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Abstract

Wealthier individuals tend to allocate a higher percentage of their wealth to equity, a pat-
tern that standard life cycle portfolio choice models cannot explain without decreasing
relative risk aversion (DRRA) preferences. While DRRA preferences align with observed
data, evidence from long-run consumption and risk premia suggests that relative risk
aversion should not depend on wealth. I propose an alternative explanation: wealthier
individuals benefit from higher Sharpe ratios due to reduced risk through more effective
diversification and more accurate return estimates, and are subject to lower per-period
portfolio monitoring costs. By incorporating these factors into a quantitative life cycle
model, I show how these changes bring the model closer to explaining the portfolio allo-
cation choices of wealthier households.
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1 Introduction

Optimal asset allocation and portfolio choice are central research topics in finance, crucial

for understanding household preferences and explaining the demand for equity and as-

set pricing dynamics. Heterogeneity in preferences plays a key role in understanding the

choice patterns of different household groups and has significant implications at the ag-

gregate level for wealth inequality and the relationship between equity demand and asset

prices. Life cycle portfolio choice models that incorporate realistic processes are widely

used in the literature to estimate household preferences and document optimal portfolio

allocation.1

What explains the higher percentage allocation of wealthier households to risky assets?

Decreasing relative risk aversion (DRRA) preferences offer one explanation (Wachter and

Yogo, 2010; Carroll, 1998; Meeuwis, 2020). DRRA preferences suggest that as wealth in-

creases, relative risk aversion decreases, leading to proportionally higher risk-taking be-

haviour among wealthier households. This mechanism could rationalize their higher per-

centage allocation to risky assets.

Even though DRRA preferences can bring the model closer to explaining data observa-

tions of top wealth percentiles allocating a greater percentage of their wealth to risky as-

sets, long-run patterns of interest rates and risk premia suggest that relative risk aversion

cannot strongly depend onwealth (Cambell and Viceira (2002)). Historically, households

have become wealthier over time. DRRA preferences imply that rising overall wealth lev-

els would have significantly altered consumption, interest rates and risk premia over the

long run. However, the data show that long-run patterns in interest rates and risk premia

have remained relatively constant, which is inconsistent with the implications of DRRA

preferences.

1See, for instance, Gourinchas and Parker (2002); Cocco et al. (2005); Gomes and Michaelides (2005);
Campbell et al. (2001); Viceira (2001)

1



I propose an alternative explanation following three facts about differences in financial

market outcomes across wealth distribution. First, Campbell et al. (2019) provide empir-

ical evidence showing that less wealthy households face higher risks due to an inability

to diversify their stock portfolios effectively. Second, Gomes et al. (2021) highlight that

less wealthy households incur higher fees. In addition, although low-cost diversification

options are available, navigating these options is more complex and confusing for them,

partly because the number of funds exceeds the number of individual stocks, leading to

lower per-period portfolio monitoring costs with wealth. Similarly, Lusardi and Mitchell

(2014) demonstrate the relationship between financial literacy and stockmarket participa-

tion costs. Third, using highly granular Scandinavian administrative data, Fagereng et al.

(2017) show that wealthier households earn higher returns on their equity investments.

These higher realized returns may influence their expectations, leading them to anticipate

higher expected returns.

Following the literature, I propose that as households become wealthier, equity risk de-

creases, per-period participation costs are reduced, and expected returns are higher. In the

model, relative risk aversion is fixed, but the riskiness of equity, per-period participation

costs and risk premium change with wealth. Thus, the model can match data observa-

tions of portfolio shares with CRRA preferences, which is more suitable for the long-term

behaviour of interest rates and risk premia.

I use different experiments to decompose the quantitative importance of themain ingredi-

ents of the model: higher expected returns, lower risk, or reduced per period stockmarket

participation costs. Following empirical findings of Fagereng et al. (2017), first, I include

higher expected returns for wealthier. Then, I introduce per-period participation cost into

the model and make it heterogeneous with respect to wealth. Lastly, the model is modi-

fied to incorporate lower equity risk for wealthier households. In the final specification,

I combine the three heterogeneities, reduced participation costs, lower equity risks and

higher expected returns from equity.

Results show that while eachmechanism individuallymoves themodel toward the higher
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equity shares held by wealthier households, none is sufficient on its own to match the

patterns observed in the data. Heterogeneous per-period participation costs generate dif-

ferences in percentage allocation between the top and bottom wealth percentiles, but this

effect is limited to very young ages when accumulated wealth is low. Heterogeneous risk

and returns have a similar impact onmodel simulations: each flattens the risky asset share

across the wealth distribution by reducing the high equity allocation of lowwealth house-

holds, thereby aligning the model more closely with the data. Lastly, combining the three

heterogeneities creates a divergence in allocation between the top and bottom wealth per-

centiles across all working ages. Heterogeneous costs capture differences at younger ages

when accumulated wealth is low, while the heterogeneous risk and returns become im-

portant closer to retirement, as accumulated wealth reaches sufficient levels to impact eq-

uity risk and return. Variation in Sharpe ratios across the wealth distribution shows that

cost heterogeneity primarily affects less wealthy young households, while heterogeneity

in risk and returns mainly influences wealthier households approaching retirement, with

returns exerting a larger effect.

A relative risk aversion level of 6 with standard deviations of equity returns decreasing

from 0.21 to 0.16, participation costs reduced from 1.2% of yearly income to zero and risk

premium rising from 3% to 4.5% with the lowest wealth level to the highest, generates a

higher percentage allocation to risky assets for top wealth percentiles. Relative risk aver-

sion of 6 is within the range of literature estimates that incorporate countercyclical labor

income risk and DRRA preferences (Meeuwis (2020); Catherine (2022)).2 The reduction

in per-period participation cost from 1.2% of yearly labor income to zero is also within the

estimates of Catherine (2022), where fixed per-period participation cost is estimated as

0.8% of yearly labor income.3

Lower risk, reduced per-period participation costs and higher returns for wealthier house-

holds result in them allocating a higher percentage of their wealth to risky assets and re-

ceiving higher returns on their portfolios, exacerbating wealth inequality. Standard life
2Fagereng et al. (2017) estimate a higher relative risk aversion of approximately 10 when considering

only tail event risk. Choukhmane and de Silva (2024) provide a more detailed analysis of risk aversion
estimations.

3With cyclical skewness of labor income shocks, the estimate is 0.5% of yearly labor income.
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cycle portfolio choice models can’t match with wealth inequality dynamics, even with re-

alistic settings (Parker et al., 2022; Meeuwis, 2020). Following the empirical findings of

Kartashova (2014) and Fagereng et al. (2020), which demonstrate higher returns from

private wealth than public equity, I incorporate type dependence into the model where

high-type households have private wealth in their risky assets and obtain a higher return

than others from their private wealth to match with wealth inequality dynamics. After

the addition of type dependence in the baseline model, results show that heterogeneities

in risk, returns and costs increase the top 1% wealth share of total wealth from 12% in the

standard model estimates to 21%.

Standard life cycle portfolio choice models estimate a lower percentage allocation to risky

assets for greater wealth levels (Cocco et al. (2005)). Merton (1971) rule suggests the same

percentage allocations to risky assets for all agents with the same level of risk aversion,

irrespective of the wealth level. Including risky labor income in a dynamic setting makes

human capital act as an implicit bond because of the lower risk of labor income than equity;

therefore, where the ratio of human capital to total wealth is high, the model estimates an

optimal percentage allocation to risky assets of almost a hundred percent (Cocco et al.

(2005); Gomes and Michaelides (2003)).

This dynamic leads to a decreasing percentage allocation to equity investments with age,

a strategy central to target date funds (TDFs), as wealth accumulation reduces the rela-

tive share of human capital in total wealth until retirement. Recent literature focuses on

the adaptation of TDF products in retirement wealth and shows that younger cohorts’

portfolio allocation decisions align more with simple life cycle portfolio allocation rules

(Parker et al. (2022)). In contrast, this paper shifts the focus toward total wealth rather

than retirement wealth specifically.

This paper is linked to three main strands of the literature. The first strand focuses on

explaining heterogeneity in risks, returns, and costs. Empirically, Bach et al. (2020) and

Fagereng et al. (2020) demonstrate the wealth effect in Scandinavia using highly granular

administrative data. They show that wealthier households obtain higher returns from
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the same investments than their less wealthy counterparts. Xavier (2021) extends this

analysis to the US using the SCF. Campbell et al. (2019) show that poorer households

have less effective diversification in their stock portfolios. I contribute to this literature by

demonstrating the wealth effect on returns from capital gains for public equity in the US.

Theoretically, Gabaix et al. (2016), Benhabib et al. (2011) andHubmer et al. (2021) show the

effect of heterogeneous returns in explaining wealth inequality. Lusardi et al. (2017) cali-

brate a model with an endogenous choice to invest in financial knowledge, which allows

access to sophisticated financial products with higher expected returns. Daminato and

Pistaferri (2024) link cognitive ability and skills to income growth and wealth returns,

demonstrating their increasing impact on wealth inequality by distinguishing between

skill endowments and portfolio choice. This paper incorporates heterogeneity in risk,

participation costs and expected returns, directly linking these factors to wealth. While

Lusardi et al. (2017) and Daminato and Pistaferri (2024) focus on explaining wealth and

consumption inequality, I examine the disproportionately high equity shares among the

wealthy. The main contribution of this paper is to quantitatively estimate the impact of

these channels by incorporating them into a theoretical model and assessing their effects

on portfolio choice.

A second strand of literature addresses the positive correlation betweenwealth and equity

share. While low participation rates among less wealthy households are largely attributed

to participation costs (Gomes and Michaelides, 2005; Vissing-Jorgensen, 2002; Van Rooij

et al., 2011), this paper focuses on the intensive margin: the variation in equity shares

across the wealth distribution after participation. The main contribution of this paper to

this literature is to explain the higher equity share of thewealthywithout relying onDRRA

preferences, which is inconsistent with long-termmacroeconomic data. While prior stud-

ies employ DRRA either directly (Meeuwis, 2020; Calvet and Sodini, 2014) or indirectly

through non-separable utility from luxury goods and capitalist spirit motives (Wachter

and Yogo, 2010; Carroll, 1998; Bakshi and Chen, 1996; Carroll, 2000), I provide an alterna-

tive mechanism that maintains consistency with empirical wealth allocation patterns.
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Lastly, the paper contributes to the growing body of literature focused on explaining

portfolio allocation decisions and household preferences (Gourinchas and Parker (2002);

Cocco et al. (2005); Gomes and Michaelides (2005); Cocco (2005); Yao and Zhang (2005);

Benzoni et al. (2007); Dimmock et al. (2016); Fagereng et al. (2017); Duarte et al. (2021);

Catherine (2022); Shen (2024)). Cocco (2005) shows that having a large portion of hous-

ing wealth in household portfolios reduces equity holdings, and Yao and Zhang (2005)

extends the literature by including rentalmarkets and showingdifferences in equity shares

between renters and homeowners. Recent advancements in this field, notably Catherine

(2022) and Shen (2024), attribute the rising equity share over the working life to counter-

cyclical labor income risk. However, while thesemodels capture the aggregate age profile,

they do not account for the within-age heterogeneity in equity shares across the wealth

distribution observed in the data. I demonstrate that wealthier households hold a higher

equity share within the same age groups.

The paper is organized as follows. The next section covers data, sample selection and port-

folio allocation evidence by wealth percentile. Section 3 presents the baseline model and

extensions for heterogeneous costs, risks, returns and both combined. Section 4 details

model calibration and estimation. Sections 5 and 6 report policy functions and simulation

results. Section 7 shows aggregate effects of heterogeneity in risk, returns and costs in the

economy. Finally, Section 8 concludes.

2 Data

I use the Survey of Consumer Finances (SCF) from 1989 to 2022. SCF is a triennial cross-

sectional survey that collects detailed information about the wealth and portfolio alloca-

tions of US households.4 I use the data for two main purposes: calculating stock returns

and obtaining information on the life-cycle profiles of equity shares across top and bottom

wealth percentiles. Different sample selections are used for each purpose.

4SCF overweights wealthy, therefore I use household weights to make the estimates representative of all
US households.
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2.1 Sample selection

The sample used for calculating the life cycle profile of equity shares includes households

aged between 26 and 64. This paper focuses on the pre-retirement period, as standard

life-cycle portfolio choice models more effectively capture wealth accumulation and in-

vestment behavior before retirement (Gomes, 2020). Household wealth is represented

as net worth, which is assets that include housing wealth minus debt and is recorded

as networth in the documentation of the SCF. Total equity holdings are given as equity in

SCF documentation. Thus, equity share is calculated as the percentage of equity hold-

ings in net worth, equity/networth. The sample is restricted to households that have a net

worth greater than $1,000, who are not business owners, and havewage income (wageinc)

greater than $100. Summary statistics are given in Table 1.

2.2 Equity share profile

As shown byAmeriks andZeldes (2004), age, time and cohort have perfectmulticollinear-

ity because of the linear relationship between the three: age = time - cohort. The multi-

collinearity makes it challenging to disentangle the relationship between the three and

capture the effects separately from each other. In order to break the multicollinearity and

obtain the age profile of equity share, following Deaton and Paxson (1994) and Fagereng

et al. (2017), I assume that time trends add up to zero by modifying time effects to be

orthogonal to each other and sum to zero.

Following Ameriks and Zeldes (2004), I construct three-year age and cohort groups in

the SCF. Wealth percentiles are calculated using networth of households across all survey

waves from 1989 to 2022 within each age group. Then, wealth percentile subsamples are

established. Finally, OLS regressions using Deaton and Paxson (1994) methodology are

run on equity share with time, age and cohort dummies for the four wealth percentile

groups. Figure 1 shows average estimated equity shares with age and wealth.
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Results show that the whole sample follows an increasing pattern with age. Catherine

(2022) and Shen (2024) show the same pattern and explain the reason for this pattern

with countercyclical labor income risk.5 Meeuwis (2020) shows the same increasing pat-

tern for different wealth percentile groups with a restricted sample of investors who have

considerable retirement wealth in the SCF.

Figure 1 exhibits large differences between the top and bottom wealth percentiles: the

top 25 wealth percentile has a larger equity share than the whole sample average and the

bottom. The bottom 25wealth percentile only allocates approximately 10% of their wealth

to equity, whereas at the top wealth percentile, equity share is sharply increasing with age

from 20% to 40%. This paper aims to understand the impact of decreasing equity risk and

portfolio monitoring cost with wealth on the observed differences in equity share between

the top and bottom wealth percentiles.

2.3 Diversification

Campbell et al. (2019) show empirically that wealthier Indian households diversify better

than less wealthy. Because India is a developing country, findings from India may not be

directly applicable to developed economies. Using the SCF that represents a large sample

of the US population, Figure 2 demonstrates the number of different companies in house-

hold portfolios for different wealth percentiles. The SCF question is asked as follows: ”In

howmany different companies do you (or your family living here) own stock?”. The ques-

tion further states that the SCFwants the number of companies inwhich respondents own

stock, not the number of individual shares.

Figure 2 shows the average number of different companies in stock portfolios of house-

holds that are equity participants for different wealth percentiles. First, wealth percentiles

are calculated using networth of households for each surveywave from 1989 to 2022. Then,

averages of the number of different companies are calculated using household weights for

5Fagereng et al. (2017), Gomes and Smirnova (2021) and Poterba et al. (1997) show hump-shape age
pattern of equity share.
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each wealth percentile. Two distinct patterns are observed. The first one is the increase

with wealth percentiles; households that are at the higher wealth percentiles have a larger

number of different companies in their stock portfolios. Second is the sharp increase at the

top, the number of different companies invested by households after the 85th wealth per-

centile. Until the 85th wealth percentile, the number of different companies rises from 1 to

6, whereas from the 85th to the top, it increases to approximately 20 different companies

in the stock portfolio.

Although not perfectly linking the pattern observed in Figure 2 to diversification, wealth-

ier households having a larger number of different companies in their stock portfolios can

be linkedwith better diversification ability of thewealthier for a large sample of US house-

holds, and it is shown that the highest number of different companies in household stock

portfolios is concentrated at the top of the wealth distribution. Figure 3 plots the weighted

average share of stock mutual funds in household stock portfolios, where stock portfolio

= directly-held stocks + stock mutual funds. Wealthier households hold a higher per-

centage of mutual funds, which increases the diversification of their stock portfolios and

reduces overall stock market risk.

3 Model

What are the quantitative impacts of lower risk, higher returns, and reduced costs for

wealthier households on their portfolio choice? To investigate this question, I develop a

life-cycle portfolio choice model that incorporates heterogeneity in risk, returns, and costs

across the wealth distribution. I introduce these sources of heterogeneity sequentially to

assess the quantitative impact of each channel on household portfolio choice.

3.1 Preferences

Households enter the model at age 20 and receive labor income immediately until the

retirement age of 65. Households live for a maximum of 100 years and the life cycle ends
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at the terminal period, with age-dependent survival probabilities calibrated from Cocco

et al. (2005).

Households have Epstein and Zin (1989) preferences defined recursively over consump-

tion Cit and the elasticity of intertemporal substitution is separated from the relative risk

aversion:

Vit = max
Cit,αit

{
(1− β)C

1−1/ψ
it + β

(
Et
[
pt+1V

1−γ
i,t+1

]) 1−1/ψ
1−γ

} 1
1−1/ψ

(1)

Where β is the discount factor, γ is the coefficient of relative risk aversion and ψ is the

elasticity of substitution. pt+1 is the probability that household is alive at t+1 conditional

on being alive at date t. As there is no bequest in the model, agents consume their cash on

hand in the terminal period.

3.2 Labor income process

Following the standard labor income process from the literature6, before the retirement

age K, labor income for individual i at age t (Yit) is driven by a deterministic function of

age (f(t)), a permanent income shock (vit), and a transitory income shock (uit). House-

holds work for 46 periods until retirement at age K.

The deterministic age profile f(t) is calibrated from the estimates of Cocco et al. (2005),

modeled as a third-order polynomial in age. The log of labor income before retirement is

given by:

ln(Yit) = f(t) + vit + uit for t < K (2)

vit = vi,t−1 + zit (3)

6See: Gourinchas and Parker (2002); Gomes and Michaelides (2005); Cocco et al. (2005); Davis et al.
(2006)
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Household’s permanent income level Pit is defined such that it incorporates both the de-

terministic age profile and the permanent shock:

Pit = exp(f(t) + vit) (4)

This implies that Yit = Pit exp(uit). The logs of the transitory and permanent income

shocks are normally distributed with zt ∼ N(−1
2
σ2
z , σ

2
z) and ut ∼ N(−1

2
σ2
u, σ

2
u).

After retirement, labor income is a constant fraction λ of permanent labor income in the

last working year:

ln(Yit) = ln(λ) + f(K) + viK where t ≥ K (5)

A low correlation between permanent labor income shocks and stock market returns is

allowed in the model, following the framework of Campbell et al. (2001), Gomes and

Michaelides (2005), and Wachter and Yogo (2010).

3.3 Financial assets

There are two asset classes in the model: risky and riskless assets. The risky asset corre-

sponds to holding stocks, public equity and the riskless asset class is considered as saving

accounts, cash, bank deposits and bonds. The gross real return on the riskless asset is

denoted as Rf , which is fixed and not correlated with income or other parameters. The

gross real return on stocks at time t is shown as Rs
t .

In the model, as households accumulate wealth, they estimate equity returns more accu-

rately with better information, and they diversifymore effectively. These twomechanisms

result in lower riskiness of the returns from equity investment for wealthier households.

The model is modified to incorporate the standard deviation of the risky investment (σε)

that decreases proportionally with the wealth level (Xt). A decreasing standard devia-

tion leads to a higher Sharpe ratio, which in turn results in a higher estimated percentage

allocation to risky assets for wealthier households.
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In addition to decreased risk, following the results of Fagereng et al. (2020) that show the

wealthy obtain higher returns than their lesswealthy counterparts, themodel incorporates

higher expected returns for wealthier households. The expected equity risk premium de-

pends on the wealth on hand at age t.

Rs
i,t+1 −Rf = µ(Xit) + εi,t+1(Xit) (6)

where εit(Xit) ∼ N(0, σ2
ε(Xit)) (7)

µ(Xt) is the expected equity premium and εt is the shock to equities, which follows a

normal distribution with a mean of zero and a wealth-dependent standard deviation of

σ2
ε(Xit). Furthermore, there is a per-period participation cost that varies with the level of

wealth, reflecting the fees and information acquisition costs paid conditional on market

participation.

Following Fagereng et al. (2017), stock return is subject to tail event risk.

Rs
i,t+1 ∼

R
f + µ(Xit) + εi,t+1(Xit) with probability 1− πR,

Rlow with probability πR
(8)

πR is the probability of the tail event. Tail event risk decreases the expected return from the

risky asset, thus affecting the model estimation of the optimal percentage share of risky

assets.

3.4 Wealth accumulation

At each time t, households start with accumulated wealthWt and receive labor income Yt,

total amount is available for consumption and saving is denoted as cash on hand.

Xit = Wit + Yit (9)
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There is a per-period participation cost in the model. In each period, conditional on par-

ticipation, households pay a cost for participating in the stock market that reflects the

portfolio monitoring cost and paid fees. Per-period participation cost is commonly used

in literature, but not in a continuous heterogeneous setting.7

Households decide the amount of consumptionCt anddecide to allocateαt share to equity.

Conditional on participation, participation cost Ft that depends on cash on hand is paid

conditional on participation where It is the dummy variable that denotes participation.

Xi,t+1 = (Xit − Cit − F (xit)I
α>0
it Pit)R

p
i,t+1 + Yi,t+1 (10)

where Rp
i,t+1 is the portfolio return given by:

Rp
i,t+1 = αitR

s
i,t+1 + (1− αit)R

f (11)

Borrowing against future labor income is not allowed. In addition, stocks can not be short

sold.

0 < Cit ≤ Xit − F (xit)I
α>0
it Pit (12)

0 ≤ αit ≤ 1 (13)

3.5 Household optimization problem

Households maximize their lifetime recursive value function by optimizing the choice of

Consumption Ct and risky share αt under uncertainties of labor income with transitory

and permanent shocks ut and vt and the stock return εt.

max
{αit}Tt=1,{Cit}Tt=1

E(V0) (14)

7Catherine (2022) suggests model’s high estimation of optimal percentage allocation rate for younger
ages may be eliminated by introducing heterogeneous per-period participation costs.
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Where V0 is given by the equation 1 and is subject to constraints given by equations from

6 to 13.

In order to reduce the complexity of the model, all parameters are divided by permanent

income Pit where Pit = evit . Let xit = Xit
Pit

and cit = Cit
Pit

be normalized cash on hand and

consumption. The state space is reduced to two variables: age t and normalized wealth

on hand x. Choice variables are consumption C and risky portfolio share α. Then, in a

recursive decision setting, the normalized household maximization problem becomes:

Vit(xit) = max
{cit}Tt+1,{αit}Tt+1

{1− β) c
1−1/ψ
it + β

Et(pt+1

((
Pi,t+1

Pit

)1−γ

Vi,t+1(xi,t+1)
1−γ

)] 1−1/ψ
1−γ


1

1−1/ψ

(15)

Which is subject to:

xi,t+1 = (xit − cit − F (xit)I
α>0
it )Rp

i,t+1

Pit
Pi,t+1

+ eui,t+1 for t < K (16)

xi,t+1 = (xit − cit − F (xit)I
α>0
it )Rp

i,t+1

Pit
Pi,t+1

+ λ for t ≥ K (17)

The details about the solution of themodel is given in the Appendix A.6. First, households

derive a rate of return from their investmentsX in the previous period. Then, they decide

to allocate the risky share α and the level of consumptionC. Before retirementK, stochas-

tic labor income Y is realized. After retirement, labor income follows purely deterministic

function. The focus of this paper is before retirement as life cycle portfolio choice models

fit the data better for before retirement and after younger ages (Gomes, 2020).

3.6 Parameters

The calibrated values of the model are shown in Table 2. In the baseline model, I set

relative risk aversion to 6, which falls within the range used in studies addressing life-cycle

portfolio choice problems. Catherine (2022) estimates relative risk aversion at 6 using

countercyclical skewness in labor income shocks, andMeeuwis (2020) estimates a baseline

14



risk aversion for DRRA preferences between 6 and 6.5. Following Gomes (2020), I set the

elasticity of intertemporal substitution (EIS) to 0.5 and the time discount rate to 0.97.

In the model, agents start at age 20 and immediately start receiving labor income. Labor

income is calibrated using the estimated values of Cocco et al. (2005).8 Correlation be-

tween permanent income shock and stock returns is set at 0.15 following Campbell et al.

(2001), Gomes andMichaelides (2005) andWachter and Yogo (2010). The risk-free rate is

set at 1.5% and the risk premium is equal to 4.5%. The standard deviation of stock returns

is set at 0.16, reflecting the historical average of the US stocks. Finally, following Fagereng

et al. (2017), the probability of a tail event is equal to 2%, and in the case of a rare disaster,

agents lose 45% of the realised return.

4 Calibration

The unique feature of the model is incorporating heterogeneous equity risk, returns, and

per-period participation cost into the framework of Gomes and Michaelides (2005). In

the model, all parameters are normalized with the level of permanent income to reduce

complexity. Thus, wealth to income ratio is a state variable, and equity risk, returns and

per-period participation costs are decreasing functions of wealth to income ratio. One

challenge in this analysis is determining the extent to which equity risk, returns and par-

ticipation cost decrease in relation to the observed wealth to income levels.

There are three things to consider for calibrating decreasing equity risk, returns, and cost

in the model: the lower bound, the upper bound and the decreasing function between the

lower and upper bounds. Even though some risk and per-period participation costs can

be eliminated with effective diversification and reduced costs of access to better informa-

tion and portfolio monitoring costs with wealth, the risk and cost can not be eliminated

perfectly. Similarly, the equity premium cannot rise to levels not observed in the data.

8Cocco et al. (2005) estimate labor income process and standard deviations of labor income of US house-
holds using Panel Study of Income Dynamics (PSID).

15



Consequently, risk, returns, and costs are all constrained to a certain threshold for the

wealthiest investors.

To identify the wealth to income ratio of the wealthiest households, Figure 4 plots wealth

percentile groups against their correspondingwealth to income ratios. The horizontal axis

groups households into five wealth percentile groups, while the vertical axis shows the

average wealth to income ratio for each group. Figure 4 illustrates the increase in wealth

to income ratios for higher wealth percentile groups. Households in the top 20 percent of

the wealth distribution have a wealth to income ratio of about 13. Reflecting this empirical

finding, the model calibration sets wealth to income ratio of 13 as the threshold for the

equity risk, return, and participation cost functions.

The lowest equity risk is selected as 0.16 to reflect the historical average of standard devi-

ation of returns in the S&P500, with an equity premium of 4.5%. The lowest per-period

participation cost is selected as zero for the wealthiest. The model is calibrated to have

these fixed levels of risk, returns and participation costs for wealth to income ratios higher

than 13.

Figures 5, 6, and 7 display the calibrated values for equity risk (standard deviation of re-

turns), portfolio monitoring cost as a percentage of the yearly average labor income, and

risk premium for different levels of wealth. For wealth to income levels above 13, the stan-

dard deviation of equity returns is fixed at 0.16, and per-period participation cost is fixed

at zero and the risk premium is 4.5%. Forwealth to income ratios below 13, calibrations for

risk, cost, and returns have the functional form that is shown in Equations 18, 19 and 20,

respectively. The results indicate that these functional forms provide the best fit between

the model estimates and the observed data.

y = (1− xa)× b1 + 0.16 (18)

y = (1− xa)× b2 (19)

y = 0.045− (1− xa)× b3 (20)
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Where x is uniformly distributed between 0 and 1. As wealth increases, both risk and cost

decrease, whereas the risk premium rises. The equations involve two free parameters,

a and b. Parameter a determines the curvature, meaning the magnitude of the change

from the lowest to the highest levels of risk, return, and cost. Households are subject to

similar levels of risk, returns and cost with respect to their level of wealth, thus the same

curvature parameter a is chosen for both calibrations. Parameter b captures the difference

between the lowest and highest levels, b1, b2 and b3 determine the difference in risk, cost,

and returns, respectively.

Results show that a = 15 combined with b1 = 0.05, b2 = 0.012 and b3 = 0.015 yield model

estimates that align closely with the observed data. While these parameters are chosen

to ensure the model aligns with observed data, to improve the accuracy and precision

of these estimates, future research will use the simulated method of moments (SMM) to

directly estimate a, b1, b2 and b3 by matching moments of the model and the data.

Fagereng et al. (2020) show a 2.5% difference in stock returns between the lowest and high-

est wealth groups.9 Xavier (2021) extends their findings to dividend yield from the stock

market in the US and shows that wealthier households have a higher dividend yield from

the stockmarket. By calculating the returns from capital gains, I show thewealth effect for

returns at the capital gains and demonstrate that wealthier households have higher total

returns from the stock market in the US. Results are shown in Figures 8 and 9. Figures

show that higher wealth percentiles obtain larger total returns and capital gains. Detailed

information on return calculations is given in the Appendix A.4. Based on the results of

Fagereng et al. (2020), a calibrated 1.5% difference in the expected returns aligns well with

empirical findings. Catherine (2022) estimates a fixed participation cost equal to 0.8% of

the average yearly labor income in the US. A calibrated participation cost, which ranges

from 1.2% of the average yearly labor income for the least wealthy down to zero, aligns

with findings in the literature.

9Their results show the wealth effect from the stock market both at the risk-adjusted and non risk-
adjusted returns.
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5 Policy functions and Sharpe ratios

There are two state variables in the model: age andwealth level, which is normalised with

the income, and there are two choice variables: consumption and percentage allocation to

risky assets. The variable of interest in this research is the choice of percentage allocation to

risky assets (α). Policy functions represent the optimal level of α for each age and wealth

level. Results are given in Figure 10a for the benchmark case with normalised wealth to

income. The optimal percentage of the risky share starts from a hundred percent for low

wealth levels and decreases as households obtain more wealth. As discussed by Cambell

and Viceira (2002), Gomes and Michaelides (2005) and Cocco et al. (2005), labor income

acts as an implicit bond. Therefore, at low levels of wealth, most of the household’s total

wealth is derived from labor income, making it optimal to allocate a hundred percent of

wealth to risky assets. As a result, as the household gets wealthier, the optimal percentage

allocation to risky assets decreases.

Figure 10b shows the α policy function of the final specification. The addition of per-

period participation cost makes the optimal α start from zero for low levels of cash-at-

hand. When a household has more wealth, it allocates a higher percentage of its wealth to

risky assets due to the lower risk of equity with wealth and reduced per-period costs paid

for participation in the equity market. Labor income continues to act as an implicit bond,

this reverse effect drives the optimal percentage allocation to risky assets downward for

high levels of normalized wealth level.

The change in the policy function between the baseline and final models is driven by

changes in the Sharpe ratios across differentwealth and age groups. Because themodel in-

corporates varying levels of risk premium (µ), risk (σε), and participation costs (F ) across

wealth levels, the underlying Sharpe ratios are directly affected. To examine this varia-

tion, I run each model specification 100,000 times and rank the simulated agents based on

their average wealth in each time period to construct wealth quartiles. Finally, I plot the

calculated realized Sharpe ratios for each age and wealth group.
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Because the baseline model assumes no participation costs, the portfolio return is defined

by Equation 11. Consequently, the Sharpe ratio is calculated as follows:

SR =
E[Rp]−Rf

σ(Rp)

=
αE[Rs] + (1− α)Rf −Rf

ασε

=
αE[Rs] +Rf − αRf −Rf

ασε

=
α (E[Rs]−Rf )

ασε

=
E[Rs]−Rf

σε
=

µ

σε
(21)

Without participation costs and with two assets (one risky and one risk-free), the Sharpe

ratio of the portfolio is equal to the Sharpe ratio of the risky asset, regardless of the percent-

age allocation between the risky and risk-free asset. Thus, for all wealth levels, the baseline

model yields constant Sharpe ratios due to the absence of participation costs and hetero-

geneities. The results of the baseline model are given in Figure 11. The variations around

the mean result from simulation noise. Increasing the number of simulated agents from

100,000 to 1,000,000 decreases the noise around the mean, as shown in Appendix A.10.

Next, I add heterogeneity in returns, where the least wealthy households are subject to a

1.5% lower risk premium than the wealthiest. Results are presented in Figure 12. Hetero-

geneous returns have a greater impact on wealthy households closer to retirement, while

they have almost no impact on the least wealthy groups. Then, I test the impact of hetero-

geneous risks on Sharpe ratios. Results indicate that heterogeneous risks have a similar

impact to heterogeneous returns but with a smaller magnitude, as shown in Figure 13.

Figure 14 shows the impact of heterogeneous costs on Sharpe ratios. Results indicate that

heterogeneity in costs impacts the least wealthy young households the most. Figures 15

and 16 present the joint effects of heterogeneity in (i) returns and costs and (ii) risk and

costs, respectively. When returns and costs are considered together, it becomes clearer

that for the less wealthy, the impact comes from costs, whereas for the wealthy, it comes
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from returns. Combining heterogeneous risks and costs yields a similar dynamic.

Lastly, in the final specification, the model incorporates heterogeneity in risk, returns, and

cost. Results are shown in Figure 17. Now, with lower returns, higher risk, and higher cost,

the Sharpe ratio is so low for the least wealthy that they only begin to participate once they

accumulate sufficient wealth. In summary, while heterogeneous costs primarily burden

the least wealthy young households, heterogeneity in risk and returns mostly impacts

wealthy households nearing retirement when their lifecycle wealth is highest. Ultimately,

when all forms of heterogeneity are considered together, the low participation rates of less

wealthy households are explained by the depressed Sharpe ratios stemming from high

risk, low returns and elevated cost.

6 Comparison between model and data

Themodel is estimatedwith threemain specifications: heterogeneous risk, heterogeneous

returns, and heterogeneous costs, and it is compared with the baseline model. Finally,

combinations of the three dimensions are quantified. Each specification produces a pol-

icy function that gives optimal consumption and risky share decisions. Using these policy

functions, I simulate 100,000 households that are subject to idiosyncratic risks and cre-

ate an economy to compare model estimates with the observations in the data. Initial

wealth levels are calibrated using the SCFwith ages between 26 and 28. Detailed informa-

tion about initial wealth estimation using the SCF is given in the Appendix A.8. For each

model specification, I rank individuals in the simulated economy based on their average

wealth. I then identify wealth percentiles and create quartiles of the wealth distribution,

and compare these groups with the corresponding observations in the data.

6.1 Baseline model

The benchmark model is without per-period participation costs and assumes a constant

level of risk for equity investments for all wealth levels. As discussed in Section 5, labor
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income acts as an implicit bond, consequently estimating a hundred percent allocation to

risky assets because of low wealth levels at early ages. Simulation results of the bench-

mark model are given in Figure 18. The lines represent wealth percentile groups, with the

wealthiest shown in the darkest blue. Results show that the average risky share starts at

nearly a hundred percent and then decreases with age as households accumulate wealth.

Also, the benchmarkmodel estimates a higher percentage allocation to risky assets for the

bottom wealth percentiles, which is inconsistent with data observations.

6.2 Heterogeneous returns

In the second specification, following the empirical findings in Fagereng et al. (2020),

wealthier households are subject to higher expected returns. Figure 19 shows the sim-

ulation results. In this model, agents with higher wealth to income ratios have a higher

expected return, which would increase the estimated percentage allocation to risky as-

sets of wealthier households relative to their less wealthy counterparts. Consequently,

the higher percentage allocation to the risky asset for less wealthy households seen in

the baseline model is not present in this specification. Instead, the results show approx-

imately similar percentage allocations to the risky asset across different wealth groups.

Even though higher expected returns for wealthier households bring the model results

closer to matching the data observations, they are still not sufficient to generate a higher

percentage allocation of wealth to the risky asset among the wealthiest households.

6.3 Heterogeneous per-period participation costs

In this specification, I introduce per-periodparticipation costs that decreasewith the house-

hold’swealth level, reflecting lower suggested fees forwealthier individuals, reduced costs

of monitoring portfolios due to better access to information, and higher financial sophis-

tication (Gomes et al. (2021), Campbell (2006), Guiso and Sodini (2013)).

Using the SCF, Catherine (2022) estimates the optimal fixed per-period participation cost

21



as 0.8% of yearly income. In this model, instead of assuming a fixed cost for all wealth

levels, per-period participation cost is calibrated to decrease from 1.2% of yearly income to

zero as wealth to income ratio rises. Simulation results are given in Figure 20. Introducing

per-period cost decreases the percentage allocation for young ages and estimates a higher

percentage allocation to risky assets for the topwealth percentile. However, once sufficient

wealth is accumulated after the early years, heterogeneity in per-period participation costs

no longer significantly impacts households at older ages.

6.4 Heterogeneous riskiness

Twomain factors contribute to the lower risk from equity for wealthier households: better

diversification and more accurate estimation. Following this idea, I incorporate hetero-

geneous riskiness into the model. In India, Campbell et al. (2019) empirically show that

less wealthy households experience twice the standard deviation in stock market returns

compared to wealthier households due to less effective diversification. Similarly, for the

US, Figure 2 shows the increase in the number of different companies in household stock

portfolios with an increase in wealth percentiles. Simulation results are given in Figure

21. The results suggest that heterogeneous returns and heterogeneous risk have a simi-

lar impact; they both yield approximately similar percentage allocations to the risky asset

across different wealth groups. Although heterogeneous risk brings the model results

closer to the data observations relative to the baseline, it is still insufficient to match the

observations in the SCF.

6.5 Heterogeneous risk and per-period participation costs

Results show that heterogeneous costs explain the higher percentage allocation to risky

assets of wealthier households at younger ages. Therefore, in the next model specifica-

tions I combine heterogeneous costs with risks and returns. In this section I introduce

heterogeneous risks and per-period participation costs into the baseline model. The stan-

dard deviation of equity returns decreases from 0.21 to 0.16, and per-period participation
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costs fall from 1.2% of yearly income to zero from the least wealthy to the most wealthy.

The results are presented in Figure 22.

The results indicate that once agents accumulate wealth exceeding the participation cost,

a threshold reached at relatively young ages, the model predicts an unrealistically high al-

location to risky assets. This finding suggests that heterogeneity in costs and risks by itself

cannot align the model with the data. Appendix A.7 reports the results for the case with

heterogeneous risk and fixed (wealth-invariant) costswith a per-period portfoliomonitor-

ing cost of 0.8% of yearly income as estimated by Catherine (2022). The evidence suggests

that this combination does not generate a higher share of risky assets in the portfolios of

wealthier households.

6.6 Heterogeneous return and per-period participation costs

Next, I consider the specification with heterogeneous return and per-period participation

costs. The risk premium rises from 3% to 4.5%, and per-period participation costs reduce

from 1.2% of yearly income to zero from the least wealthy to the most wealthy. The re-

sults are presented in Figure 23. Results show that the 3% risk premium for the lowest

wealth level significantly decreases the optimal percentage allocation to risky assets for

the least wealthy. Therefore, with heterogeneous risks and costs, the model can capture

the increasing pattern of risky share with age. However, the model’s results do not align

with the SCF data, suggesting that heterogeneous returns and costs are not sufficient to

match the data observations.

6.7 Heterogeneous risk, returns and costs

In the final specification, I combine heterogeneity in risk, returns and costs. Under this

specification, the standard deviation of equity returns declines from 0.21 to 0.16 across

the wealth distribution, per-period participation costs fall from 1.2% of annual income

for the least-wealthy households to zero for the wealthiest, and the risk premium rises
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from 3% to 4.5% from the least to the most wealthy. The results are reported in Figure 24,

which presents the model outcomes on the left and the corresponding SCF data on the

right. Overall, this specification successfully generates a higher allocation to risky assets

among wealthier households for each age group, consistent with the empirical patterns.

7 Aggregate effects

Heterogeneous risk, returns and per-period participation costs combined with type de-

pendence have important implications at the aggregate level, mainly for explainingwealth

inequality and estimating preference heterogeneity. In this section, I examine the impact

heterogeneities in risk, returns and costs across wealth distribution on wealth inequality.

Matching the wealth inequality of model estimates and data is not achievable without

modifications in the model because of the higher wealth inequality that is observed in the

US data. Even with a highly realistic life cycle portfolio choice model setting that relies

on machine learning methods, at the aggregate, the simulated population can not match

the observed wealth inequality dynamics of the US (Duarte et al. (2021)). I follow the

macroeconomics literature, which suggests that the high observed wealth inequality in

the US arises from heterogeneous mean returns across households. This concept, known

as type dependence, asserts that different household types experience varying returns, a

phenomenon empirically documented by Bach et al. (2020) and Fagereng et al. (2017).10

In the model, heterogeneity in household types arises from the presence of private wealth

among a subset of households. Standard life-cycle models typically include only public

equity as the risky asset. To better capture the empirical dynamics of wealth inequality, I

extend the model by allowing households with private wealth to include it in their risky

asset portfolio. These households, referred to as high-type agents, earn higher mean re-

turns on their risky investments, as private wealth has been shown to yield higher returns

10Theoretically, Benhabib et al. (2011), Gabaix et al. (2016) and Saez and Zucman (2016) show the impact
of heterogeneous returns on explaining wealth inequality.
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than public equity (Kartashova (2014); Gocmen et al. (2025); Balloch and Richers (2023);

Xavier (2021); Fagereng et al. (2020)).

For high-type households, the risky asset thus comprises both private and public equity,

resulting in a portfolio with a higher expected return and greater risk. Using the SCF

from 1989 to 2022, the weighted average of entrepreneurs in the sample is 12%. Thus, the

model is modified to include 12% of the population as high type. The percentage of high-

type households is given exogenously, as the decision to obtain private wealth is outside

the scope of this paper. Following empirical findings of Xavier (2021) and Fagereng et al.

(2020), returns from business wealth in the US are calibrated as 13.4% with a standard

deviation of 32%.

Results show that the benchmark model simulations with type dependence estimate that

the top 1% wealth percentile holds 12% of the total wealth in the population. Adding

heterogeneous riskiness and per-period costs increases the top 1% wealth share to 21%.

Lower risk, higher risk premium, and reduced per-period participation costs increase the

demand for risky assets for thewealthy, consequently increasing their return on their port-

folio and resulting in an increase in the top 1% wealth share.11

While type dependence is necessary to explain the effects of heterogeneous risk, returns

and participation costs on wealth inequality at the aggregate level, it does not influence

the ex-ante results, where the model still estimates a higher percentage allocation to risky

assets for the top wealth percentile, except for the top 25th wealth percentile. Figure 25

illustrates this finding. Type dependence is only used to capture the aggregate level effects

of heterogeneous risk, returns and costs on wealth inequality dynamics.

11Similarly, Meeuwis (2020) shows that CRRA preferences estimate the top 1% wealth share as 18% and
DRRA preferences bring up the value to 25%.
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8 Conclusion

This paper proposes an alternative explanation for the higher percentage allocation to

risky assets among the wealthy. One possible explanation is the DRRA preferences that

achieve a higher percentage allocation to risky assets by decreasing relative risk aversion

with the level of wealth. However, DRRA preferences fail to explain the observed long-

term consumption and equity premium.

I propose that the higher percentage allocation to equity of higher wealth percentiles re-

sults from the two main mechanisms: a higher Sharpe ratio due to lower riskiness of eq-

uity investments with wealth through more effective diversification and more accurate

estimation of returns, and higher expected returns resulting from lower per-period par-

ticipation costs with wealth driven by reduced portfolio monitoring costs and decreased

fees. Fagereng et al. (2020) show higher realized returns of wealthier, which may affect

their expectations and lead to higher expected returns. I incorporate these three mecha-

nisms into the portfolio choice life cycle model and show that heterogeneous risk, returns,

and participation costs can explain the higher percentage allocation to risky assets among

the wealthy without requiring DRRA preferences.

The results show that heterogeneity in costs primarily affects the least wealthy young

households. Heterogeneity in returns has a larger effect than heterogeneity in risk, and

both mainly influence wealthier households that are approaching retirement, when life-

cycle wealth is at its highest. At the aggregate level, introducing heterogeneous risk and

participation costs increases the top 1% share of total wealth from 12% to 21%, by increas-

ing the demand for risky assets for wealthier households with higher expected returns

through higher Sharpe ratios, and consequently results in elevated wealth inequality.
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Figures

Figure 1
Equity profiles with age and wealth
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This figure shows estimated equity shareswith age andwealth that are calculated from the Sur-
vey of Consumer Finances (SCF) from 1989 to 2022. Wealth is recorded as networth in the SCF
and represents the total value of assets minus debt in dollar amount. The sample is restricted
to households that have a net worth greater than $1,000, who are not business owners and re-
ceive wage income (wageinc) greater than $100. Following Ameriks and Zeldes (2004), 3-year
age and cohort groups are constructed and Deaton and Paxson (1994) methodology is used to
decompose age, time and cohort effects. Wealth percentiles are calculated using net worth for
each age group. Household weights are normalised to give each survey year an equal weight.
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Figure 2
Number of different companies in household stock portfolios
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This figure shows the weighted average number of different companies in household stock
portfolios in the SCF from 1989 to 2022. Household weights are normalised to give each survey
year an equal weight. For each survey year, networth is used to determine wealth percentiles.
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Figure 3
Percentage of stock mutual funds
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This figure shows the weighted average percentage of stock mutual funds in stock portfolios
where stock portfolio = directly-held stocks + stock mutual funds, in the SCF from 1989 to
2022. Household weights are normalised to give each survey year an equal weight. For each
survey year, networth is used to determine wealth percentiles.
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Figure 4
Wealth percentiles and wealth to income ratios

0 20 20 40 40 60 60 80 80 100
Wealth percentiles

0

2

4

6

8

10

12

14

W
ea

lth
-to

-in
co

m
e 

ra
tio

s

This figure shows the average wealth to income ratios for each wealth percentile group in the
SCF from 1989 to 2022. The X-axis represents households grouped into deciles based onwealth
percentiles. The Y-axis shows the corresponding wealth to income ratios for each group. The
sample is restricted to households with wealth to income ratios between 0.01 and 100. networth
is used to calculate wealth percentiles for each survey year. Wealth to income ratio is calculated
by dividing networth of the household to the average labor income of households before age
65 in that survey year.
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Figure 5
Calibrated equity risk

0 5 10 15 20
Wealth to income ratio

0.16

0.17

0.17

0.18

0.19

0.20

0.20

0.21

St
an

da
rd

 d
ev

ia
tio

n 
of

 e
qu

ity
 re

tu
rn

s (
)

This figure illustrates calibration for reducing equity risk with increasing wealth. The X-axis
shows wealth to income ratios. The Y-axis demonstrates calibrated values for the standard
deviation of equity returns (σ).

36



Figure 6
Calibrated participation cost
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This figure illustrates calibration for decreasing per-period participation costs with increasing
wealth. The X-axis shows wealth to income ratios. The Y-axis demonstrates calibrated values
for per-period participation cost (F ) as a percentage of yearly average labor income.
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Figure 7
Calibrated risk premium
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This figure illustrates calibration for increasing risk premium with increasing wealth. The X-
axis showswealth to income ratios. The Y-axis demonstrates calibrated values for risk premium
(µ).
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Figure 8
Wealth effect on total returns
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This figure shows return estimations using the SCF from1989 to 2022 at total return for different
wealth percentile groups. For each surveywave networth is used to calculatewealth percentiles.
The X-axis shows selected wealth percentile groups.

39



Figure 9
Wealth effect on capital gains
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These figure shows return estimations using the SCF from 1989 to 2022 from capital gains for
different wealth percentile groups. For each survey wave networth is used to calculate wealth
percentiles. The X-axis shows selected wealth percentile groups.
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Figure 10
Optimal percentage allocation to the risky asset (α)

(a) Benchmark
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(b) Final specification
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Panel (a) and panel (b) show the policy functions for optimal percentage allocation to the
risky asset of the benchmark model and final specification with heterogeneous risk, returns
and participation cost by wealth for different wealth to income ratios, respectively.
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Figure 11
Sharpe ratios of the baseline model
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This figure represents the estimated average realized Sharpe ratios of the model without het-
erogeneities. The simulation is run 100,000 times. The initial wealth of agents is calibrated
using the SCF waves from 1989 to 2022. Simulated households are ranked by their average
wealth at each age.
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Figure 12
Sharpe ratios with heterogeneous returns
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This figure represents the estimated average realized Sharpe ratios of the model with hetero-
geneous returns. The simulation is run 100,000 times. The initial wealth of agents is calibrated
using the SCF waves from 1989 to 2022. Simulated households are ranked by their average
wealth at each age.
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Figure 13
Sharpe ratios with heterogeneous risk
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This figure represents the estimated average realized Sharpe ratios of themodel with heteroge-
neous risk. The simulation is run 100,000 times. The initial wealth of agents is calibrated using
the SCF waves from 1989 to 2022. Simulated households are ranked by their average wealth at
each age.
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Figure 14
Sharpe ratios with heterogeneous cost
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This figure represents the estimated average realized Sharpe ratios of themodel with heteroge-
neous cost. The simulation is run 100,000 times. The initial wealth of agents is calibrated using
the SCF waves from 1989 to 2022. Simulated households are ranked by their average wealth at
each age.
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Figure 15
Sharpe ratios with heterogeneous returns and cost
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This figure represents the estimated average realized Sharpe ratios of the model with hetero-
geneous returns and cost. The simulation is run 100,000 times. The initial wealth of agents is
calibrated using the SCF waves from 1989 to 2022. Simulated households are ranked by their
average wealth at each age.
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Figure 16
Sharpe ratios with heterogeneous risk and cost
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This figure represents the estimated average realized Sharpe ratios of the model with hetero-
geneous risk and cost. The simulation is run 100,000 times. The initial wealth of agents is
calibrated using the SCF waves from 1989 to 2022. Simulated households are ranked by their
average wealth at each age.
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Figure 17
Sharpe ratios with heterogeneous risk, returns and cost
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This figure represents the estimated average realized Sharpe ratios of themodel with heteroge-
neous risk, returns and cost. The simulation is run 100,000 times. The initial wealth of agents
is calibrated using the SCF waves from 1989 to 2022. Simulated households are ranked by their
average wealth at each age.
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Figure 18
Baseline model
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This figure represents the estimated average equity share of the model without heteroge-
neous risks and participation cost for different wealth percentile groups. The simulation is
run 100,000 times. The initial wealth of agents is calibrated using the SCF waves from 1989 to
2022. Simulated households are ranked by their average wealth.
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Figure 19
Heterogeneous returns
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This figure represents the estimated average equity share of the model with heterogeneous
expected returns. The simulation is run 100,000 times. The initial wealth of agents is calibrated
using the SCF waves from 1989 to 2022. Simulated households are ranked by their average
wealth.
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Figure 20
Heterogeneous costs
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This figure represents the estimated average equity share of themodelwith only heterogeneous
per period costs for different wealth percentile groups. The simulation is run 100,000 times.
The initial wealth of agents is calibrated using the SCF waves from 1989 to 2022. Simulated
households are ranked by their average wealth.
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Figure 21
Heterogeneous risk
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This figure represents the estimated average equity share of themodelwith only heterogeneous
risks for different wealth percentile groups. The simulation is run 100,000 times. The initial
wealth of agents is calibrated using the SCF waves from 1989 to 2022. Simulated households
are ranked by their average wealth.
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Figure 22
Heterogeneous risk and costs
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This figure represents the estimated average equity share of the model with heterogeneous
risks and costs for different wealth percentile groups. The simulation is run 100,000 times.
The initial wealth of agents is calibrated using the SCF waves from 1989 to 2022. Simulated
households are ranked by their average wealth.
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Figure 23
Heterogeneous return and costs
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This figure represents the estimated average equity share of the model with heterogeneous
return and costs for different wealth percentile groups. The simulation is run 100,000 times.
The initial wealth of agents is calibrated using the SCF waves from 1989 to 2022. Simulated
households are ranked by their average wealth.
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Figure 24
Final specification with the SCF data
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This figure represents the estimated average equity share of themodelwith both heterogeneous
risks and participation costs for differentwealth percentile groups and corresponding SCF data
side by side. The simulation is run 100,000 times. The initial wealth of agents is calibrated using
the SCF waves from 1989 to 2022. Simulated households are ranked by their average wealth.
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Figure 25
Final specification with type dependence
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This figure represents the estimated average equity share of the model with heterogeneous
risks, returns and costs for different wealth percentile groups with the addition of returns from
private wealth. The simulation is run 100,000 times. The initial wealth of agents is calibrated
using the SCF waves from 1989 to 2022. Simulated households are ranked by their average
wealth.
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Tables

Table 1
Summary statistics

Mean Std Deviation Observations
Whole sample
Age 42.7 12.1 23,406
Wealth 330,091 1,152,002 23,406
Stock market participation 0.52 23,406
Equity share 0.15 0.22 23,406
Conditional equity share 0.25 0.25 14,353
Top 25 wealth percentiles
Age 51.28 12.27 5,845
Wealth 1,315,396 3,220,575 5,845
Stock market participation 0.90 5,845
Equity share 0.27 0.31 5,845
Conditional equity share 0.30 0.32 5,822
Bottom 25 wealth percentiles
Age 36.01 13.55 5,857
Wealth 13,801 11,807 5,857
Stock market participation 0.27 5,857
Equity share 0.07 0.22 5,857
Conditional equity share 0.27 0.26 1,524

This table shows the summary statistics of the SCF sample from 1989 to 2022. Wealth is
recorded as networth in SCF and represents total value of assets minus debt in dollar amount.
Sample is restricted to households that are aged between 26 to 64 and have a net worth greater
than $1,000, who are not business owners and have wage income (wageinc) greater than $100.
Household weights are normalised to give each survey year an equal weight.
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Table 2
Calibrated parameters of the baseline model

Value Source
Preferences
Relative risk aversion (γ) 6 Catherine (2022)
EIS (ψ) 0.5 Gomes (2020)
Time discount rate (β) 0.97 Gomes (2020)
Labor income process
St. dev. of transitory shock (σz) 0.10 Gomes (2020)
St. dev. of permanent shock (σu) 0.10 Gomes (2020)
Corr. btw. perm. shock and stock returns (ρ) 0.15 Gomes and Michaelides (2005)
Financial market
Risk-free rate (rf) 0.015 Gomes (2020)
Risk premium (µ) 0.045 Meeuwis (2020)
St. dev. of stock returns 0.16 Cocco et al. (2005)
Tail event probability 0.02 Fagereng et al. (2017)
Return at tail event 0.51 Fagereng et al. (2017)

This table represents calibrated values for the benchmark model. Survival probabilities are
calibrated from Cocco et al. (2005).
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A Appendix

A.1 SCF Data

In this paper, the Survey of Consumer Finances (SCF) is used from the 1989 to 2022 sur-

vey waves. SCF is a triannual survey that collects information on household wealth and

portfolios. SCF overweights the wealthy; the reported averages throughout the paper are

weighted averages using surveyweights tomake the results representative of all US house-

holds. For constructing equity share, SCF variables equity and networth are used.

• Equity: directly-held stocks, stock mutual funds, 1/2 value of combination mutual

funds, IRAs (full value if mostly invested in stock, 1/2 value if invested between

bonds, 1/3 value if invested between bonds andmoneymarket), annuties (full value

if mostly invested in stock, 1/2 value if invested between bonds), retirement and

saving accounts invested in stocks.12

• Wealth: variable networth is used which represents total net worth, assets of the

households including housing wealth minus debt.

• Labor income: variable wageinc is used for calculating labor income before retirement

age 65.

• Wealth to income ratio is calculated by dividing networth of the household by the

average wageinc in that survey year for households under age 65. For households

that are above 65, pension income (coded as pension in the SCF documentation) is

used.

• Equity share is calculated as equity/networth.

12Information taken from https://www.federalreserve.gov/econres/files/bulletin.macro.txt.
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A.2 Financial literacy

In the SCF, respondents are asked: ”Do you think that the following statement is true

or false: buying a single company’s stock usually provides a safer return than a stock

mutual fund?”. The sample is restricted to only include equity participants who answer

the question with true or false. The sample is sorted by their networth for each survey

year, and wealth percentiles are constructed. Figure A.26 shows the weighted average of

answering the question incorrectly.

Figure A.26
Answering equity risk question incorrectly
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Values show the weighted average number of trades in the SCF from 1989 to 2022
using household weights. For each survey year, networth is used to find wealth
percentiles.

A.3 Number of trades

In the SCF, respondents are asked: ”Over the past year, about how many times did you

buy or sell stocks or other securities through a brokerage?”. Values are coded as ntrad

in the SCF documentation. The sample is restricted to only include equity participants

who answer the question with more than zero trades. Households that reported more

than 1000 trades in a year are removed from the sample. The sample is sorted by their
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networth for each survey year, and wealth percentiles are constructed.

Figure A.27
Number of trades
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Values show the weighted average number of trades in the SCF from 1989 to 2022
using household weights. For each survey year, networth is used to find wealth
percentiles.

A.4 Calculating stock returns

For calculating stock returns, households that do not have direct stock holdings or mu-

tual funds are removed from the sample.13 Total number of observations after removing

households that do not have direct stock holdings ormutual funds is 11,617.14 Equation 22

shows the calculation of stock returns. The total value of directly held stocks and mutual

funds is shown as Equity in Equation 22. SCF is conducted every three years and divi-

dend income is reported for the preceding year. Therefore, following Kartashova (2014),

13Total direct stock holdings are recorded as stocks and total directly held mutual funds are recorded as
nmmf in the SCF.

14Sample includes business owners and is restricted to ages from 25 to 82.
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Moskowitz and Vissing-Jørgensen (2002) and Xavier (2021), I multiply the reported div-

idend income by three.

R =

(
Equityi,t + 3×Dividendi,t

Equityi,t − Capitalgainsi,t−3:t

) 1
3

(22)

Ri,t = (R− 1)× 100 (23)

In the SCF, first households are asked to report the total value of their asset holdings in

directly held stocks and mutual funds. Next, they are asked: ”Overall, has there been a

gain or loss in the value of stock/fund since you obtained it?”. I select the sample that only

gives an answer to this question.15 SCF doesn’t collect information on the stock obtaining

time. Therefore, I assume that respondents hold it for n years, then I estimate n by trying

to make the SCF return fit best with the realised gains of the stock market over the years

between 1989 to 2022. Results show that the assumption of holding period of 3 years fits

the data best with macroeconomic observations, which also aligns with the fact that the

SCF is triannual. Robustness for return estimation is given in Appendix A.5.

Figure A.28 shows the comparison between the average stock return from the US stock

market and SCF return estimates. Triannual average stock market return is calculated

using Shiller (2015) data.16 It is observed that even though return estimates can capture

the overall trend, return estimates from the SCF are more centred around the mean than

the actual stock market returns. The reason for this result may be because of the survey

design, respondents give an average estimate of their gain/loss over the three years. One

way to test the average return estimates is to use macroeconomic US stock market returns

as a proxy for time effects. In an OLS regressionwith age and cohort dummies, adding the

average US stock market return as a proxy for the time effects shows that the time proxy

is highly statistically significant, with slight changes in the coefficient estimates of age and

cohort dummies.

15Respondents who answered this question as there is no change are recorded as having zero capital
gains.

16http://www.econ.yale.edu/ shiller/data.htm.
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Figure A.28
Average return estimates and US stock market returns
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This figure shows average estimated stock returns from the SCF (red line) and
average stock returns in the US (blue line) from Shiller (2015) data taken from
http://www.econ.yale.edu/ shiller/data.htm.

A.5 Robustness

The number of years that households hold the stock is denoted as n. Assuming that

households enter the stock market at age 24 and stay until the survey date t, n is equal

to agei,t − 24. With this choice of n, the average capital gain is equal to approximately 1%,

which is much lower than the actual observed value, indicating that n should be higher.

TableA.3 presents different choices of nwith confidence intervals. Results show that n = 3

is the best estimate with 5% of returns attributed to capital gains, aligning most closely

with macroeconomic observations. This is further supported by the fact that the SCF is

a triennial survey, implying that the assumption aligns with respondents acquiring the

stock during the prior survey year.

A constant n is assumed for every individual for capital gains in the analysis. One of the

concerns that may be raised would be that different age groups or cohorts might have

different stock holding periods, and taking this into account will cause a decline in the

wealth effect. Mainly, it may be argued that a higher choice of n for older cohorts, or older
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Table A.3
Estimating n

Choice of n Lower CI (%) Average (%) Upper CI (%)
2 5.49 5.89 6.23
3 4.46 4.78 5.09
4 2.13 2.34 2.55

Values show aggregate averages of SCF stock returns from capital
gains between 1989 and 2022. Columns 2 and 4 represent 5% and
95% confidence intervals, respectively.

age groups might result in a diminished wealth effect, because older age and cohorts are

at the top of the wealth percentiles and assuming that their stock holding period is higher

will reduce their returns from capital gains.

Results show that a higher choice of n for older cohorts and age groups still results in a

persistent wealth effect. The reason is presented in Figures A.29, A.30 and A.31. Figures

show how returns from capital gains evolve with wealth for different cohort, age and time

groups, respectively. It is observed that within each group, categorized by age, cohort,

and time, the wealth effect remains persistent, indicating that returns from capital gains

consistently increase with wealth.

A different choice of n for each group adjusts the average return from capital gains for that

group, meaning that the choice of n only changes the average level of returns from capital

gains, but the increasing pattern of wealth is not affected. Therefore, assuming different n

values for different age, cohort or time groups doesn’t result in deterioration of the wealth

effect at returns from capital gains.

Table A.4 shows the summary statistics of the calculated returns for different cohorts. Cal-

culated return values align with macroeconomic observations of the US stock market for

all cohorts. Figure A.32 divides the sample into three main cohorts; old, medium and

young and demonstrates that the wealth effect is persistent for all cohorts.
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Figure A.29
Wealth effect at cohort groups

Figure A.30
Wealth effect at age groups

Figure A.31
Wealth effect at time groups

Figure A.32
Wealth and cohort effects at total return
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Table A.4
Summary statistics

Total return (%) Dividend yield (%) Capital gains (%)
Old cohort 7.60 2.40 5.48

Medium cohort 5.04 1.48 3.74
Young cohort 4.69 0.93 3.83

Average 6.53 1.99 4.77

Total number of observations is 11,617. Medium cohort has approximately 3,700 ob-
servations, old cohort 7,400, and young cohort 500.

A.6 Life-cycle profiles

Ameriks and Zeldes (2004) show the perfect multicollinearity between age, time and co-

hort (age = time - cohort), which makes it difficult to disentangle the three effects and

identify the age effect separately. First, following their approach, I construct three-year

age and cohort groups between ages 26 and 64. The age groups are: 26-28, 29-31, and

so on, until 62-64, with corresponding cohort groups. In addition, household weights in

each survey wave are normalised so that all waves have an equal weight.

y = Aα + Cγ + Y ψ + c+ ε (24)

The identification of the age effect is achieved by adopting the methodology of Deaton

and Paxson (1994). Their strategy eliminates the multicollinearity by imposing two con-

straints on the time dummies: that they sum to zero and are orthogonal to a time trend.

I then implement the regression specified in Equation 24, where A, C, and Y represent

dummy variables for age group, cohort group, and year. The life-cycle profile of equity

shares is then constructed by taking the estimated age effect for each group and adding

the corresponding average cohort effect along with level c.
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Figure A.33
Heterogeneous risk and fixed cost
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This figure represents the estimated average equity share of the model with heteroge-
neous risks and a fixed cost of 0.8% of the average yearly labor income. The simulation
is run 100,000 times. The initialwealth of agents is calibrated using the SCFwaves from
1989 to 2022. Simulated households are ranked by their average wealth.

A.7 Heterogeneous risks and fixed per-period costs

Section 6.6 shows that when portfolio monitoring costs fall with wealth, heterogeneity

in equity risk reproduces the empirical fact that richer households devote a larger share

of their portfolios to risky assets. In this section, I investigate whether the same pattern

emerges when participation costs are instead constant across wealth levels. Following the

empirical estimate in Catherine (2022), I set the per-period cost equal to 0.8% of aver-

age annual labour income, while leaving all other parameters unchanged from the base-

line calibration in Section 6.6. As Figure A.33 illustrates, a realistic fixed cost combined

with heterogeneous risk is not sufficient to generate the steeper risky asset share observed

among wealthier households.
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A.8 Initial wealth

Each model specification is simulated 100,000 times. Agents’ initial wealth is set using

the SCF, matching the wealth-to-income ratios observed in the data. For the subsample of

agents aged 26–28, households are ranked by their wealth to income ratios from lowest to

highest to create percentiles. Initial wealth of each simulated decile is given in Table A.5.

Table A.5
Calibrated initial wealth

Percentiles Wealth to income ratios
0 - 10 0.018
10 - 20 0.040
20 - 30 0.066
30 - 40 0.101
40 - 50 0.164
50 - 60 0.252
60 - 70 0.423
70 - 80 0.814
80 - 90 1.227
90 - 100 3.199

Values are calibrated from the SCF between 1989 and 2022. The sample is restricted to
ages between 26 and 28. Income represents average labor income in the corresponding
survey year. Wealth is net worth of the household in the corresponding survey year,
coded as networth in the SCF.

A.9 Numerical solution

The state and control variables in the model are discretized as follows:

• Scaled wealth: Normalized by average labor income, scaled wealth ranges from 0.25

to 40. The grid consists of 51 points, uniformly distributed in logarithmic space be-

tween these endpoints.

• Income shocks: Both transitory and permanent income shocks are represented by 5

values, equally spaced between minus two and plus two standard deviations.
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• Equity share: The share of wealth allocated to equities is discretized into 11 equally

spaced points between 0 and 1.

Themodel is solved by dynamic programming using backward induction. First, the agent

receives income with a permanent and transitory income shock, then decides how much

to consume and how to invest remaining wealth between the risky and the risk-free asset.

Shocks to equity are realized. Lastly, the agent receives a return from her investment in

the previous period.

A.10 Sharpe ratios

Figure A.34
Average Sharpe ratio of the baseline model
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This figure represents the estimated average Sharpe ratios of the model without het-
erogeneities. The simulation is run 1,000,000 times. The initial wealth of agents is
calibrated using the SCF waves from 1989 to 2022. Simulated households are ranked
by their average wealth.

A.11 Model estimation

In the model calibrations, relative risk aversion is set at 6, the time discount rate is set at

0.97, with the highest standard deviation of stock returns equal to 0.21 and the highest per-
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period portfolio monitoring cost set at 1.2% of the average annual labor income. As shown

in Section 6.6, these parameter values enable the model to closely align with observed

data. However, in an ideal setting, the simulated method of moments (SMM) would be

employed to estimate these parameters, a methodology that will be implemented in this

paper.

Firstly, after running model simulations, the selected moments are calculated to match

the model estimates with the data observations. Given the model parameter θ for each

moment, the simple absolute error is minimized.

min
θ

||m(x|θ)−m(x)|| (25)

Where x is the data andm is the chosen moment. In order to calculate the optimal param-

eters, first, the criterion function is calculated:

θ̂SMM = min
θ
e(x̃)TWe(x̃) (26)

Where the initial weighting matrix W is equal to the identity matrix and e is the error

amount, where weighting matrix controls how each moment is weighted. In order to

find the optimal weighting matrix, first, the error e(x̃) is calculated. Then, its variance-

covariance matrix is determined:

Ω =
1

N
e(x̃)T e(x̃) (27)

The second step involves setting the weighting matrix equal to Ω−1. This procedure is

iterated until the weighting matrix from the previous step (W) converges to the current

W . The estimation results will be reported once available.
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