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1 Introduction

Many households do not participate in the stock market and, when they do, they invest a

limited amount of their wealth into stocks. Standard household portfolio choice models,

instead, predict that most households should invest in the stock market, given its high

excess returns, even after adjusting for risk. This disconnect has been called the “stock

market participation puzzle”, and it is the counterpart at the micro level of the “equity

premium puzzle”.

Understanding why households choose to keep a large fraction of their wealth in

assets with lower returns requires studying their portfolio choices in a broad context,

taking into account their motivations to save in the first place, and the risks and frictions

they face when they take their consumption and saving decisions. Amongst the risks

that households face, labor earnings play a crucial role. They are the major source of

income for most households, but their fluctuations are difficult to insure against. Thus,

the features of earnings risk crucially determine both the ability and the willingness of

households to save, and the risk they are ready to bear in their financial portfolio.

In this paper, we study the effect of labor income dynamics on household consumption,

savings, and portfolio allocations. In particular, we use a flexible econometric framework

(Arellano, Blundell and Bonhomme, 2017) that captures the rich dynamics of shocks

to household earnings, including their age-dependence, non-normality, and non-linearity

(Guvenen, Karahan, Ozkan and Song, 2021). The rich features of this process are in con-

trast with traditional, canonical earnings processes, which are frequently used in portfolio

choice models, that assume that shocks to earnings are normal and that the distribution

of earnings shocks does not vary over the age and the income distribution. We estimate

both earnings processes on US data from the Panel Study of Income Dynamics (PSID)

and use them as inputs to a life-cycle model of portfolio choice, based on Cocco, Gomes

and Maenhout (2005), where households choose between saving in risk-free or risky assets,

subject to potential entry and per-period participation costs to the stock market. We

estimate our model via indirect inference to match a rich set of features from US data,

including stock market participation, wealth to income ratios, and portfolio shares of
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stocks. We compare the implications of a linear, canonical earnings process and our non-

linear earnings process on household portfolio choices, and look at the implied parameters

both models need to match the data.

We find that the model with a nonlinear earnings process, compared to that with

a canonical earnings process, can better explain the limited participation in the stock

market with a much lower coefficient of risk aversion. In the presence of richer earnings

risk, households increase their precautionary savings to be insured against potential drops

to their earnings. Hence, the coefficient of risk aversion that is required to rationalize

their portfolio decisions drops from 8.82, which is in the ballpark of standard portfolio

choice models that match limited participation and low risky shares (e.g., Cocco et al.

(2005), Fagereng, Gottlieb and Guiso (2017), etc.), to 5.64. This estimate is closer to

microeconometric estimates that elicit the CRRA coefficient via survey data, which is

around 4 (Guiso and Sodini (2013)).1

Two features of the earnings data are key to understand why the canonical earnings

process can generate counterfactual implications for portfolio choices. First, earnings

changes are negatively skewed, implying that large negative earnings shocks are more

likely than large positive earnings shocks of the same magnitude. This feature, which is

at odds with the canonical model with normal shocks, raises the need for precautionary

saving and reduces the demand for risky assets, even if their returns are uncorrelated with

earnings shocks. In other words, the intuition in Huggett and Kaplan (2016) that future

labor market income behaves more like a risky asset and less like a bond than usually

considered, and thus the optimal share of stocks with respect to total and financial wealth

is lower, is even more relevant in the presence of richer, age-dependent earnings dynamics.

Second, earnings risk is still substantial at later ages in the working life (50-60): a non-

negligible number of individuals experience adverse events (e.g., unemployment, health)

which produce lasting effects on their earnings up to retirement. The canonical process,

which is age invariant, generates a large amount of stock market participation at later

ages, where agents are subject to counterfactually little background risk. As a result of
1Additionally, the model under richer earnings dynamics implies a different structure of adjustment

costs than the canonical process.
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both factors, the nonlinear process also generates a life-cycle stock market participation

profile that is closer to the data and steadily increases as people age even if we do not

explicitly target it in our estimation.

We also assess the consumption implications of both earnings processes. Under the

richer earnings process, the model closely replicates the consumption reaction to persis-

tent income shocks, as measured by the partial insurance coefficients in Arellano et al.

(2017) and Blundell, Pistaferri and Preston (2008) (BPP). Moreover, we find that stock-

holders are more insured from persistent income shocks than non-stockholders.

Our results are robust to a variety of estimation weights and modelling choices, which

include studying housing, disaster risk in the stock market, an empirical distribution of

initial wealth and initial stock market participation, different frameworks for the pension

system, and different degrees of correlation between stock market returns and earnings

shocks. In all of these cases, the nonlinear earnings process better matches household

portfolio decisions with lower risk aversion, lower stock market participation costs, or

both. Besides, the additional flexibility of the nonlinear process does not imply a sizeable

computational cost, as it does not require to increase the state space of the model.

Related literature. This paper contributes to a broad literature in household finance

that studies the causes of limited stock market participation. Several papers look at

the roles of disaster risk (Fagereng et al. (2017)), housing (Cocco (2005)), trust (Guiso,

Sapienza and Zingales (2008)), lack of investor sophistication (Haliassos and Bertaut

(1995), Calvet, Campbell and Sodini (2007)), health risk (Rosen and Wu (2004)) and

wealth (Calvet and Sodini (2014), Briggs, Cesarini, Lindqvist and Östling (2015)). We

contribute to the literature by shedding new light on the effect of income risk on portfolio

choice decisions, which has been well studied in the literature (see Guiso, Jappelli and

Terlizzese (1996) for an early contribution). The earnings process we choose highlights

the importance of age dependence, nonlinearity and non-normality in earnings risks.

Our analysis is focused around a life-cycle model of household portfolio choices, based

on the seminal work of Cocco et al. (2005). Subsequent papers have looked at the roles

of habit formation (Gomes and Michaelides (2003)), income volatility (Chang, Hong
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and Karabarbounis (2018)) and personal disaster risk (Nicodano, Bagliano and Fugazza

(2021)). We show that the introduction of a richer earnings process yields more reasonable

estimates of structural parameters in this class of models, while maintaining a relatively

simple model structure.

We also contribute to a literature that estimates stock market participation costs.

Earlier papers obtain participation cost bounds via minimal assumptions on the structural

model in the background (Vissing-Jorgensen (2002), Paiella (2007)). This was followed

by a subsequent literature that calculates participation costs via structural models of

portfolio choice. Most of these papers consider either a one-time fixed entry cost (see e.g.,

Alan (2006)) or a per-period participation cost (see, e.g., Khorunzhina (2013), Fagereng

et al. (2017)), and infer the cost structure under a canonical earnings process. In contrast,

the participation costs in this paper are closer to the one in Vissing-Jorgensen (2002),

who proposes modelling both fixed and per-period costs to stock market participation.

We show that the estimates of these costs are closely linked to the earnings process

considered. More recently, Bonaparte, Korniotis and Kumar (2020) use the new PSID

waves to study household stock market entry and exit in a life-cycle portfolio choice model

with canonical earnings dynamics.

The effect of richer earnings risk on portfolio choices has received much less attention

(Shen (2018), Catherine (2020), Catherine, Sodini and Zhang (2020)). We build on this

recent literature in two ways. First, we show that richer earnings dynamics are rele-

vant to understand portfolio decisions even in the absence of business cycle fluctuations

or correlations of labor market income shocks with stock market returns. Second, our

earnings process based on Arellano et al. (2017) is more general than those based on a

mixture of normals and does not impose any parametric assumptions. Thus, it allows us

to reproduce not only the negative skewness of earnings changes, but also the variation

of earnings persistence and of the distribution of earnings shocks over the age and the

income distributions. These are key to understand the consumption and savings mo-

tives of households (De Nardi, Fella and Paz-Pardo (2020)) and, as a result, their asset

allocations.
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The rest of the paper is organized as follows. Section 2 discusses the models of

earnings dynamics, and shows the statistics on stock market participation that we target

for our estimation. Section 3 presents the structural model that we estimate following

the procedure described in Section 4. We present the estimation results in Section 5, and

show that they are robust to modifications of the structural model in Section 6. Finally,

Section 7 concludes. We provide further details and robustness checks in the Appendix.

2 Data: earnings dynamics and portfolio decisions

2.1 Data sources and sample selection

Our main data source is the PSID, which is a longitudinal household survey conducted

by the University of Michigan since 1968. We use the 1999 to 2017 biennial waves, as

these editions provide complete information on consumption, income, and wealth for

a representative panel of US households. We complement the PSID information with

those from the Survey of Consumer Finances (SCF), which is a cross-sectional survey

conducted by the Federal Reserve Board every three years. The main advantage of the

SCF is that it provides a more comprehensive picture of the wealth of US households;

its main disadvantage is (with few exceptions) the lack of a panel component. To be

close as possible to the PSID data, we work with the 1998 to the 2016 editions of the

SCF. We detail the sample selection and construction of the datasets in Appendix A. In

what follows, we define stockholders as households who directly or indirectly own stocks

in non-retirement accounts.

2.2 Earnings dynamics

Earnings dynamics are key to understand household consumption, saving, and portfolio

decisions, and are a crucial ingredient in the calibration and estimation of life-cycle mod-

els. Recent literature (e.g., Arellano et al. (2017), De Nardi et al. (2020), and Guvenen,

Karahan, Ozkan and Song (2016)) highlights the role of nonlinearities in earnings dy-

namics and their implications for household consumption. In this subsection, we compare

and contrast the canonical model of earnings dynamics and its nonlinear generalization
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as presented by Arellano et al. (2017), which will serve as inputs to the structural model.

Consider households indexed by i = 1, . . . , N that we observe from age t = 1, . . . , T .

We decompose log earnings yit as the sum of a deterministic component (f(Xit; θ)) and

stochastic components:

yit = f(Xit; θ) + ηit + εit, t = 1, . . . , T. (1)

The first component, ηit, is persistent and follows a first-order Markov process. The

second component, εit, is transitory in nature, and has zero mean, independent of the

persistent component, and independent over time.

The canonical model of earnings dynamics is described by the following process:

ηit = ρηit−1 + uit (2)

ηi0 ∼ N(0, σ2
z), uit ∼ N(0, σ2

u), εit ∼ N(0, σ2
ε). (3)

As emphasized by Arellano et al. (2017) and De Nardi et al. (2020), among others,

the canonical earnings process imposes the following restrictions:

1. Linearity of the process of the persistent earnings component. Linearity implies

that the right hand side of equation (2) is additively separable to the conditional

expectation and the innovation uit. It also implies the linearity of the conditional

expectation.

2. Normality of the shock distributions. Normality implies that the shock distributions

are symmetric, and should not exhibit skewness.

3. Age-independence of the autoregressive component ρ and the moments of the shock

distributions, which imply the age independence of second and higher-order mo-

ments of the conditional distributions of the persistent and transitory component.

Given that these assumptions are at odds with the empirical evidence, Arellano et al.

(2017) propose a quantile-based panel data method that allows for nonlinearity, non-

normality, and age-dependence. In particular, they model the persistent component of

income via the following quantile model:

ηit = Qt(ηit−1, uit), (uit|ηit−1, ηit−2, . . .) ∼ U [0, 1], t = 2, . . . , T. (4)
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where Qt(ηit−1, τ) is the τ -th conditional quantile function of ηit given ηit−1 for a given τ .

Intuitively, the quantile function maps random draws from the uniform distribution uit

(i.e., cumulative probabilities) into corresponding random draws (i.e., quantile) from the

persistent component. The canonical earnings process is a special case: ηit = ρηit−1 +

F−1(uit).

One way to understand the role of nonlinearity is in terms of a generalized notion of

persistence

ρ(ηit−1, τ) = ∂Qt(ηit−1, uit)
∂η

(5)

which measures the persistence of ηit−1 when it gets hit by a current shock uit with

rank τ . This quantity depends on the past persistent component ηit−1 and the shock

percentile τ . Note that while the shocks uit are i.i.d. by construction, they may differ

with respect to the persistence associated with them. One can then think of persistence

in this context as persistence of earnings histories. Moreover, persistence is allowed to

depend on the size and the direction of the shock uit. As such, the persistence of ηit−1

is dependent on the size and sign of current and future shocks uit, uit+1, . . . In particular,

our model allows current shocks to wipe out the memory of past shocks. In contrast, in

the canonical linear process, ρ(ηit−1, τ) = ρ, independent of the realization of the past

persistent component ηit−1 or the shock uit. The model also allows for general forms

of conditional heteroscedasticity, as the conditional distribution of ηit given ηit−1 is left

unrestricted. More importantly, the model allows for conditional skewness and kurtosis

in ηit.2

Arellano et al. (2017) model the initial distribution of the persistent component η and

the transitory component ε via similar quantile representations. The main difference, of

course, is that these are not persistent.

Estimating the nonlinear process. Following Arellano et al. (2017), we specify the

quantile functions for the persistent and transitory components as lower-order Hermite
2Specifically, a measure of period t uncertainty generated by shocks to the persistent component of

productivity ηit−1 is, for some τ ∈ (1/2, 1), σt(ηit−1, τ) = Qt(ηit−1, τ) −Qt(ηit−1, 1 − τ). Meanwhile, a
measure of skewness is sk(ηit−1, τ) = Qt(ηit−1,τ)+Qt(ηit−1,1−τ)−2Qt(ηit−1,

1
2 )

Qt(ηit−1,τ)−Qt(ηit−1,1−τ) for some τ ∈ (1/2, 1).
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polynomials:

Qt(ηit−1, τ) =
K∑
k=1

aηk(τ)fk(ηit−1, ageit) (6)

Qt(ηi1, τ) =
K∑
k=1

aη1
k (τ)f̃k(agei1) (7)

Qt(εit, τ) =
K∑
k=1

aεk(τ)f εk(ageit) (8)

where aηk(τ), aη1
k (τ), and aεk(τ) are modelled as piece-wise linear splines on a grid [τ1, τ2],

. . ., [τL−1, τL], which is contained in the unit interval. fk, f̃k, and f εk , meanwhile, are the

approximating functions. We then extend the specification for the intercept coefficients

aη0(τ), aη1
0 (τ), and aε0(τ) to be the quantile of the exponential distribution on (0, τ1] (with

parameter λQ−) and [τL, 1) (with parameter λQ+).

If the stochastic earnings components are observed, we could estimate the parameters

of the quantile models via ordinary quantile regression. However, as these are latent

variables, we proceed with a simulation-based algorithm. Starting with an initial guess

of the parameter coefficients, we iterate sequentially between draws from the posterior

distribution of the latent earnings components and quantile regression estimation until

convergence of the sequence of parameter estimates. Standard errors are computed via

nonparametric bootstrap, with 500 replications.

Estimating the canonical process. We estimate the canonical earnings process via

a quasi-maximum likelihood procedure, which we explain in Appendix B. The results of

the estimation are in Table B.2 of Appendix B. As can be observed, we find that the

persistent component is highly persistent, albeit less than a unit root.

Comparing the nonlinear and canonical earnings processes. To compare and

contrast the implications of the nonlinear and canonical earnings process, we present

results related to persistence and conditional skewness from our estimations. Compared

to Arellano et al. (2017), who use pre-tax earnings data, we follow De Nardi et al. (2020),

who use post-tax disposable income data.

Figure 1 presents pictures of persistence as a function of the household’s position
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in the income distribution (τinit) and the shock that it receives (τshock), computed for

the average age of a household in the sample (47.5 years). The left graph shows the

estimates of the average derivative of yit given yit−1, with respect to yit−1. The figure

suggests the presence of nonlinear persistence in the data. In contrast, simulated data

from the canonical earnings process implies constant persistence, which is in the right

panel of the figure. The nonlinear earnings process, meanwhile, is able to reproduce the

empirical patterns quite well, which we show in Figure 8 of Appendix C. We also show

in the same figure the persistence of the persistent component ηit. As we can observe,

the estimates are higher than that observed in the data, which is consistent with the fact

that the figure is net of transitory shocks. The associated standard errors are small (see

Figure 9 of Appendix C).

Figure 1: Persistence in the PSID. The left panel presents the graph of the average
derivative of yit given yit−1, with respect to yit−1, which was estimated from a quantile
autoregression of yit on a third-order Hermite polynomial on yit−1. The right panel
presents the same average derivative, but estimated on simulated data from the canonical
earnings model.

Figure 2 shows the results with respect to conditional skewness. The left panel shows

conditional skewness as a function of the household’s position in the income distribution

in the data (blue) and in simulated data (green) from the nonlinear earnings model. As

the results indicate, we find some evidence of conditional skewness. Moreover, skewness

is positive for households with low yit, and negative for households with high yit. The

right panel shows the conditional skewness based on simulated data from the canonical

earnings model. As the graph indicates, the canonical earnings model predicts symmetric
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shock distributions. We finally show in Figure 9 of Appendix C the conditional skewness

estimates of ηit; we find the same patterns, but with a larger magnitude than those for

yit. We compute the standard errors and show the results in Figure 10 of Appendix C.

The results, once again, are precisely estimated.

Figure 2: Conditional skewness in the PSID. The left panel presents the graph of the
conditional skewness in the data (blue) and the conditional skewness of simulated data
from the nonlinear earnings model (green). The right panel presents the conditional
skewness based on simulated data from the canonical earnings model.

In sum, the results in this part show that earnings data showcase features that are

at odds with the assumptions of previous literature on earnings dynamics, which can

affect household portfolio decisions. Richer earnings dynamics, which have a relation to

structural labor market models (e.g., job ladder models as in Lise (2013)), are able to

capture richer features of the data.

2.3 Stock ownership statistics and life-cycle profiles

To gauge the role of these richer earnings dynamics on household portfolio choices, we

begin by looking at the profiles of stock ownership over the life cycle. In Figure 3 we

show the age profile for the PSID (left) and for the SCF (right), controlling alternatively

for time and cohort effects (Ameriks and Zeldes, 2004). To calculate these profiles, we

estimate linear probability models of a dummy of stock market participation on age and

time/cohort dummies.3 Stock ownership is limited at all ages: it starts around 15 percent
3We compare the results with a probit model, and results are similar. Results are available upon

request.
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for the young and increases to around 40 percent for those at age 60. Results are quite

similar between the PSID and the SCF.

Figure 3: Age profile of stockownership, PSID and SCF. The graphs show the age profile of
stockownership computed via linear regressions of a stockowner dummy on age dummies
and time dummies (blue) and cohort dummies (red). The graph in the left is from the
PSID and the graph in the right is from SCF. Data from the PSID from 1999-2017 waves.
Data from the SCF is from 1998-2016.

Variable N Mean SD P25 Median P75

Stock ownership 10655 0.324 0.468 0 0 1

Conditional risky share 3444 0.600 0.193 0.001 0.391 0.626

Financial wealth to income ratio 10655 1.549 6.224 0.067 0.354 1.333

Table 1: Summary statistics on stock ownership, conditional risky shares and financial
wealth-to-income ratios, PSID, 1999-2017 waves.

We compute some relevant statistics on stock ownership, and moments related to

income and wealth. Table 2.3 shows the proportion of stockholders in the data, the

conditional risky share, and the financial wealth to income ratios. Around 32 percent of

households own stocks; conditional on stock ownership, households allocate on average

around 60 percent of their financial wealth on risky assets.4 Finally, the mean financial

wealth to income ratio stands at around 1.5, while the median is around 0.35.
4We compute the same statistics also using the SCF, where the patterns that we obtain are similar

(see Appendix A).
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2.4 Determinants of stockownership

Finally, we dig a bit deeper into the determinants of participation in the stock market by

estimating the following model:

dit = α0 +α1dit−1 +α2ageit +α3age
2
it +α4age

3
it +α5age

4
it +α6wit +α7yit + Z′itγ+ eit, (9)

in which dit is an indicator equal to one when households own stocks or not, ageit is

household age, wit is household wealth in logarithms, and yit is household income in

logarithms. The control variables that are in Zit include education dummies, cohort

dummies, and family size.

Notice that, in this specification, we allow for persistence in stock ownership via a past

participation dummy, in line with the literature that studies the structure of participation

costs in the stock market (see e.g., Alan (2006), Bonaparte et al. (2020)). As these papers

underscore, a positive coefficient on the past participation dummy can be informative

about entry costs. We estimate the model via OLS, probit, and a correlated random

effects probit model5.

For brevity, we report the results only for the past participation indicator and for

income and wealth, which are presented in Table 2.4. Consistent with previous litera-

ture, we find that the past participation indicator is statistically significant and positive.

Moreover, the fact that it is significant across all specifications shows that indeed, we

are finding persistence in stock market participation; hence, these results suggest the

presence of entry costs. Both wealth and income are statistically significant as well.

3 Model

We introduce both the canonical and nonlinear earnings process into a standard discrete

time, life-cycle model of consumption and portfolio choices between risky and riskless

assets that aims to replicate the facts on stock market participation and portfolio decisions

that we have just described.
5The reason for considering such an approach is that it could be the case that persistence in stock

market participation is actually driven by unobserved heterogeneity.
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(1) (2) (3)

VARIABLES OLS Probit CRE Probit

Past participation dummy 0.432*** 1.201*** 0.898***

(0.0111) (0.0362) (0.0660)

Financial wealth (in logs) 0.0458*** 0.331*** 0.400***

(0.00166) (0.0137) (0.0201)

Income (logs) 0.0286*** 0.0404 0.0693*

(0.00702) (0.0314) (0.0399)

Cohort dummies x x x

Other demographics x x x

Constant -0.492 -9.088 -8.055

(2.474) (10.84) (11.44)

Observations 8,569 8,569 8,545

R-squared 0.396

Table 2: Determinants of household stock ownership. This table presents the estima-
tion results of stock market participation at the household level. The key independent
variables are past stock market participation, financial wealth, and income (both in log-
arithms). Other demographic characteristics include a quartic polynomial in age and
family size. Robust standard errors. *** p < 0.01, ** p < 0.05, * p < 0.1.

Demographics Agents start working life at 25, face age-dependent positive death prob-

abilities, and die with certainty at age 100. The model period is two years and our unit

of observation is the household.

Preferences Households maximize:

maxEt
[
t=T∑
t=0

βtSt
c1−γ
t

1− γ

]
(10)

where c is nondurable consumption, γ is the coefficient of relative risk aversion, β is the

discount factor, and St is the probability of arriving alive at time t.
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Earnings process As described in Section 2.2, we assume that log earnings can be

decomposed in a persistent and a transitory component (Equation 1), and we use alter-

natively a canonical linear specification and a non-linear, non-normal specification for

both components of the earnings process. There is no earnings risk after retirement (age

65), from which households get a public pension.

Budget constraint Households can save in two types of financial assets:

ct+1 + st+1 + at+1 + κf (It+1, It) = (1 + rst+1)st + (1 + r)at + yt+1 (11)

where st is the amount of wealth invested in the risky asset and at the amount of wealth

invested in the risk-free asset at time t. rst+1 represents the risky return of stocks (which

is i.i.d.), while r is the risk-free rate. κf represents potential costs of participation in the

stock market, which depend on the households’ stock market participation status It. We

define

It = (st > 0). (12)

Following Vissing-Jorgensen (2002), these may be per-period participation costs (just

dependent on It+1), fixed participation costs (only paid if It = 0 and It+1 = 1, and zero

if It = 1) or a combination of both. The fixed cost of stock market participation can

be understood as an entry cost to stock market participation, related to the time spent

understanding the risks and returns associated with stocks. The per-period participation

cost, meanwhile, can be understood as either the time spent in determining whether

portfolio rebalancing is optimal (if the household actively manages its portfolio) or the

cost of delegating the investment decisions to a fund manager (if the household indirectly

holds stocks via mutual funds).6

We define

xt = (1 + rst+1)st + (1 + r)at (13)

as the amount of cash-on-hand that an individual has at the beginning of period t.
6There a third cost of stock market participation in Vissing-Jorgensen (2002), which is a proportional

trading cost. As neither the PSID nor the SCF provides information on trading costs, we do not explicitly
model this cost.
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Finally, as in Cocco et al. (2005), we assume that the household faces borrowing and

short-sale constraints:

at ≥ 0, st ≥ 0. (14)

The borrowing constraint prevents the household from capitalizing against future

labor income or retirement wealth. Meanwhile, the short-sales constraint ensures that

the allocation to equities is non-negative.

Households’ problem Households thus solve the following problem:

Vt(xt, yt, It) = max
ct,at+1,st+1

{
c1−γ
t

1− γ + β
St
St−1

EtVt+1(xt+1, yt+1, It+1)
}

(15)

subject to the budget constraint (11) and the borrowing and short-sale constraints (14),

and where the expectation Et is taken with respect to future realizations of persistent

income, transitory income, and stock market returns.

4 Structural Estimation

We estimate our structural model via the simulated method of moments (SMM), con-

ditional on the pre-estimated household labor income process and some externally set

parameters.

4.1 External parameters

Public pensions are 70% of the average realization of earnings at retirement age (i..e, 35%

of average income of workers in the economy). Meanwhile, we set the risk-free rate to

2%, the equity premium to 4%, and the standard deviation of stock market returns to

0.157, following Cocco et al. (2005).7

We obtain survival probabilities from Bell, Wade and Goss (1992).

4.2 Estimated parameters

We estimate γ, β, and the stock market participation costs within the model. We assume

that stock market participation costs have the following structure:
7In the version of the model with disaster risk, there is an ex-ante probability of 2% of stock returns

being -48.5%, as in Fagereng et al. (2017).
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κf (It+1, It) =


0 if It+1 = 0
κFC + κPP if It+1 = 1 and It = 0
κPP if It+1 = 1 and It = 1

(16)

where κFC and κPP represent fixed and per-period participation costs, respectively. We

experiment with different combinations of both types of costs.

4.3 Targeted moments

We use 11 data moments for our estimation. The first three moments are related to

wealth, which we earlier reported in Table 2.3. We target the percentage of people that

own stocks directly in the PSID (0.33), median financial wealth-to-income ratios (0.35),

and the conditional risky share (0.60). The last eight moments are the parameters of the

OLS regression in Table 2.4, which provides information on the age profile, and the effect

of state variables on stock market participation.8

4.4 Estimation method

We estimate the model via SMM. The SMM finds the values of the parameters γ, β, and

κ’s that minimize the following quadratic form:

Π = min
(γ,β,κF C ,κP P )

(M s −Md)′W (M s −Md). (17)

Here, Md is the data moments, M s is the simulated moments from the structural model,

and W is a weighting matrix. We report standard errors for our coefficient estimates

that take into account our weighting choice, the variability of the moments in the data

(through a bootstrap) and the responsiveness of our parameter estimates to the moments

in the data. More details are in Appendix D.

5 Results

5.1 Estimated parameters and model fit

Table 3 shows the fit of the model by comparing our targets in the data (left column)

with the model implications under a non-linear earnings process (NL, central column)
8In Appendix G we show that our conclusions are unchanged if we include housing in the model and

target total wealth instead.
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Model Baseline

Moment Data NL CA CA,bis

Participation 0.32 0.52259 0.54915 0.59642

Risky share 0.60 0.60701 0.56683 0.45098

Med W/I 0.35 0.99485 1.3731 1.1228

OLS constant -0.492 (2.474) -7.4301 -42.543 -45.754

OLS partic 0.432 (0.011) 0.77569 0.76944 0.73909

OLS age 0.0288 (0.234) 0.64526 3.5563 3.8489

OLS age2 -0.00105 (0.008) -0.02049 -0.10927 -0.11918

OLS age3 9.96e-6 (1.28e-4) 0.00028562 0.0014606 0.0016093

OLS age4 -2.06e-8 (7.25e-7) -1.4723e-06 -7.1668e-06 -7.9962e-06

OLS log income 0.0286 0.15717 0.54154 0.54854

OLS log wealth 0.0458 0.0093104 0.022713 0.010105

Table 3: Targeted parameters

and those under a linear, canonical earnings process (CA, right column). In both cases,

the model fits its targets remarkably well given how parsimoniously parameterized it is

(we estimate 4 parameters to fit 11 targets). In particular, the model closely replicates

the limited level of stock market participation that we observe in the data (35% and 34%

for the non-linear and canonical process, respectively, compared with an average of 32%

in our data) and the conditional risky share of stockholders (60% and 66%, respectively,

in contrast with 60% in the data), two crucial moments to understand the savings and

portfolio decisions of US households (Alan (2012) and Bonaparte et al. (2020)).9

However, the model fits the data under remarkably different estimated parameters

when we equip it, alternatively, with each of the earnings processes we consider (Table

4). Most notably, the implied CRRA risk aversion parameter is substantially lower (5.64)

under the non-linear process than it is under the canonical earnings process (8.82). In

order to derive intuition for this result, it is important to understand why households are
9Whilst our baseline estimations display different median financial wealth-to-income ratios, we show

in Appendix F.9 that an alternative estimation that better matches this moment delivers similar impli-
cations.
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Model Baseline

Parameter NL CA CA, bis

γ 5.3967 ( 0.0573 ) 6.4167 ( 0.2875 ) 9.8833

β 0.9175 ( 0.0148 ) 0.99554 ( 0.0126 ) 0.96379

κFC 0.0103 ( 0.0054 ) 0.2635 ( 0.0047 ) 0.0928

κPP 0.0788 ( 0.0046 ) 0.0966 ( 0.0029 ) 0.069

Table 4: Parameter estimates (SD in parentheses). β is expressed in annual terms. The
participation costs are expressed as fractions of average household income (the numeraire
in the model)

saving and, when applicable, investing in the stock market under both income processes.

5.2 Policy functions

Before discussing the simulated life-cycle profiles for consumption and portfolio choice,

we first analyze the policy functions that underlie these results, which we show in Figure

4, to gain intuition on the determinants of consumption and portfolio choice. The top

panel shows the optimal risky shares for households of different ages under the non-linear

process (left) and the canonical process (right). Low-wealth households do not invest

at all in the stock market: given their low savings, they find it optimal not to pay the

fixed participation costs. Starting from the threshold at which it becomes optimal to

buy risky assets, the policy functions are decreasing in financial wealth. The key driver

is the importance of human capital (discounted stream of future labor income) relative

to accumulated wealth. During working age, since shocks to households’ labor income

are uncorrelated with stock returns, the deterministic component of labor income mimics

the payoff of a riskless asset. Hence, for a given level of human capital, households

with low financial wealth will tend to invest more aggressively in stocks than wealthier

households. Higher financial wealth reduces the relative importance of “bond-like” human

wealth, leading households to rebalance their portfolios by investing less in stocks.

There are relevant differences by age between the non-linear and the canonical earnings

processes. Under the nonlinear earnings process, there is an outward shift of the portfolio
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rules from ages 20 to 30, followed by a inward shift at age 55 until retirement. Under

the canonical earnings process, there is also an outward shift from ages 20 to 30, followed

by a further outward shift at age 55. The differences can be linked to the types of

income risks that these households face. The age-dependence of income shocks and its

non-normality in the non-linear earnings process imply that households’ income becomes

riskier throughout the working life, even at older ages. Thus, households are conservative

in their investments over their working life. Meanwhile, in the canonical earnings process,

uncertainty with respect to labor income gets resolved much earlier, which implies that

older households who still have low financial wealth with respect to their human capital

invest aggressively in stocks. This result is emphasized in the middle and bottom panels

of Figure 4. At young ages (middle), only the high earning households have the incentives

to invest in the stock market, as the participation threshold that they have to overcome

is relatively lower. This is true in both the cases of the nonlinear and canonical earnings

processes. However, as the households reach middle age (bottom), households under the

nonlinear earnings process still find that the costs outweigh the benefits of stock market

participation, and, even if they do invest, they do not start investing aggressively into

stocks. In contrast, under the canonical process, for many households at age 55, the

benefits make it worthwhile to load their money into stocks before retirement.

As the policy functions illustrate, the participation costs induce a wealth threshold for

participation in the stock market, which we show in Figure 5 for different percentiles of the

income distribution. The left panel shows that, under the nonlinear earnings process, the

wealth thresholds do not have a clear age profile, and depend strongly on the position of

a household in the income distribution. This is in contrast to the wealth thresholds under

the canonical earnings process, which exhibit a clear U-shape that reaches its trough at

age 50.

5.3 Life-cycle profiles

These different policy functions lead to contrasting life-cycle profiles for both models. The

left panel of Figure 6 shows average wealth accumulation, by age, in the two economies. In
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Figure 4: Portfolio share of stocks, by cash on hand and age for the median earner (top),
by cash on hand and income for the 30-year-old group (middle), by cash on hand and
income for the 55 year-old group (bottom). Left: NL; right: canonical.

the case of the canonical process, households barely save up until age 45, from which they

start accumulating wealth very fast, and then decumulate it just as fast after retirement.

This effectively illustrates that the key reason why households save at all in this economy

is related to the life-cycle: they want to smooth their consumption between their pre-

and post-retirement periods. In the non-linear process, while this motive for saving is

also there, households also save for precautionary reasons: they want to insure themselves

against potentially large income shocks that are a result of the non-linear and non-normal

labor income risks they face. Therefore, they start accumulating wealth much earlier in

life. These differences are not driven by the average profile of labor market income in the

two economies, which is kept constant.

As a result, the saver households in the canonical model are relatively old and have

a strong incentive to invest a large part of their wealth in stocks; in contrast, the saver
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Figure 5: Wealth thresholds (in units of biennial average income, at beginning of period)
for participation in the stock market, by age and income level. Left: NL process, right:
canonical process.
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Figure 6: Average savings and consumption (left) and stock market participation (right)
over the life-cycle, NL vs canonical process

households under the non-linear process have a wider age distribution, and for many of

them it is not optimal to invest all of their wealth into stocks. Even at older ages, the

negative skewness they face is enough to keep many households off stocks, and those that

enter the stock market do not invest heavily into it.

Thus, in order to rationalize the limited participation in the stock market and the

relatively low stock share in financial assets, the model under the canonical process implies

that households must be very risk averse. In contrast, the model under the non-linear

process can explain low stock market participation and risky shares with much lower risk

aversion. As Table 5 shows, the model under the canonical process would generate a

counterfactually high risky share (0.87) if equipped with the parameter estimates for the

non-linear process.
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Process NL CA NL CA

γ 5.3967 6.4167 6.4167 5.3967

β 0.9175 0.99554 0.99554 0.9175

κFC 0.0103 0.2635 0.2635 0.0103

κPP 0.0788 0.0966 0.0966 0.0788

Participation 0.52259 0.54915 0.34748 0.43392

Risky share 0.60701 0.56683 0.39815 0.82219

Table 5: Parameters and targets: NL vs canonical. NL needs a much lower CRRA
coefficient to get a correct risky share given participation.

Additionally, as the right panel of Figure 6 shows, these dynamics also imply that

the NL process replicates better, without explicitly targeting it, the flatness of the life-

cycle profile of stock market participation. With the NL process, young rich households

have incentives to save, and once they go over a certain cash-on-hand threshold they start

investing in the stock market, although not much (see Figure 5). In the canonical process,

these households do not have incentives to save, so they do not have enough wealth to

justify paying the participation cost in the stock market (which is similar across both

economies) - which is why they mostly stay non-participants.

5.4 Consumption implications

The effect of an earnings shock. To gain further intuition about the differences

between processes, Figure 7 studies the effects of earnings shocks in the consumption,

savings, and portfolio allocation decisions of households. The panels on the left hand side

look at the case of a 35-year-old, with median earnings and accumulated wealth equivalent

to 1.5 years of earnings, that suffers, alternatively, a very good earnings realization (a

shock at the 90th percentile of the possible earnings shocks for this individual) and a very

bad earnings realization (a shock at the 10th percentile of the shock distribution). For

both cases and all variables, we represent deviations from the average path this individual

would have followed if he or she had received a shock of rank 0.5 (i.e., very close to no

changes in earnings).
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Figure 7: Reactions of a median earner with wealth equal to 1.5 years of average earnings
at age 35 (left) and a median earner with wealth equal to 2.5 years of average earnings at
age 55 (right) to shocks of rank 0.10 and 0.90, respectively, for the nonlinear (solid line)
and canonical (dashed line) processes.

In the top left graph, we observe that 35-year olds are subject to substantial earnings

risk, and that the shocks they suffer can be relatively persistent in the case of both earn-

ings processes. For instance, looking at the canonical process (dashed lines), a negative

shock of -10% of earnings at age 35 still translates into lower earnings (around -4% with

respect to the counterfactual) at age 50. However, there are also relevant differences

across processes. By construction, shocks in the canonical process are symmetric: a pos-

itive shock and a negative shock of the same magnitude are equally likely, and have the

same persistence. The situation is different in the non-linear process (solid lines): because

there is negative skewness of earnings shocks, the 10th-percentile worst shock is larger

(almost double) than the 10th-percentile best shock, and has much longer persistence

over time.

Because of this, the impacts on consumption (second panel on the left) of such a

shock are larger and much more persistent under the NL process. This explains why the
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precautionary savings motive is stronger under this earnings process, and why people

accumulate more wealth when they are young.

On the right hand side, instead, we represent the same magnitude of shocks, also for

the median earner, but now of age 55. The most salient fact is that, under the canoni-

cal process, this individual is subject to much smaller earnings risk than under the NL

process. In the NL process, instead, there is still a reasonable chance of a large earnings

shock, that can also significantly impact consumption as this household approaches retire-

ment. This explains why, at this age, most households in the canonical world participate

in the stock market.

Consumption pass-throughs. An alternative to understand the consumption impli-

cations of the two earnings process is to estimate the degree to which households can

self-insure against income shocks. Specifically, we simulate data from both economies

and compute consumption insurance coefficients via the procedure proposed by Arellano

et al. (2017), which we describe fully in Appendix E of the paper. The results that we ob-

tain imply that the nonlinear earnings process implies estimates of consumption insurance

which are in line with the empirical results in Arellano et al. (2017). Expressed in terms

of Blundell et al. (2008) coefficients, 44% of persistent earnings shocks do not translate

into consumption changes, which compares with 36% in the data and only 18% in the

canonical process. We also find that stockholders appear to self-insure their consump-

tion against income shocks better than non-stockholders, which suggests the benefits of

diversification.

5.5 Other implications: entry and exit dynamics

The non-linear process also generates more realistic dynamics of stock market partic-

ipation (Table 6). In the model under the canonical process, almost all working-age

households enter the stock market once, and exit it after retirement; very few stay non-

participants throughout. In the non-linear process, even though the cross-sectional share

of stock market participation is very similar, there is much more heterogeneity: around

40% of households never participate in the stock market (30% in the data), 18% always
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Process Never Always Single entry Other cases

Data 0.3028 0.0478 0.2111 0.4383

NL 0.23489 0.34424 0.36375 0.057123

Canonical 0.2268 0.2904 0.4828 0

Table 6: Entry and exit from stock market over a 10-period (20-year) window. The data
corresponds to a balanced panel in the PSID (1999-2017).

do (4% in the data), 21% only enter the stock market once in the sample (31% in the

data), and the remainder are multiple entrants or exiters, some of which alternate be-

tween both statuses multiple times. As Figure 5 shows, the wealth thresholds to enter

the stock market are relatively stable over the life cycle under the canonical process, but

have a strong age component in the nonlinear case.

6 Robustness

In this section we show that the main implications of our model, most relevantly in terms

of the estimated coefficient of risk aversion under both earnings processes, are unchanged

under a set of additional elements that our baseline model does not consider.

6.1 Alternative assumptions on the model without housing

We first study the changes in the parameter estimates when we introduce additional

elements to the baseline Cocco et al. (2005) model. These include the possibility of a

“rare disaster” in the stock market that implies large losses for stockholders, replicating

the empirical distribution of wealth at age 25, replicating the empirical initial stock

market participation at age 25, an alternative pension system in which old age benefits

depend on the last realization of earnings, correlation between labor market income shocks

and stock market returns, and an alternative calibration in which both processes more

closely replicate the median wealth to income ratio that we observe in the PSID. For all

of these, the canonical process implies larger coefficients of risk aversion, stock market

participation costs, or both. Table 7 offers a quick summary of the parameter estimates

for each of these cases, and Appendix F contains detailed descriptions of each of the
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experiments.

Model NL process Canonical process

Baseline 5.3967 0.9175 0.0103 0.0788 6.4167 0.99554 0.2635 0.0966

Disaster risk 4.981 0.83193 0 0.05 9.2759 0.78473 0.0125 0.025

Initial wealth 5.5411 0.79668 0.05 0.0375 8.1628 0.79668 0.0625 0.025

Initial stock part. 4.981 0.80784 0.07 0.025 7.2741 0.79668 0 0.0125

Alt. pension 4.9 0.74162 0 0.05 10.362 0.74733 0.05 0.025

Correlation, pos. 5.4666 0.83193 0 0.0625 9.3507 0.78307 0.04 0.025

Correlation, neg. 5.7093 0.79969 0 0.0625 9.5934 0.7746 0.04 0.025

Same w to inc 4.6642 0.74675 0.01162 0.03 5.5526 0.91652 0.01071 0.10286

Table 7: Estimated parameters under variations of the baseline model

6.2 Portfolio choice under the presence of housing

Houses are often the most significant component of household balance sheets, and the

decision to own or rent a home has implications for household wealth accumulation (Paz-

Pardo, 2021) and financial portfolio decisions (Cocco, 2005). In this subsection, we show

that our main conclusions are unchanged in a model with an endogenous housing choice,

which thus explains total wealth rather than financial wealth.

In the model that we build, households receive utility both from housing and non-

housing consumption, with the utility from owner-occupied housing represented by pa-

rameter uh. Households choose to buy a house or to rent, and face transaction costs

related to house purchase. Homeowners may finance their house with a mortgage, for

which they need to satisfy a downpayment constraint. Because of the new elements in the

model, we now estimate five structural parameters: the previous model parameters, plus

the utility gain from housing uh. We target 13 moments to estimate the five parameters:

in addition to the moments that we have discussed earlier, we also target the homeown-

ership rate and we augment the stockownership model (9) by including a homeownership

dummy. Additional details about the model, together with model fit and other results

are summarized in Appendix G.

Table 8 shows the associated parameter estimates of the structural model. We find
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Model Baseline

Parameter NL CA

γ 4.6767 (0.1072 ) 8.6767 (0.5018 )

β 0.7746 (0.0138 ) 0.87241 (0.0151 )

κFC 0 (0.0021 ) 0.01 (0.0040 )

κPP 0.06 (0.0041 ) 0.05 (0.0015 )

uh 1.375 (0.0292 ) 1.3 (0.0455 )

Table 8: Parameter estimates. β is expressed in annual terms. The participation costs
are expressed as fractions of average household income (the numeraire in the model)

that the CRRA parameter in the economy under the nonlinear earnings process (4.68)

is much lower than that estimated in the economy under the canonical earnings process

(8.68). Moreover, the structure of participation costs is similar to that already estimated

in the baseline model. That is, the model under the nonlinear earnings process places

weight only on the per-period participation costs, while the canonical earnings process

provides a role for the entry cost to the stock market. Additionally, as shown in Appendix

G, the model with the nonlinear earnings process generates a negative correlation between

homeownership and stock market participation once other observables are controlled for,

as in our data and unlike in the canonical process, where the correlation is positive. The

richer model with housing also implies a Blundell et al. (2008) (BPP) coefficient of 0.39,

which is closer to the empirical estimate of 0.36 than our main model (0.44); the model

under the canonical earnings process, instead, implies a BPP estimate of 0.10.

7 Conclusion

In this paper, we estimate a richer stochastic process for earnings that features a transi-

tory component and a persistent component that allows for age-dependence in moments,

nonlinearity, and non-normality. We use it as an input to an estimated life-cycle portfolio

choice model that features a one-time fixed entry cost and a per-period participation cost,

and compare the implications of the canonical permanent/transitory linear process, with

age-independent, normal shocks and the nonlinear earnings process. Our results indicate
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that, under a variety of specifications, the model with the nonlinear earnings process

exhibits a lower risk aversion coefficient than the canonical earnings process. The model

with the nonlinear earnings process also replicates more closely stock market participation

by age, consumption insurance, and wealth accumulation patterns.

Our model assumes CRRA preferences, as in the workhorse model of Cocco et al.

(2005). However, a wide literature has investigated the portfolio decisions of households

under different utility specifications (Guiso and Sodini (2013)), the most prominent of

which is Epstein and Zin (1989) utility. Our estimate of 5.64 can be regarded as a lower

bound for risk aversion estimates when preferences are Epstein-Zin, and is within the

range of the Epstein-Zin risk aversion estimates in Calvet, Campbell, Gomes and Sodini

(2021).

This result complements recent literature that showed that countercyclical skewness is

important to understand limited stock market participation (Shen (2018) and Catherine

(2020)). A promising avenue for future work is to combine both frameworks, using the

business-cycle varying earnings process proposed in Paz-Pardo (2021), and study potential

complementarities between both approaches.
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A Data and summary statistics

As we mentioned in section 2.2 of the main text, we use a combination of the PSID and

the SCF for the estimation of the earnings process and the calculation of the auxiliary

statistics for the structural estimation.

A.1 PSID

The PSID follows a large number of US households and their potential spin-offs since 1968.

While the survey was originally designed to track income and poverty, the PSID has since

evolved into tracking household consumption and wealth in more recent waves. When

it originally started, the PSID was composed of two main samples: the Survey Research

Center (SRC) sample, which was designed to be representative of the US population, and

the Survey of Economic Opportunity (SEO), which oversamples the poor.

For the purposes of this study, we focus on the biennial waves that started in 1999.

This is because starting from this wave, the PSID has continuous information on house-

hold earnings, assets, and consumption.

To construct the statistics that we use for estimation, we follow the sample selection

criterion in Blundell, Pistaferri and Saporta-Eksten (2016). In particular, we consider

households with heads aged 25 to 60 years old, who are continuously married, and who

have continuously participated in the labor force. This leaves us with 10,655 household-

year observations. We exclude individuals who are part of the SEO to obtain a represen-

tative sample.

A.1.1 Variable definitions

The main variables that we use for the calculation of auxiliary statistics and the earnings

process are income, wealth, and the risky share.

The definition of income that we use follows De Nardi et al. (2020). In particular, we

use disposable household earnings, which are defined as the sum of household labor income

and transfers, such as welfare payments, net of taxes and Social Security contributions

paid. The reason for this is due to our focus on understanding how households choose

33



between different assets to insure their consumption against income risk. Wealth is

defined as total financial wealth, which is the sum of households’ holdings in stocks,

bonds, and cash, plus any amount invested in retirement accounts. The risky share,

then, is defined as the share of stocks in total financial wealth.

A.2 SCF

The SCF is a repeated cross-sectional survey that studies the wealth of US households.

It is triennial in nature. The main advantage of the SCF as opposed to the PSID is that

it is more detailed with respect to information on wealth. A disadvantage of using the

SCF is that as it is a cross-sectional survey, we wouldn’t be able to follow households

over time; moreover, the SCF does not have information on consumption.

In order to calculate the statistics that we use for comparison with the PSID, we use

similar criteria as in Blundell et al. (2016). We also remove households with incomplete

information on education, age, and other demographic information. We also remove

households that have zero labor income, and who have less than $100 in financial assets,

following Fagereng et al. (2017). This criteria gives us a sample of 54,321 households.

Given that the SCF oversamples the wealthy, we use weights in the calculation of the

auxiliary statistics. To have a comparable sample period as with the PSID, we work with

the 1998-2016 waves.

A.3 Some summary statistics

We now compare some summary statistics that we obtain with the PSID and the SCF.

In particular, we show statistics with respect to income, wealth, the risky share, and

financial wealth to income ratios, which we show in Table 9. As the table illustrates, the

resulting distributions and summary statistics are similar in both datasets. Moreover, in

the main text, we show the age profiles of stock market participation, and find that both

datasets exhibit similar stock market participation patterns.
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Mean SD Min P25 Median P75 Max

SCF

Household income 122378.9 195459.4 380.8253 62653.93 95062.34 137097.1 7.19E+07

Financial wealth 246234.7 1158090 106.0424 8983.125 49769.22 187084.3 6.36E+08

Wealth-to-income 1.635655 47.98129 0.0009804 0.1266945 0.5252401 1.575386 26984.11

Risky share 0.0395985 0.1257449 0 0 0 0 1

Stock ownership 0.2160427 0.4115481 0 0 0 0 1

PSID

Household income 95281.69 107221.8 447.9695 52716.41 76858.77 110110.1 4239712

Financial wealth 144018.1 352617.4 105.6337 7650.093 36734.98 136267.4 8214712

Wealth-to-income 1.707796 6.516661 0.0013736 0.1160714 0.4550562 1.527094 321.4286

Risky share 0.0682506 0.1474159 0 0 0 0.0546448 1

Stock ownership 0.3564551 0.4789766 0 0 0 1 1

Table 9: Comparison, PSID vs. SCF

B Estimating the canonical earnings process

We outline the identification and estimation of the canonical earnings process in this

appendix.

B.1 Identification

A more formal statement of the assumptions behind the canonical earnings process are

the following:

1. |ρ| < 1.

2. ηit ⊥ uit ⊥ εit.

3. ηit ∼ iidN(0, σ2
z), uit ∼ iidN(0, σ2

u), εit ∼ iidN(0, σ2
ε)

Given these assumptions, we can formally identify the parameters of interest in this

model from the auto-covariance function alone, following standard arguments. Identifi-

cation of the parameters requires four periods of data. The arguments for identification

are reproduced below. To ease exposition, we assume that νit = ηit + εit.

35



First, we can identify ρ from the slope:

Cov(νi0, νi3)− Cov(νi0, νi2)
Cov(νi0, νi2)− Cov(νi0, νi1) = ρ3σ2

z − ρ2σ2
z

ρ2σ2
z − ρσ2

z

= (ρ3 − ρ2)(σ2
z)

(ρ2 − ρ)(σ2
z)

= ρ.

The difference between the covariances allows us to obtain σz:

Cov(νi0, νi2)− Cov(νi0, νi1) = ρ2σ2
z − ρσ2

z

= (ρ2 − ρ)(σ2
z).

The difference between the variances allows us to obtain σu:

Var(νi1)− Var(νi0) = (ρσ2
z + σ2

u + σ2
ε)− (σ2

z + σ2
ε)

= (ρ− 1)σ2
z + σ2

u.

Finally, the variance allows us to identify σε:

Var(νi0) = σ2
z + σ2

ε .

B.2 Estimation

The standard estimation strategy is to use minimum distance estimation, where the

goal is to choose the parameters that minimize the distance between the empirical and

theoretical moments. An alternative, which we implement here, is to estimate the pa-

rameters via pseudo-maximum likelihood estimation, following Arellano (2003). That is,

if ui ∼ N (0,Ω(θ)), then the pseudo maximum likelihood estimator of θ solves:

θ̂PML = arg min
c

{
log det(Ω(c)) + 1

N

N∑
i=1

ûiΩ(c)−1ûi

}
.

This is equivalent to:

θ̂PML = arg min
c

{
log det(Ω(c)) + tr(Ω(c)−1Ω̂)

}
,

where tr is the trace of the resulting matrix, and Ω̂ = ∑
û′iûi. We can then use the

asymptotic covariance matrix to compute the standard errors.
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The assumptions on the earnings process imply the following moments:

νit = ρt−1ηi0 +
t∑

j=2
ρt−juij + εit (18)

from which

var(νit) = ρ2(t−1)σ2
z +

t∑
j=2

ρ2(t−j)σ2
u + σ2

ε (19)

cov(νit, νit−1) = ρ2t−1σ2
z +

t∑
j=2

ρ1+2(t−j)σ2
u (20)

follow, allowing us to identify the moments.

The estimation results are in Table B.2.

Parameter Estimate

(Std. Err.)

Autoregressive component 0.904

(0.136)

Std. dev. of the initial distribution 0.401

(0.091)

Std. dev. of the persistent component 0.210

(0.064)

Std. dev. of the transitory component 0.206

(0.091)

Table 10: Parameters of the linear AR(1) process. Note: We report the parameter
estimates of the linear AR(1) process for earnings. Standard errors are computed via the
asymptotic variance calculation. Data from the PSID, 1999 to 2017. All measures are
biennial.
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C Additional results – earnings process

This section presents additional results in relation to the nonlinear earnings process of

Arellano et al. (2017).

Figure 8: Persistence and conditional skewness in the PSID, nonlinear model. The upper
left panel presents the graph of the average derivative of yit given yit−1, with respect to
yit−1, which was estimated from a quantile autoregression of yit on a third-order Hermite
polynomial on yit−1. The upper right panel presents the persistence from the persistent
component of income, ηit. The bottom graph presents the conditional skewness of the
persistent component of income, ηit, from the nonlinear earnings model.
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Figure 9: Persistence in the PSID, nonparametric bootstrap. The graphs presented
here show the uniform 95% confidence bands calculated from nonparametric bootstraps.
The top left panel presents the graph of the average derivative of yit given yit−1, with
respect to yit−1, which was estimated from a quantile autoregression of yit on a third-order
Hermite polynomial on yit−1. The top right panel presents the average derivative based
on simulated data from the nonlinear earnings model. The bottom right graph presents
the average derivative of ηit given ηit−1, with respect to ηit−1, based on estimates from
the nonlinear earnings model.
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Figure 10: Conditional skewness in the PSID, bootstrap confidence intervals, nonpara-
metric bootstrap. The graphs presented here show the uniform 95% confidence bands.
The top left panel presents the graph of the conditional skewness of earnings data yit. The
top right panel presents the conditional skewness of earnings simulated from the nonlinear
model. The bottom panel presents the conditional skewness of the persistent component
η. The graphs were computed via a non-parametric bootstrap with 500 replications.
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D Model

D.1 SMM estimation

In our SMM estimation, we pick 4 parameters (risk aversion γ, discount rate β, and

participation costs κFC , κPP ) to match 11 targets in the data (percentage of people that

own stocks directly, median financial wealth to income, conditional risky share, and 8

parameters from the OLS regression in Table 2.4).

In order to measure the variability of these moments in the data, we use a bootstrap

procedure in which we draw 1,000 samples with replacement from our PSID data. With

this, we construct a data variance-covariance matrix S.

We are particularly interested that our model under both earnings processes closely

replicates stock market participation, conditional risky shares, and median financial

wealth to income ratios. Thus, we choose to increase the weight of these moments in

our estimation procedure. Thus, our weighting matrix W is diagonal and is formed of

the inverse of the standard deviations of the data moments (for the OLS parameters), 10

(for the wealth to income ratio), and 1000 (participation ratio and risky share). We have

experimented with alternative values for these weights and results are very similar.

Finally, we compute a matrix D that measures the responsiveness of our parameter

estimates to changes in the moments in the data. We estimate this gradient matrix

numerically.

In order to compute the standard errors for our parameter estimates, we compute a

variance covariance matrix V determined by (following the notation in De Nardi, French

and Jones (2010)):

V = (1 + τ)(D′WD)−1D′WSWD(D′WD)−1 (21)

where τ is the ratio between the number of simulated households in the model and

the number of households in the data. Our results do not change if we consider that S

has zeros outside of the main diagonal.
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E Consumption pass-through

In this section, we discuss the implications of the nonlinear and canonical earnings pro-

cesses on consumption insurance in the model with portfolio choice. To do so, we estimate

semi-structural empirical consumption rules of the form:

cit = ft(ηit, εit, ait, uit), (22)

in which cit is log consumption, ηit and εit are the persistent and transitory components

of income, ait is log assets, and uit is an unobserved taste shifter. The model allows us to

compute consumption insurance coefficients that are a function of age and position in the

asset distribution. To see this, we can write average consumption for a given observation

of the earnings components and assets as:

E(cit|ηit = η, εit = ε, ait = a) = E(ft(η, ε, a, uit)), (23)

We can then report the average derivative effect φt(η, ε, a) = E
(
∂ft(η,ε,a,uit)

∂η

)
, and, aver-

aging over the earnings components, φt(a) = E(φt(ηit, εit, a)). The quantity

ψη = 1− φt(a)

can then be understood as the degree of partial insurance to shocks to the persistent

component, as a function of age and assets. Similarly, we can define the same quantity

for the transitory component.

Following Arellano et al. (2017), we approximate the consumption function with the

following specification:

cit =
K∑
k=1

akfk(ηit, εit, ait, ageit) + a0(τ), (24)

where ak are piecewise polynomial interpolating splines, and fk’s are dictionaries of func-

tions, which are assumed to be Hermite polynomials. We estimate this model on a

simulated panel of households from 25 to 60 years old coming from the economy with

the nonlinear earnings process, and the economy with the canonical earnings process. To

be consistent with Arellano et al. (2017), we use the same approximating polynomials
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as their paper.10 As this is a nonlinear regression model, we estimate the parameter

estimates via OLS. Given that we can observe the otherwise latent earnings components,

we do not have to resort to a simulation-based estimation algorithm.

We report estimates of the average derivative effect φt(a), as a function of age and

assets, for both economies. The results show that, on average, the estimated parame-

ter φt(a) lies between 0.25 to 0.75, suggesting that on average, around half of post-tax

household earnings fluctuations is effectively insured in the economy with the nonlinear

earnings process. The equivalent parameter estimates for the economy with the canonical

earnings process is around 0.45 to 0.95, which suggests that less than half of earnings is

effectively insured. Remarkably, the results for the nonlinear economy mirror the results

in Arellano et al. (2017). We also calculate the implied insurance parameters using the

estimators proposed by Blundell et al. (2008), and find that the insurance parameters for

the persistent component are 0.56 for the nonlinear process, and 0.18 for the canonical

process.

Figure 11: Consumption response to earnings shocks, nonlinear vs. linear model. Note:
The graphs presented here show the average derivative effect of ηit on cit, computed at
percentiles of ait and ageit. Data simulated from structural model of life cycle portfo-
lio choice with the nonlinear earnings process (left) and the canonical earnings process
(right).

We also compute the corresponding parameter estimates the average derivative effect

with respect to assets, which we show in Figure 12. The estimated average derivative

effects for the economy with the nonlinear earnings process are from 0.2 to 0.7, and
10This is (2,1,2,1), where the order is (persistent,transitory,wealth,age).
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are shown to be increasing in age and assets, consistent with the results in Arellano

et al. (2017). The implied derivative effects for the economy with the canonical earnings

process, meanwhile, are from -0.02 to 0.15, and are decreasing in age.

Figure 12: Consumption response to assets, nonlinear vs. linear model. Note: The graphs
presented here show the average derivative effect of ait on cit, computed at percentiles of
ait and ageit. Data simulated from structural model of life cycle portfolio choice with the
nonlinear earnings process (left) and the canonical earnings process (right).

We finally compute the average derivative effects for non-stockholders and stockhold-

ers, in the case of the economy with the nonlinear earnings process. The results that we

obtain are in Figure 13. We find that the derivative effects with respect to consump-

tion for non-stockholders is higher than that of stockholders. These results imply that

stockholders are able to effectively insure their consumption with respect to shocks to

persistent income. The MPC’s with respect to wealth are also higher for households who

own stocks than for non-stockholders.
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Figure 13: Consumption response to earnings shocks, stockholders vs. non-stockholders.
Note: The left panel graphs show the average derivative effect of ηit on cit (left), com-
puted at percentiles of ait and ageit for non-stockholders (surface graph) and stockholders
(mesh graph). The right panel graphs show the average derivative effect of ait on cit (left),
computed at percentiles of ait and ageit for non-stockholders (surface graph) and stock-
holders (mesh graph). Data simulated from structural model of life cycle portfolio choice
with the nonlinear earnings process.

F Robustness

F.1 Disaster risk

Model Case with disaster risk

NL CA

γ 4.981 9.2759

β 0.83193 0.78473

κFC 0 0.0125

κPP 0.05 0.025

Table 11: Parameter estimates. β is expressed in annual terms. The participation costs
are expressed as fractions of average household income (the numeraire in the model)
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Model Case with disaster risk

Moment Data NL CA

Med W/I 0.35 0.56328 0.099254

Participation 0.32 0.31615 0.38757

OLS constant -0.492 (2.474) -3.8759 16.242

OLS partic 0.432 (0.011) 0.75898 0.45269

OLS age 0.0288 (0.234) 0.28271 -0.97776

OLS age2 -0.00105 (0.008) -0.0071807 0.015103

OLS age3 9.96e-6 (1.28e-4) 7.2168e-05 3.3624e-05

OLS age4 -2.06e-8 (7.25e-7) -2.0588e-07 -1.4634e-06

OLS log income 0.0286 0.20979 0.65952

OLS log wealth 0.0458 0.0020205 0.0034425

Risky share 0.60 0.59705 0.63119

Table 12: Targeted parameters
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Figure 14: Stock market participation over the life cycle. Case with disaster risk (left:
NL; right: canonical)
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F.2 Only per-period or only entry costs

Model Risky share, only PP Risky share, only FC

Parameter NL CA NL CA

γ 5.64 10.87 5.64 8.99

β 0.81117 0.74162 0.80623 0.74673

κFC 0 0 0.17 0.0814

κPP 0.0563 0.02 0 0

Table 13: Parameter estimates. β is expressed in annual terms. The participation costs
are expressed as fractions of average household income (the numeraire in the model)

Model Risky share, only PP Risky share, only FC

Moment Data NL CA NL CA

Med W/I 0.35 0.6158 0.092308 0.61759 0.084513

Participation 0.32 0.35171 0.41528 0.50356 0.42001

OLS constant -0.492 (2.474) -5.1892 26.475 -5.0502 36.82

OLS partic 0.432 (0.011) 0.75924 0.39213 0.81841 0.36699

OLS age 0.0288 (0.234) 0.38465 -1.8718 0.34894 -2.7742

OLS age2 -0.00105 (0.008) -0.0099974 0.043817 -0.0079468 0.072776

OLS age3 9.96e-6 (1.28e-4) 0.00010501 -0.00036682 6.4793e-05 -0.0007706

OLS age4 -2.06e-8 (7.25e-7) -3.4043e-07 5.9224e-07 -8.5688e-08 2.6596e-06

OLS log income 0.0286 0.21063 0.58235 0.11535 0.51634

OLS log wealth 0.0458 0.0024687 0.0051995 0.010087 0.0076908

Risky share 0.60 0.60722 0.6854 0.6323 0.74061

Table 14: Targeted parameters

F.3 Case without targeting risky share
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Model Baseline Without risky share

Parameter NL CA NL CA

γ 5.64 8.82 0.55 1.1

β 0.81117 0.81117 0.90105 0.91652

κFC 0 0.0142 0 0.0091

κPP 0.0563 0.045 0 0

Table 15: Parameter estimates. β is expressed in annual terms. The participation costs
are expressed as fractions of average household income (the numeraire in the model)
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Figure 15: Stock market participation over the life cycle. Left: NL process, right: canon-
ical process.
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Model Baseline Without risky share

Moment Data NL CA NL CA

Med W/I 0.35 0.62083 0.11638 0.26801 0.079028

Participation 0.32 0.35575 0.34414 0.34135 0.39585

OLS constant -0.492 (2.474) -7.714 5.6635 -4.5765 29.473

OLS partic 0.432 (0.011) 0.75693 0.5436 0.49759 0.43368

OLS age 0.0288 (0.234) 0.60866 -0.054792 0.38865 -2.1838

OLS age2 -0.00105 (0.008) -0.017322 -0.014545 -0.011953 0.055796

OLS age3 9.96e-6 (1.28e-4) 0.00020987 0.0004491 0.00015878 -0.00056395

OLS age4 -2.06e-8 (7.25e-7) -8.9583e-07 -3.623e-06 -7.3336e-07 1.764e-06

OLS log income 0.0286 0.21117 0.70433 0.044904 0.46848

OLS log wealth 0.0458 0.002837 0.00099915 0.029351 0.010393

Risky share 0.60 0.60862 0.66384 0.86939 0.84445

Table 16: Targeted parameters
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F.4 Main case, possible alternative parametrizations
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Figure 16: Parametrizations that yield participation shares between 30 and 40%, condi-
tional risky shares between 50 and 70%, and median wealth above 0.25, given zero fixed
entry costs to the stock market. NL vs canonical process

F.5 Empirical initial wealth

In this section, we assume that households, instead of starting out life with zero wealth,

they do so with a draw from the empirical wealth distribution of the 2016 SCF (20-30

year olds). For simplicity, we assume that this initial wealth draw is uncorrelated with

initial income.

Model Baseline

Parameter NL CA

γ 5.5411 8.1628

β 0.79668 0.79668

κFC 0.05 0.0625

κPP 0.0375 0.025

Table 17: Parameter estimates. β is expressed in annual terms. The participation costs
are expressed as fractions of average household income (the numeraire in the model)
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Model Baseline

Moment Data NL CA

Med W/I 0.35 0.60429 0.10065

Participation 0.32 0.34035 0.3709

OLS constant -0.492 (2.474) -3.5008 2.9142

OLS partic 0.432 (0.011) 0.84375 0.52762

OLS age 0.0288 (0.234) 0.26182 0.19368

OLS age2 -0.00105 (0.008) -0.0068823 -0.022781

OLS age3 9.96e-6 (1.28e-4) 7.3702e-05 0.00057005

OLS age4 -2.06e-8 (7.25e-7) -2.4971e-07 -4.2834e-06

OLS log income 0.0286 0.14421 0.59737

OLS log wealth 0.0458 0.0033967 0.0035551

Risky share 0.60 0.60094 0.59874

Table 18: Targeted parameters
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Figure 17: Stock market participation over the life cycle. Left: NL process, right: canon-
ical process.
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F.6 Empirical initial wealth and stock market participation

In this section, we assume that households, instead of starting out life with zero wealth,

they do so with a draw from the empirical wealth distribution of the 2016 SCF (20-30

year olds). For simplicity, we assume that this initial wealth draw is uncorrelated with

initial income.

Here, we also assume that some households start their working lifes already being

stock market participants. Given that stock market participation at age 25 is 15.5% in

our data, we assume that the richest 15.5% initial households start out by having some of

their wealth in stocks and thus must not pay the stock entry cost if they wish to continue

investing in the risky asset.

Model Baseline

Parameter NL CA

γ 4.981 7.2741

β 0.80784 0.79668

κFC 0.07 0

κPP 0.025 0.0125

Table 19: Parameter estimates. β is expressed in annual terms. The participation costs
are expressed as fractions of average household income (the numeraire in the model)
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Figure 18: Stock market participation over the life cycle. Left: NL process, right: canon-
ical process.
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Model Baseline

Moment Data NL CA

Med W/I 0.35 0.55001 0.092308

Participation 0.32 0.42151 0.44076

OLS constant -0.492 (2.474) 2.8739 41.63

OLS partic 0.432 (0.011) 0.83736 0.43612

OLS age 0.0288 (0.234) -0.31948 -3.2824

OLS age2 -0.00105 (0.008) 0.012643 0.092336

OLS age3 9.96e-6 (1.28e-4) -0.00021173 -0.0010944

OLS age4 -2.06e-8 (7.25e-7) 1.284e-06 4.6018e-06

OLS log income 0.0286 0.13151 0.4928

OLS log wealth 0.0458 0.0061351 0.0075691

Risky share 0.60 0.69436 0.68547

Table 20: Targeted parameters

F.7 Alternative pension system

In this section, we assume that, instead of a flat pension, households receive a replacement

rate of the last realization of their earnings that is consistent with U.S. data. Namely, we

follow Kaplan and Violante (2010) and assume that there is a 90% replacement rate for

any earnings below 18% of the average, 32% for the earnings between 18% and 110% of

the average, and 15% for the remainder. For simplicity, we only apply these replacement

rates to the persistent component of earnings.

This different pension system affects the incentives to save, and thus implies a lower

calibrated discount factor for both the NL and canonical process. However, the implica-

tions in terms of a lower coefficient of risk aversion and a more reasonable profile of stock

market participation for the NL process still hold true.
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Model Baseline

Parameter NL CA

γ 4.9 10.362

β 0.74162 0.74733

κFC 0 0.05

κPP 0.05 0.025

Table 21: Parameter estimates. β is expressed in annual terms. The participation costs
are expressed as fractions of average household income (the numeraire in the model)
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Figure 19: Stock market participation over the life cycle. Left: NL process, right: canon-
ical process.

Model Baseline

Moment Data NL CA

Med W/I 0.35 0.42985 0.096833

Participation 0.32 0.29373 0.38149

OLS constant -0.492 (2.474) 6.1606 21.646

OLS partic 0.432 (0.011) 0.72255 0.46778

OLS age 0.0288 (0.234) -0.46166 -1.4625

OLS age2 -0.00105 (0.008) 0.011743 0.031197

OLS age3 9.96e-6 (1.28e-4) -0.00011348 -0.00020064

OLS age4 -2.06e-8 (7.25e-7) 2.9798e-07 -2.0358e-07

OLS log income 0.0286 0.21241 0.66139

OLS log wealth 0.0458 0.0026219 0.0030189

Risky share 0.60 0.70001 0.66091

Table 22: Targeted parameters
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F.8 Correlation (0.20) between labor income and stock market
returns

Model Positive correlation (0.20) Negative correlation (-0.20)

Parameter NL CA NL CA

γ 5.4666 9.3507 5.7093 9.5934

β 0.83193 0.78307 0.79969 0.7746

κFC 0 0.04 0 0.04

κPP 0.0625 0.025 0.0625 0.025

Table 23: Parameter estimates
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Figure 20: Stock market participation over the life cycle. Left: NL process, right: canon-
ical process. Top: positive correlation; bottom: negative correlation

F.9 Case in which both processes match median wealth to in-
come more precisely

As argued in the main text, our baseline parametrization for the NL process slightly

overestimates wealth accumulation in the economy, whilst the canonical process under-

estimates the total amount of wealth. In this section, we show that our results in terms
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of life-cycle profiles (e.g., the earlier accumulation of wealth and stock market participa-

tion in the NL process and the strong age profile in the canonical process, where almost

everyone starts participating very late in life) are not driven by this feature of the calibra-

tion. To do so, we pick the parametrization that minimizes our objective criteria whilst

requiring it to generate a median wealth to income ratio between 0.3 and 0.5 (vs. 0.35

in the data). The tables below show the associated parameters, targets, stock market

participation profile over the life cycle, and wealth accumulation patterns.

Model Baseline

Parameter NL CA

γ 4.6642 5.5526

β 0.74675 0.91652

κFC 0.01162 0.01071

κPP 0.03 0.10286

Table 24: Parameter estimates. β is expressed in annual terms. The participation costs
are expressed as fractions of average household income (the numeraire in the model)

Model Baseline

Moment Data NL CA

Med W/I 0.35 0.39193 0.30637

Participation 0.32 0.30912 0.28384

OLS constant -0.492 (2.474) 10.03 17.252

OLS partic 0.432 (0.011) 0.79034 0.66434

OLS age 0.0288 (0.234) -0.86356 -1.1981

OLS age2 -0.00105 (0.008) 0.027095 0.026768

OLS age3 9.96e-6 (1.28e-4) -0.00036727 -0.00019902

OLS age4 -2.06e-8 (7.25e-7) 1.8246e-06 8.5682e-08

OLS log income 0.0286 0.17586 0.76839

OLS log wealth 0.0458 0.0029703 -0.0029158

Risky share 0.60 0.77098 0.7936

Table 25: Targeted parameters

56



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

S
to

ck
 m

ar
ke

t p
ar

tic
ip

an
ts

Model
Data

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

S
to

ck
 m

ar
ke

t p
ar

tic
ip

an
ts

Model
Data

20 30 40 50 60 70 80 90 100
Age

0

10

20

30

40

50

60

D
ol

la
rs

 (
th

ou
sa

nd
s)

Assets
Consumption

20 30 40 50 60 70 80 90 100
Age

0

10

20

30

40

50

60

70

80

90

100

D
ol

la
rs

 (
th

ou
sa

nd
s)

Assets
Consumption

Figure 21: Stock market participation over the life cycle. Left: NL process, right: canon-
ical process.

G Portfolio choice under the presence of housing

This section provides a description of the life-cycle structural model of portfolio choice

with an endogenous housing decision. We also discuss the moments that we use for the

structural estimation.

G.1 Model

In this subsection, we describe the structural model that we take to the data.

Demographics. Agents start working life at 25, face age-dependent positive death

probabilities, and die with certainty at age 100. The model period is two years and our

unit of observation is the household.

Preferences. Households maximize:

maxEt
[
t=T∑
t=0

βtSt
[ctφ(ht)]1−γ

1− γ

]
(25)
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where c is nondurable consumption, γ is the coefficient of relative risk aversion, β is the

discount factor, φ(ht) is a function of the current housing status, normalized such that

φ(0) = 1 and φ(1) = uh, and St is the probability of arriving alive at time t.

Earnings process. As in the main text, the stochastic component of earnings can be

decomposed to a persistent and transitory component (Equation 1), and we use alterna-

tively a canonical linear specification and a non-linear, non-normal specification for both

components of the earnings process. There is no earnings risk after retirement (age 65),

from which households get a public pension.

Budget constraint. Households can save in two types of financial assets and in hous-

ing:

ct+1 + st+1 + at+1 + κf (It+1, It) + phht+1 + κh(ht+1, ht) + rhI(ht = 0) +mt+1 = (26)

(1 + rst+1)st + (1 + r)at + yt+1 + phht + (1 + rm)mt (27)

where st is the amount of wealth invested in the risky asset and at the amount of wealth

invested in the risk-free asset at time t. rst+1 represents the risky return of stocks (which

is i.i.d.), while r is the risk-free rate. κf represents potential costs of participation in the

stock market, which depend on the households’ stock market participation status It. We

define

It = (st > 0). (28)

These may be per-period participation costs (just dependent on It+1), fixed participation

costs (only paid if It = 0 and It+1 = 1, and zero if It = 1) or a combination of both.

ph represents the (fixed) price of housing, κh(ht+1, ht) represents the transaction costs

associated with the purchase of the house, which we model as a fixed fraction of the

house price for both buyer and seller, and rh represents the rental rate for those who do

not own a house, which is a fixed fraction of house prices. mt represents the outstanding

mortgage balance (mt ≤ 0) and rm the associated mortgage balance.

Households can borrow in order to buy a house. Borrowing constraints are thus:
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at+1 ≥ 0, st+1 ≥ 0 (29)

for renters and

at+1 ≥ 0, st+1 ≥ 0,mt+1 ≥ −λhphht+1 (30)

for homeowners.

For simplicity, we assume that the borrowing constraint on mortgages is always bind-

ing mt+1 = −λhphht+1 (as in Vestman (2019)).

Finally, we define

xt = (1 + rst+1)st + (1 + r)at + (1 + rm)mt (31)

as the amount of cash-on-hand that an individual has at the beginning of period t.

Households’ problem Households thus solve the following problem:

Vt(xt, yt, It, ht) = max
ct,at+1,st+1,ht+1

{
(ctφ(ht)1−γ

1− γ + β
St
St−1

EtVt+1(xt+1, yt+1, It+1, ht+1)
}

(32)

subject to the budget constraint (27) and the borrowing and short-sale constraints (29)

and (30), and where the expectation Et is taken with respect to future realizations of

persistent income, transitory income, and stock market returns.

G.2 Targeted moments and model fit

All externally calibrated parameters are identical to those in the main version of the

model. Additionally, we assume that the house price is fixed at ph = 4 years of average

disposable household income, transaction costs are kh(ht+1 = 1, ht = 0) = kh(ht+1 =

0, ht = 1) = 0.05ph, annual rental costs are 2.5% of the house price, and the interest rate

on mortgages is rm = ra = 2% annually.

We estimate the life-cycle model of portfolio choice under the presence of housing

via SMM. The difference between the model we present here and the baseline model,

is that we target additional moments that are informative of the homeownership status

of households. Specifically, we target the following additional moments: homeownership
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rate (0.76), the median total wealth-to-income ratio (1.27), and the parameters of an

OLS regression which now includes a dummy for homeownership, following Yao and

Zhang (2005). We report the results of these regressions below in Table 26. The results

that we obtain from the estimations confirm our previous results that past participation,

income and wealth are important determinants of participation.

Table 26: Determinants of portfolio choice with housing
(1) (2) (3)

VARIABLES OLS Probit CRE Probit

Past participation 0.491*** 1.382*** 1.042***

(0.00814) (0.0266) (0.0558)

Assets (in logs) 0.0401*** 0.327*** 0.418***

(0.00174) (0.0124) (0.0193)

Income (in logs) 0.0309*** 0.120*** 0.156***

(0.00353) (0.0190) (0.0258)

Homeownership -0.0503*** -0.185*** -0.209***

(0.00723) (0.0451) (0.0567)

Constant -1.277 -9.838 -8.114

(1.425) (7.310) (7.746)

Observations 17,987 17,982 17,982

R-squared 0.398

Number of person 4,211

Model fit. The fit of the model with respect to the targeted moments is below in Table

27. As can be observed, both processes fit the data well, with the non-linear earnings

process fitting the homeownership rate better than the canonical process.
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Model Baseline

Moment Data NL Ca

Participation 0.32 0.2934 0.37642

Risky share 0.60 0.6467 0.67011

Med total W/I 1.27 1.6713 1.039

OLS constant -0.492 (2.474) -4.3281 0.73367

OLS partic 0.491 (0.008) 0.68899 0.56212

OLS age 0.0699 (0.139) 0.41358 0.070539

OLS age2 -0.00235 (0.00497) -0.014718 -0.0074202

OLS age3 3.07e-5 (7.75e-5) 0.0002323 0.00018509

OLS age4 -1.42e-7 (4.45e-7) -1.3572e-06 -1.4219e-06

OLS log income 0.0309 (0.00353) 0.20522 0.28195

OLS log wealth 0.0401 (0.00174) 0.025285 0.0048599

OLS homeownership -0.0503 (0.007) -0.039296 0.34376

Homeownership rate 0.76 0.77137 0.49091

Table 27: Targeted parameters for the portfolio choice model under housing

G.3 Homeownership and life-cycle profiles of portfolio choice
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Figure 22: Homeownership rates by age (left: NL; right: CA)
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Figure 23: Stock market participation by age (left: NL; right: CA).
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Figure 24: Asset accumulation and consumption over the life cycle (left: NL; right: CA).
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G.4 Consumption pass-throughs

We also estimate the consumption pass-throughs implied by the model with housing.

As in Appendix E, we estimate the semi-structural consumption policy function (22)

specified in Arellano et al. (2017). The main difference between the estimation in this

exercise and that in the baseline model is that ait is now defined as the sum of financial

and housing wealth, which is closer to the definition in ABB.

As we show in Figure 25, the results are quite similar to the baseline model. We

estimate a marginal propensity to consume out of persistent income ηit which ranges

from 0.3-0.8; the resulting consumption surface also is similar to the results in Arellano

et al. (2017). The canonical model, on the other hand, results in a widely different

estimate of the MPC. We also compute the associated Blundell et al. (2008) coefficients

and find that the associated BPP estimate is 0.39, much closer to the BPP estimate

of 0.36. The canonical model, meanwhile, implies a BPP estimate of 0.10. We also

estimate the marginal propensity to consume out of assets, and as Figure 26 illustrates,

the economy with the nonlinear earnings process gets closer estimates to Arellano et al.

(2017) than the canonical one.

Finally, we find in Figure 27 that stockholders are able to insure their consumption

against income shocks, similar to what we found in the baseline model.

Figure 25: MPCs with respect to persistent component of income ηit, model with housing,
evaluated at percentiles of assets τassets and age τage. Left: nonlinear earnings process.
Right: canonical earnings process.
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Figure 26: MPCs with respect to assets, model with housing, evaluated at percentiles of
assets τassets and age τage. Left: nonlinear economy. Right: canonical earnings process.

Figure 27: MPCs with respect to persistent component of income ηit, stockholders (mesh)
vs. non-stockholders (surface plot), model with housing, evaluated at percentiles of assets
τassets and age τage. Left: nonlinear economy. Right: canonical earnings process.
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