the facts regarding changes in the distribution of earn-

ings that lie at the core of this paper are unchanged when considering the

PCE.

Figure C.4 shows median and average earnings by cohort, for male

and head and spouse earnings. Deflating with the PCE increases the

differences between cohorts, particularly for household earnings, which

implies that it acts in the opposite direction as the inclusion of a broader

sample described in Appendix 3.3.1. Naturally, the choice of deflator

does not affect earnings inequality within age and cohort, nor measures of

earnings risk, nor homeownership.
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Figure C.4: Median (top) and average (bottom) earnings, 2013 dollars. Left: house-
hold heads, right: households. PCE-deflated sample.

3.3.3 Marital dynamics and family composition

Figure C.5 compares the profiles in Figure 22 with those for married house-

holds. While it is clear that family composition affects the profiles for the

first ten years of age, and that earnings inequality is lower in the more ho-

mogeneous sample of married couples, the main picture is pretty similar,

which suggests that there are differences in labor earnings across cohorts,

particularly in distributional terms, which are not fully explained by the

differential timing of marriage.

Figure C.6 shows that there are also large differences in homeownership

over different cohorts if we restrict the sample to married households or to

households with children, which provides additional evidence to suggest

that earnings dynamics are relevant over and above changes in family

composition. Naturally, in these selected samples homeownership tends

to be larger than in the general population.
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Figure C.5: Changes in the earnings distribution over the generations. Top: household
earnings; bottom: household earnings for married households. Left: median earnings;
center, average earnings; right: standard deviation of the log earnings distribution.

0.00

0.25

0.50

0.75

1.00

30 40 50 60
Age

P
ro

po
rt

io
n 

of
 h

om
eo

w
ne

rs

1940 1960 1980

0.00

0.25

0.50

0.75

1.00

30 40 50 60
Age

P
ro

po
rt

io
n 

of
 h

om
eo

w
ne

rs

1940 1960 1980

Figure C.6: Homeownership by cohorts, PSID data. Left, sample restricted to married
couples; right, sample restricted to households with at least one child.

3.3.4 Earnings process, fit of variances
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Figure C.7: Variance of log earnings over the life cycle, PSID data vs model-implied

3.3.5 Earnings process, additional Figures
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Figure C.8: Nonlinear persistence, by cohort. Top left: 1940s; top right: 1960s;
bottom: 1980s. All ages

3.3.6 Portfolio composition, additional Figures
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Figure C.9: Direct stock market participation, three generations. SCF data.

3.3.7 Equivalence scales by generation
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Figure C.10: Average OECD equivalence scale, by cohort

3.4 Model, additional results and descriptions

3.4.1 Adjusting housing prices

I compute the results in which housing prices are left free to adjust as

a response to policy changes or earnings counterfactuals in the following

way:

First, I begin by defining the baseline stock of housing Hs
t as the total

number of houses that are occupied by thier owners, which is equivalent to

the number of households that live in owner-occupied housing. In order

to aggregate across cohorts, I simulate a total of 31 birth-year cohorts

(born in all even years from 1930 to 1990), and I attribute the earnings

process of the 1940s cohort to the group 1930-1949, the earnings process

of the 1960s cohort to the group 1950-1969, and the earnings process of

the 1980s cohort to the group 1970-1990. Like in the main experiment,
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each birth cohort experiments aggregate shocks as they happened in the

data in each calendar year, that corresponds to a specific age for each of

the 32 cohorts.

Given that I do not have information on the earnings processes of the

relevant years for the cohorts born before 1930s, I make the simplifying

assumption that their homeownership profiles are not impacted by any of

the changes introduced in the paper and they hold a constant amount of

housing. The impact of this assumption would depend on the reaction of

these non-modelled cohorts, but it is only particularly restricting for the

earlier cohorts when they are relatively young.

Thus, Hs
t is computed as summarized in Equation C.5, where I am

aggregating over all households i that belong to each of these 31 birth-

year cohorts. I then assume that, at given prices pht , Hs
t is the total amount

of housing supplied for these cohorts; which implies that pht is the price

that clears the market given housing supply and demand.

∫
i
Hd
i (pht ) = Hs

t (C.5)

Then, I am interested in computing how the quantities of housing

bought by each of the different cohorts change as external factors, such

as the earnings process, change. A change in the earnings process will

induce a change in the housing demand functions Hd∗
i for each household.

To which extent this gets translated into changes in quantities exchanged

and changes in prices depends on the elasticity of housing supply.

The main results in the paper are computed under the assumption

that housing supply is fully elastic at given prices, and that prices would

not respond to changes in the earnings process. I first compute the exact

opposite case (all adjustments happening via prices), and then show an

intermediate case in which the elasticity of housing supply is nonzero but

finite. For all three cases, I begin by computing housing demand functions

for each household, dependent on housing prices, at the new, counterfac-

tual earnings process Hd∗.

Assuming a fully inelastic housing supply implies fixing Hs
t at every

year t and finding ph∗t such that Equation C.6 holds. I do so sequentially
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for t = 1, . . . , Y , where Y is the total amount of years in the simulation,

and to that extent the model continues to capture history dependence of

past prices. Furthermore, the slow-moving nature of these changes and

the definition of Hs
t , which captures cyclical variations which the model is

attributing to housing supply or other non-modelled factors, implies that

the housing growth aggregate state is still consistent with the evolution of

house prices.

∫
i
Hd∗
i (ph∗t ) = Hs

t (C.6)

Assuming an elastic housing supply implies, at a given (empirical)

housing supply elasticity η, that the price that clears the market ph′t sat-

isfies:

∫
i
Hd∗
i (ph′t ) = Hs′

t (C.7)

such that

ph
′
t −pht
pht

Hs′
t −Hs

t

Hs
t

= η (C.8)

By substituting C.8 into C.7, one can solve for ph′t in every period.

These experiments represent an approximation to actual equilibrium

determination of housing prices. On the one hand, I do not model the

agents that make housing supply decisions and approximate them with

an isoelastic function (with elasticity which is either zero or 1.75). On

the other hand, from the perspective of households, housing prices are

still exogenous shocks with the same process as in the main version of the

model. They are not aware that house prices are determined in equilibrium

in a way that depends on total housing demand, and they do not perceive

that intergenerational changes could be affecting house prices.

Figure C.11 shows the results for the case in which housing supply

elasticity is assumed to be zero.
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Figure C.11: Homeownership by cohorts, benchmark vs. counterfactual earnings
processes. Assuming fully inelastic housing supply.

3.4.2 Household reactions to aggregate shocks

The realizations of the aggregate state directly affect household wealth and

portfolio composition, and also household expectations about the future,

which impact household decisions on their consumption of nondurable

goods and housing services.

In order to understand the reactions of households to realizations of the

aggregate state in the context of the Great Recession (Section 3.7.1.2), I

simulate cohorts in a similar manner to that described in Section 3.4.1 and

aggregate over them for each calendar year. Given that I am using 20-year

windows for this simulation, this implies that I can exactly reproduce the

histories for everyone who was 18 to 68 years old in 2008 and, as argued

in Sections 3.5.3, 3.6.1, and 3.6.2, the model does well in generating their

portfolio positions.

I then perform counterfactual experiments with respect to the baseline

case in which 2008 was identical to 2006: high house prices, expectations

about house price growth, good stock returns, and no recession, and then

I turn on and off each element at a time. In the case in which I include

the observed drop in stock returns in the analysis, the effects on home-

ownership are similar to the main case but the drop in consumption is

substantially larger. This large drop is related to the assumption that all

households have the same returns on stocks, to the lack of international

diversification, and to the biennial nature of the model, which implies that

households can only adjust their portfolio holdings every two years.
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3.4.3 Canonical process

Figure C.12 shows the fit of the life-cycle variances for the canonical pro-

cess with business cycle variation described in Section 3.8.1, and Table

C.1 shows its estimated parameters.
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Figure C.12: Variance of earnings over the life cycle. Sold lines: data; dashed lines:
NL process; dash-dot lines: canonical process

Cohort ρ σ2
r,c σ2

b,c σ2
ε

1940 1.0 0.0155 0.0118 0.32

1960 0.99 0.0010 0.0198 0.35

1980 0.45 0.5796 0.6259 0.0001

Table C.1: Parameter estimates, business-cycle varying canonical process

The estimates for the 1940s cohort are more precisely estimated and

thus as expected (variances are larger in recessions than in expansions).

For the 1960s cohort, the difference between expansions and recessions

is quite imprecisely estimated, but the model succesfully replicates the

higher level of earnings inequality that the cohort faces. Finally, for the

1980s cohort there are very few years of observations - whilst the process

matches the variance profiles well, the persistence parameters and the

variances for shocks are very noisily estimated.

The canonical process relies on the sequences of variances and autoco-

variances faced by each of the sub-cohorts that form a broad generation,

and thus uses, for example, 122 observations. On the other hand, the NL
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process relies directly on pairs of observations for earnings in t and t+ 1,

and uses 7500 such observations for the 1980s cohort.

Figure C.13 shows that, in the recalibrated model where earnings follow

the canonical process, once households are out of their sizeable mortgages

almost all of them invest in stocks, which does not happen in the baseline

model
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Figure C.13: Stock market participation for the 1940s cohort

3.5 Additional robustness checks

For all of this Appendix, unless otherwise stated, I assume that households

start their working lives with zero wealth.

3.5.1 Initial zero wealth

Figure C.14 shows the fit of the model with respect to homeownership in

the case in which I assume that all households are born with zero wealth

and recalibrate parameters accordingly. Although the fit of homeown-

ership at earlier ages is not as good, it is still true that the model can

reconcile the changes in homeownership rates across generations without

resorting to changes in preferences. Table C.2 shows that the decomposi-

tion of the decrease in homeownership between its different contributing

factors is also similar to the main case. Finally, Figure C.15 shows that,

without taking into account the initial condition, the model underpredicts

stock market participation at earlier ages.
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Figure C.14: Homeownership by cohorts, data vs. model, relaxation of financial
constraints in the early 2000s. Model with zero initial wealth.

1960s generation 1980s generation

Age 30 40 50 30 35

Total -9 -8 -9 -14 -22

Earnings 66 37 5 51 27

initial inequality 62 23 -17 33 8

risk 4 14 22 18 19

Aggregates 34 63 95 104 84

house price trend 73 129 63 90 74

histories -39 -66 32 14 10

Financial conditions 0 0 0 -55 -11

Table C.2: Contribution of each factor in the change in homeownership with respect
to the 1940s generation (% of the change), by age. Model with zero initial wealth.
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Figure C.15: Stock market participation by age and cohort, data vs model. Left:
constant participation costs across generations; right: reduction of participation costs
across generations. Model with zero initial wealth.
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3.5.2 Empirical initial wealth and inter-vivos transfers

Although their net worth is usually very low, individuals between 20-25

years of age frequently have some wealth. Figure C.16, left panel, shows

the empirical initial wealth distribution by cohorts. To the extent that this

captures the aveage level of wealth of 20-25 year olds, it is also capturing

any asset that comes from an early inheritance of family gift. However,

this might underestimate inter-vivos transfers for two reasons. First, there

might be family contributions (e.g. helping with the downpayment of a

mortgage) which are not properly captured in the data. Second, these

inheritances or family help might happen later than 25, and thus be dif-

ficult to separate in the data from wealth accumulation due to individual

savings. In order to get an approximate idea of how far this channel could

go in explaining the shortcomings of the model with zero initial wealth,

I have used SCF data for the 1980s cohort to find out the percentage of

people that got a large gift or inheritance before 35 (12.5%) and added its

average value (one year of average income) to the top 12.5% of the initial

wealth distribution.75

Figure C.16, right panel, shows the results with the initial wealth distri-

bution, and adding these additional inter-vivos transfers (IW+IV). Effects

on homeownership profiles are minor when compared with the version of

the model with zero initial wealth. However, the differences with the main

version of the model, in which initial wealth positions are consistent with

observed homeownership and stock market participation rates, suggest

that initial wealth is poorly captured in these surveys, particularly for

older generations.

75This is an approximation, given that without a panel component it is not possible to find the
joint distribution of (future) gift receipts and wealth.
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Figure C.16: Empirical initial wealth. Left: density of wealth of 20-25 year olds, SCF
data, measured as multiples of average income. Zero includes zero or negative. Right:
model-implied homeownership with empirical initial wealth

3.5.3 Equilibrium effects on stock returns

Figure C.17 shows to which extent the conclusions in Section 3.7.2 would

vary as a result of possible general equilibrium effects on stock returns

induced by the larger accumulation of financial wealth. In both cases,

I assume that, once we enter the simulation period, yearly stock market

returns fall unexpectedly and persistently by 2% or 4% for each possible

realization of the stock state. A reduction of 2% in stock returns still

implies that the 1980s cohort accumulates more financial wealth than that

of the 1940s - a very significant reduction of 4% is required to make the

profiles for both generations comparable. The accumulation of housing

wealth is almost unaffected by these potential equilibrium effects.
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Figure C.17: Wealth accumulation: projecting the 1980s cohort into the future. With
constant participation costs, comparing different reductions in average stock returns
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3.5.4 Marital dynamics and family sizes

Over the past few decades, marriage rates have fallen, fertility has de-

creased, and the average age of women at both marriage and first child-

bearing has steadily increased (Lundberg and Pollak, 2007). These de-

velopments offer a possible alternative explanation for the reduction and

delay in homeownership.

In the framework proposed in this paper, all of those changes are implic-

itly considered in the earnings process, which is estimated in all households

(married or not) and thus embeds marriage and divorce risk into earnings

risk. In order to disentangle these two effects, the left panel Figure C.18

replicates the analysis by replacing the earnings process by one estimated

only on continuously married couples. For this experiment, households

start life with the same level of initial wealth as in the main version of

the model. Given that this subset of households have on average higher

and more stable earnings, their implied homeownership rates within the

model are larger. However, differences across cohorts are present in a very

similar way. This suggests that, while family dynamics can play a relevant

role76, the increase in inequality and earnings risk seems to be of first or-

der to explain the changes in homeownership. To verify this hypothesis,

the right hand side of Figure C.18 replicates the counterfactual in which

the 1940s earnings process is attributed to younger generations within the

subsample of married households. Effects are similar to those in the main

results.

25 30 35 40 45 50 55 60

Age

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

H
om

eo
w

ne
rs

hi
p 

ra
te

s

1940 cohort, data
1960 cohort, data
1980 cohort, data
1940 cohort, model
1960 cohort, model
1980 cohort, model
1940 cohort, married
1960 cohort, married
1980 cohort, married

25 30 35 40 45 50 55 60

Age

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

H
om

eo
w

ne
rs

hi
p 

ra
te

s

1940 cohort, married
1960 cohort, married
1980 cohort, married
1960, married cf
1980, married cf

Figure C.18: Homeownership by cohorts, married people only.

76Chang (2018) shows that marital and divorce risk is a relevant force to explain changes in
homeownership of singles versus couples.
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3.5.5 Per-period participation costs

There is a long standing discussion in the household finance literature

about whether one-off entry costs, which I consider in the main version

of this model, or per-period participation costs rationalize better the pat-

terns of stock market participation that we observe in the data. While

the former is used in studies like Cocco (2005) or Gomes and Michaelides

(2005), Vissing-Jorgensen (2002), Gálvez (2017), or Bonaparte, Korniotis

and Kumar (2018), amongst others, find that the latter seems to be the

most promising avenue to explain the observed patterns of stock market

participation. However, the estimated value for the per-period participa-

tion cost is frequently relatively high (for instance, Bonaparte et al. (2018)

estimate it to be around 3.2% of average household income every year).

Figure C.19 shows the implied profiles for stock market participation, in

a recalibrated version of the model that only allows for per-period partici-

pation costs that decrease over time. As in previous studies, the estimated

cost which is necessary to reconcile low levels of stock market participa-

tion is quite high (around 3.5% of average household income for the 1940s

cohort), but is lower for younger cohorts.
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Figure C.19: Stock market participation over the life-cycle, by cohorts, case with
calibrated per-period participation costs

3.5.6 Local correlation of income shocks and house prices

An additional element that increases the riskiness of housing is the cor-

relation at the local level between house prices and income changes. For
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instance, in areas that benefit in particular from an expansion it is likely

that both incomes and house prices go up. When households incorporate

this information into their decision making, it influences both homeown-

ership and portfolio choices.

To approximate this effect, I allow for income shocks to be correlated

with housing price shocks at the idiosyncratic level. Given that in the

baseline version of the model both are exogenous, this correlation can be

directly imposed from data estimates. I rely on Davidoff (2006) for the

empirical quantification of this correlation and fix it at 0.29.

Figure C.20 shows the corresponding homeownership profiles. I per-

form two experiments. The left hand side panel represents the case in

which house prices are expected to be correlated with income, and in

which the realizations of house prices are also correlated with the real-

izations of the income shocks. This induces, unlike in the main case in

this paper, housing price heterogeneity within agents living in the same

year. Like in the main case, I assume that the average realization of the

house price shock is like that observed in the data for that specific year.

Homeownership would be lower in this case for all cohorts, particularly

for those born in the 1980s, even with looser financial constraints.

The right hand side panel represents the alternative case in which

households expect house prices to be correlated with their individual in-

come shock, but where this is not true in realization and house prices

are still their corresponding national average. Differences with the pre-

vious experiment are minor, which suggests that the key driver for this

reduction in homeownership rates are household portfolio decisions rather

than changes in the stationary distribution induced by the introduction of

house price heterogeneity.

This experiment abstracts from important elements such as endoge-

nous determination of local house prices or endogenous mobility, which

are beyond the scope of this project and are left for future research.
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Figure C.20: Homeownership by cohorts, local correlation of house price shocks with
income. Solid line with crosses: realizations + expectation, dotted line: expectations
only

3.5.7 House sizes

In the main version of the model, households can choose to own two types

of housing, which I denote h1 and h2. This reflects that houses are lumpy

and have limited divisibility, and that frequently households cannot ac-

cess their optimal house size and quality because it is scarcely available

or disadvantageously priced on the market. In this section, I check the

robustness of my results with respect to different specifications of house

sizes.

The size of the small house h1 is key for my results, as it conditions

who is the marginal person who is indifferent between buying a house and

renting, and thus homeownership rates. In current U.S. dollars, for the

latest periods in the model, the price of a small house is around $100,000.

Here I argue that there is limited supply of houses below this price, few

households actually live in them, and including a smaller small house in

the model generates counterfactual implications.

With respect to supply limitations, Falcettoni and Schmitz (2018) ar-

gue that regulations and monopoly power have reduced the production of

prefab or factory-built houses below its efficient level, thus reducing the

number of cheap houses available on the market. In my PSID data, I find

that, for the 1980s cohort, only 9.4% of households bought a house with

a price lower than h1, with most of them concentrated nearby.

The left hand side panel of Figure C.21 shows the model implications

for the case in which the smallest house is 33% smaller and cheaper. Nat-
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urally, results are sensitive to this assumption. However, as Figure C.22

reveals, this experiment underestimates generational differences by over-

estimating how many people buy small houses as a reaction to changes in

earnings dynamics and housing prices.
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Figure C.21: Alternative house sizes, main experiments
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Figure C.22: Percentage of households owning the small house by age. Left, robustness
check in which it’s smaller; right: main results

The central and right panels of Figure C.21 show two robustness ex-

periments in which I set the number of housing qualities to H = 3. In

the middle panel, I do so by allowing for a middle-sized house exactly

between the prices of the small house and the big house. In the right

hand side panel, I allow for a large house, twice the size of the big one. In

all cases I recalibrate housing preference parameters accordingly so that

homeownership for the 1940s cohort at age 40 is within the ballpark of

the data.

Results are almost identical with either of the H = 3 assumptions,

thus suggesting that the choice of H = 2 is not key in driving the results

I obtain. Setting H = 3 and allowing for a large house does improve the

fit of the model in terms of the portfolio composition of the richest, which

slightly underestimates their housing share (see Figure 32).
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