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Abstract

We propose an asset pricing model featuring both limited participation and heterogene-

ity, in which agents randomly participate in the bond and stock markets according to

a probability that depends on their non-financial income. We develop an indirect infer-

ence method to estimate our model on individual US consumption (CEX) and financial

data. Our estimated model performs very well at jointly replicating the equity pre-

mium and the unequal distribution of individual consumptions. As an external validity

check, our model accurately predicts the estimated stock market participation cost and

its decline over the period 1980-2004, as well as observed financial market participation.

Keywords: limited participation, heterogeneity, indirect inference, individual con-

sumption distribution.

1 Introduction

The seminal paper of Mehra and Prescott (1985) makes it clear that aggregate consumption

growth is not fluctuating enough to explain the equity premium in a model with time-

additive utility and frictionless complete markets, unless agents are extremely risk averse.

While the main stream of the literature has focused on elaborating economically-reasonable

preferences for the representative agent that would make the consumption-based stochastic

discount factor more variable1, another fruitful research effort has relaxed the assumption of

full insurance against individual income risk and introduced consumer heterogeneity. Under

1The two benchmark models feature habit formation (Campbell and Cochrane, 1999) and recursive prefer-
ences à la Epstein and Zin (1989) for the representative agent. Recent contributions have combined recursive
utility with long-run risk to capture several stylized facts regarding the equity premium, its volatility and
the predictability of asset returns (Bansal and Yaron, 2004; Bonomo et al., 2011).



certain conditions on the individual income processes relative to aggregate income, Constan-

tinides and Duffie (1996) show that asset prices can be supported by an exchange economy

equilibrium2. Limited participation in financial markets is another important economic rea-

son for agent heterogeneity to influence asset prices. Indeed, not all US households have

significant amounts of savings in financial markets, and among those who do, not all trade

stocks3.

In this paper, we construct an asset pricing model featuring time-varying limited par-

ticipation in both bond and stock markets and agent heterogeneity. Our model considers

an economy populated by a large number of agents who participate in the financial markets

with a certain probability that depends on their individual income. Non-participants, par-

ticipants in the bond market, and bond and stock holders are respectively endowed with an

individual log-consumption growth process, which is consistent with their behavior. More

precisely, if an agent participates in the bond market, the Euler condition linking its con-

sumption growth to bond return will hold with equality. For a non-participant, an inequality

will prevail. For a stockholder, who also holds bonds in our model, the Euler equation will

hold with equality and include both bond and stock returns. These Euler conditions allow

us to infer the endogenous presence of limited participation and to assess the magnitude of

financial market participation costs.

We propose an indirect inference (Gouriéroux, Monfort, and Renault, 1993; Smith, 1993)

method to estimate the parameters of our model. Indirect inference is a simulation-based

estimation method which is increasingly used in the financial economics literature4, as well

2An essential feature is that labor income must be a unit-root process with innovations which become
more volatile during aggregate downturns. Mankiw (1986) introduces the idea that aggregate shocks and
the volatility of idiosyncratic shocks are negatively related. Storesletten et al. (2007) add life-cycle effects
and capital accumulation to the model of Constantinides and Duffie (1996).

3See supporting references in Guvenen (2009). Favilukis (2013) provides percentages of stockholders over
time.

4See for instance Calvet and Czellar (2015), Calzolari et al. (2004), Czellar et al. (2007), Garcia et al.
(2011), Sentana et al. (2008) among many others.
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as in the macroeconomics literature with agent heterogeneity5. This estimation method is

particularly well suited to problems where the structural model – our heterogenous-agent

model with limited participation in financial markets – is hard to estimate with usual methods

such as maximum likelihood but easy to simulate. The idea is then to formulate a reduced-

form model (so-called auxiliary model) that is easy to estimate but reflects only partially the

structural model. The last step is to minimize the distance between the auxiliary estimators

obtained with simulated data generated by the structural model and observed empirical

data.

In our case, we simulate the structural model involving the individual consumption

growth processes and the individual income-based probabilities of participating in the bond

and stock markets, as well as the equity premium stochastic process, and estimate a reduced-

form regression model linking aggregate consumption to the time series of the risk-free rate,

the equity returns, and aggregate income. We build aggregate consumption growth from

the weighted average of both simulated and observed individual consumption growths, and

aggregate income from the weighted average of observed individual incomes. We validate our

estimation procedure with a thorough Monte Carlo study of the resulting indirect inference

estimator.

We estimate the model with individual consumption and income data provided in the

Consumer Expenditure Survey (CEX) conducted in the United States together with the

returns on the 3-month Treasury and the S&P 500 equity index. The CEX is a rotating

panel of households that collects consumption data over a maximum of four consecutive

quarters for each household, and we consider in each quarter all available data on consump-

tion and income6. Participation in financial markets is determined endogenously through

the estimation of the model7.

5See in particular Guvenen and Smith (2014) and Berger and Vavra (2015).
6Even though the survey includes partial information on financial asset holdings of the household we do

not use this information to elicit participation in financial markets.
7In order to keep as many data points as possible, we only discard households that do not report two
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The paper delivers three main results. First, our estimated model jointly replicates the

asset price properties together with the tremendous heterogeneity in individual consumption

observed in the data. This parsimonious asset pricing model relying on limited participation

is sufficient to account for most of the dispersion in individual consumptions, while being

consistent with bond and stock returns, as well as their standard deviations. Second, we

show that limited market participation is necessary for accurate replication of asset prices

and individual consumption. The unlimited participation variant of the model leads to

much less accurate replications of empirical individual consumptions. Furthermore, our

estimation enables us to discuss endogenous limited participation and compute financial

market participation costs. On the one hand, we find that there is no significant cost for

participating in the bond market and that bond-market non-participation is endogenous.

On the other hand, the stock market participation is consistent with the presence of fixed

transaction costs. We find that there exists a level of stock market participation cost such

that richer agents are willing to trade stocks, while other agents prefer not to do so and

only trade bonds. These results confirm previous findings in the literature, such as Vissing-

Jorgensen (2002b) for instance. More precisely, we obtain an average yearly cost amounting

to 330 USD (in 1980 value) and a decreasing per period cost over 1980-2004. Finally, the

estimated model generates a financial market participation that is consistent with empirical

data provided in the Survey of Consumer Finances8. The model accurately estimates that

40 to 45% of households participated in stock markets in 2004 and that this share has

been steadily increasing from 1980 on. These last two findings are strong external validity

checks for our model and our estimation strategy, since they are obtained while using only

consumption and asset prices data – and no data on financial market participation or financial

consecutive periods of consumption and those who report strictly negative revenues. Indeed, since we
estimate log-consumption growth processes, we must have consumption level data for at least two consecutive
periods. In addition, probabilities of participating in financial markets directly depend on household revenues
and hence require positive revenues. Beyond this criterion, we do not discard further data.

8The CEX does not allow to measure participation rate.
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wealth – for our estimation.

Our paper is related to four main strands of literature. First, it provides a new and

important contribution to the equity premium literature. We show that a model where agents

have the same power utility with reasonable discount rate and elasticity of intertemporal

substitution (EIS) can be consistent with the observed equity premium level and volatility.

Apart from using individual income and consumption data, the sole source of heterogeneity

comes from the fact that some agents do not participe in financial markets, others only

participate in the bond market, yet others hold bonds and stocks. This is different from the

model in Guvenen (2009) where there are two categories of agents with different EIS but

also with recursive utility preferences9. Vissing-Jorgensen (2002) reports higher estimates of

the EIS for non-stockholders but emphasizes that differences in EIS estimates between asset

holders and non-asset holders should not be interpreted as evidence of heterogeneity in the

EIS across households10. Similarly, Brav et al. (2002) show that asset prices are consistent

with the assumptions of limited-participation and market participant heterogeneity.

Second, we relate to papers linking individual consumption to income. Heathcote et

al. (2010) document a continuous and sizable increase in wage inequality over the 1980-

2004 period but find that access to financial markets has curbed the level and growth of

consumption inequality. Primiceri and van Rens (2009) use the CEX data on consumption

and income to decompose idiosyncratic changes in income into predictable life-cycle changes,

transitory and permanent shocks and estimate the contribution of each to total inequality of

income and consumption. Guvenen and Smith (2014) use the joint dynamics of individuals’

labor earnings and consumption-choice decisions to quantify individual income risk and their

access to informal insurance against this risk. Gourinchas and Parker (2002) use income and

9However, as mentioned in footnote 3 of Guvenen (2009), the disentangling of the risk aversion from the
EIS is not essential for the main substantive results of the paper.

10The main reason is that EIS estimates are not consistent estimates for non-asset holders since their Euler
condition does not hold with equality if they do not hold assets. This is precisely what distinguishes our
model where Euler conditions of non-asset holders are not related to asset returns.
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consumption data in sequence to explain the hump-shaped consumption profile in a life-cycle

consumption-savings model.

Third, our estimation strategy allows us to obtain an estimate of the participation cost

per period in the stock market. Several figures have been selected through estimation or

calibration in the literature. Vissing-Jorgensen (2002b) finds evidence of a positive relation

between nonfinancial income and the probability of stock market participation. This is the

central ingredient in determining participation in our model. Furthermore, she estimates

that a per period stock market participation cost of just 350 USD is sufficient to explain

the choices of 75% of stock market nonparticipants. Our estimation is of the same order

of magnitude. In an incomplete markets, overlapping generations model, Favilukis (2013)

shows that lower participation costs can explain the substantial increase in stock market

participation and the smaller increase in consumption inequality observed in the last 30

years. The model also tracks the decline in interest rates and the expected equity premium.

Finally, our indirect inference estimation method has been used recently in two macroe-

conomic models with heterogeneity. Guvenen and Smith (2014) estimates a structural

consumption-savings model where they study the joint dynamics of individuals’ labor earn-

ings and consumption-choice decisions. Their auxiliary model is based on approximations of

the true structural equations. Berger and Vavra (2015) use indirect inference together with

calibration to estimate a heterogeneous agent incomplete markets model with fixed costs of

durable adjustment to study durable expenditures dynamics during recessions.

The remainder of the paper is organized as follows. Section 2 presents our theoretical

framework. Section 3 describes the data that we use. Section 4 provides an estimation

method for the model introduced in Section 2. We discuss estimation results in Section 5

and run a robustness check in Section 6. Section 7 concludes. Proofs and calculation details

can be found in the Appendix.
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2 Theoretical Setup

Our setup is a very standard consumption-based asset pricing model, with a main twist:

agents can randomly enter and quit financial markets, with a probability that depends on

their income. We specify consumption and asset return processes that jointly satisfy Euler

conditions for stockholders, bondholders and non-financial market participants.

We consider a discrete-time economy, where time is denoted by t = 1, . . . , T . The econ-

omy is populated by N finite-life agents who enter the economy at various dates and live for

at most T ′ ≤ T consecutive periods.

2.1 Financial Markets

Agents consume a single good and can intertemporally smooth out their consumption using

financial securities. Two securities can be traded: a riskless bond and a risky stock. Fi-

nancial security returns are real and expressed in consumption units. First, investing one

consumption unit in bonds at date t pays off Rf
t+1 consumption units at date t + 1. This

return is assumed to be deterministic from date t point of view. Similarly, the investment of

one unit of consumption in stocks at date t pays off Rs
t+1 consumption units at date t + 1.

The stock return is stochastic and we assume that it has the following dynamics:

logRs
t = logRf

t + (µ− 1/2)σ2
u + σuut, t = 1, . . . , T , (2.1)

where {ut}t=1,...,T are independent, identically distributed standard normal variables. Equa-

tion (2.1) determines the dynamics of the equity premium, logRs
t − logRf

t , governed by two

parameters µ and σu
11. The parameter σu is the conditional variance of the equity premium,

11We ignore voluntarily the well-documented heteroscedastic behavior of the stock returns. Since we
aim at finding a simple consumption-based model with heterogeneity and limited participation, we focus
on estimating the mean and variance parameters of the stock returns process consistently with reasonable
preference parameters. A time-varying variance could change the proportions of agents participating in the
bond and stock markets but the main determinant of these proportions remains the income distributions
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while the conditional mean (µ− 1/2)σu is affected by the parameter µ.

2.2 Participation in Financial Markets

Agents participation in financial markets is stochastic. They face a two-stage financial market

participation risk. A first shock makes agents enter or quit financial markets. When out of

financial markets, agents cannot save and are hand-to-mouth consumers. When participating

in financial markets, agents trade bonds. These participating agents face a second shock

driving their stock market participation. Formally, we denote by {h̃it}t≥1 the participation

process of agent i in the bond market. If h̃it = 0, agent i is excluded from the bond market at

date t. The bond market participations {h̃it}t≥1 are independent processes defined on {1, 0}

in the following way. Denote by p̃it the probability of h̃it = 1. We suppose that:

p̃it = min(ãζ it , 1) , (2.2)

where ã > 0 and ζ it is the individual income of agent i at date t (in 10,000 USD) divided

by the household size12. Similarly, {hit}t≥1 characterizes agent i’s willingness to participate

in the stock market. The {hit}t≥1 processes are defined in the same way as bond market

participations but with probability pit of hit = 1 defined as:

pit = min(aζ it , 1) , (2.3)

where a > 0. However, willingness to participate in the stock market is not a sufficient

condition to actually participate in it. In order to participate in the stock market, an

agent willing to participate in the stock market needs to be a bond market participant first.

Hence, the stock market participations are given by {h̃ithit}t≥1. We suppose that h̃it and hit

across agents over time.
12The literature on consumption and saving establishes clearly that saving decreases with family size (see

the survey by Browning and Lusardi (1996)).
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are independent which implies that the probability for agent i to participate in the stock

market is:

p̃itp
i
t = min(ãζ it , 1) min(aζ it , 1) . (2.4)

We can also interpret the {hit}t≥1 process as a conditional stock market participation. Indeed,

conditional on participating in bond markets (h̃it = 1), the participation of agent i in the

stock market will be driven by hit. More precisely, if h̃ith
i
t = 1, the agent i will trade stocks.

Our choice of hit and h̃it enables us to model conditional stock market participation by using

two independent processes13.

The above-mentioned idiosyncratic shocks may cover several aspects of individual risk,

such as unemployment risk, income risk and health risk among many others. For several

reasons, these shocks are to a large extent non-insurable, or at least very imperfectly insur-

able. For instance, a full employment insurance coverage would be very likely to fail due to

moral hazard. Being non-insurable, these shocks generate a precautionary behavior among

agents. It notably implies that agents save so as to self-insure against these idiosyncratic

risks. This is the so-called precautionary saving motive which has been shown to have a

strong impact on asset prices and on riskless returns (Carroll, 1997; Huggett, 1993). These

individual shocks may also generate endogenous limited participation. A succession of bad

shock realizations – such as being unemployed for a number of consecutive periods – may

lead agents to sell off their savings and to quit financial markets14.

Instead of detailing the idiosyncratic risk machinery, we jointly model asset prices and

13The literature on the determinants of stock ownership reports that the probability of holding stocks is
increasing in wealth and education. So income should be a good proxy given its high correlation with wealth
and education. Moreover, financial wealth data in the CEX is only reported in the last quarter in which the
household participates in the survey and does not allow for a perfect separation between stockholders and
non-stockholders (see Vissing-Jorgensen, 2002). Finally, there is obviously no unicity for the functional form
in (2.2) or (2.3). For the indirect inference estimation to remain tractable, we have chosen a simple functional
form featuring an increasing and concave relationship between income and participation probability.

14The combination of limited market participation with idiosyncratic risks is very fruitful to jointly explain
consumption inequalities and asset prices (equity premium and riskless return) – see LeGrand and Ragot
(2015).
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income and consumption processes and combine idiosyncratic risks with financial markets

via time-varying financial market participation statuses.

2.3 Agents’ Programs

Agents are endowed with time-separable preferences. Their constant discount factor is de-

noted by β. Agents consume a single consumption good and their elasticity of intertemporal

substitution (EIS, henceforth) is assumed to be constant and common to all agents. We

denote the inverse of EIS by γ. In consequence, the utility function is of CRRA type and

for a given consumption level c, can be expressed as follows:

u(c) =

 c1−γ−1
1−γ if γ 6= 1,

ln(c) otherwise.
(2.5)

Note that the case with γ = 1 in (2.5) is a continuous extension of the case with γ 6= 1.

We assume that agents are expected-utility maximizers. At any date t, a given agent i

chooses her consumption level cit, her bond holdings bit and her stock holdings xit, so as to

maximize her intertemporal utility function, subject to budget and financial market partic-

ipation constraints. The program of an agent i can be expressed as follows

max
(cit,b

i
t,x

i
t)t=1,...,T

E
T∑
t=1

βtu(cit) , (2.6)

s.t. cit + bit + xit + F 1xit>0 ≤ ζ it +Rf
t b
i
t−1 +Rs

tx
i
t−1 , (2.7)

bit = 0 if h̃it = 0 , (2.8)

xit = 0 if h̃ith
i
t = 0 , (2.9)

cit > 0 , (2.10)

where 1xit>0 is an indicator function equal to 1 when xit > 0 and 0 otherwise. The E operator
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is the expectation with respect to individual and aggregate shocks in the consumption {cit}

and return {Rs
t} processes. The budget constraint equation (2.7) states that the resources of

agent i at date t, consisting of an income revenue ζ it , bond and stock payoffs Rf
t b
i
t−1 +Rs

tx
i
t−1

should cover the agent’s consumption cit, and her investment in bonds, bit, and in stocks, xit,

and the stock market participation cost F in case she eventually invests in stocks (xit 6= 0).

Consistently with our description of limited participation in Section 2.2, the agent’s financial

market participation is constrained by equations (2.8)-(2.9), which state that the agent can

trade neither bonds nor stocks if h̃it = 0. In addition, equation (2.9) also states that the

agent cannot trade stocks if hit = 0.

2.4 Consumption Processes

We now specify the dynamics of individual consumption processes. We denote by ∆ log cit+1 =

log(cit+1/c
i
t) the log-consumption growth process of household i between dates t and t + 1.

For any date t = 1, . . . , T − 1, and any household i in the sample at date t, we assume that

the log-consumption process satisfies the following dynamics:

∆ log cit+1 =
1

γ

{
log β + log(Rf

t+1) +
µ2σ2

u

2
λ2−2hith̃

i
t

+ (1− h̃it)
σ2
e

2
+ (1− h̃it)σeεit+1 + h̃itµλ

1−hith̃itσuut+1

}
,

(2.11)

where {εit} are independent, identically distributed standard normal variables and {ut} are

the stock return shocks in (2.1). The variables {εit} and {ut} are mutually independent.

Note that the model (2.11) can be rewritten as

∆ log cit+1 =
1

γ

{
log β + log(Rf

t+1) +
µ2σ2

u

2
[(1− λ2)hith̃

i
t + λ2] + (1− h̃it)

σ2
e

2

+ (1− h̃it)σeεit+1 + µ[(1− λ)hith̃
i
t + λh̃it]σuut+1

}
.

(2.12)
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The log-consumption growth of a household i between dates t and t + 1 in equation (2.12)

depends on the statuses h̃it and hit. When the agent i faces h̃it = 0, the value of variable

hit has no impact on the log-consumption growth: this is consistent with the fact that the

variable h̃it characterizes participation in financial markets (h̃it = 0 implies that agent i does

not participate in either bond or stock markets), while hit only characterizes stock market

participation (hit = 0 implies that agent i does not participate in the stock market but she

can participate in bond markets).

The log-consumption growth is affected by two shocks. The first one, denoted εit, is an

individual shock for agents who are not participating in financial markets, while the second

one, denoted ut, is an aggregate shock. The variance of the shock for non-participants is

equal to σ2
e/γ

2. The aggregate shock affects all agents participating in financial markets

(h̃it = 1), but has no effect for agents out of financial markets (h̃it = 0). We recall that

this shock also impacts the stock return, as visible in equation (2.1). The variance of the

aggregate shock is driven by the stock return variance σ2
u multiplied by µ2/γ2. This variance

is also affected by the parameter λ2 for agents who do not participate in the stock market

(but participate in the bond market).

Our model assumes that non-asset holders support the full brunt of the idiosyncratic

shocks, having no way to partially insure themselves, but none of the aggregate shocks. At

the other end of the spectrum, stockholders are fully insured against the idiosyncratic shocks

but face the macroeconomic uncertainty associated with the stock market. Bondholders

insure themselves against idiosyncratic shocks by holding the risk-free asset but are exposed

to the aggregate shock. This is certainly a simplified characterization of the risk positions

of the three groups but it should serve to identify better the volatility and exposure (λ)

parameters.
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2.5 Euler Conditions

We now derive the conditions under which individual consumption processes (2.11) are con-

sistent with Euler equations derived from the agent’s maximization program (2.6)–(2.9)15.

In particular, we check that if h̃it = 1, agent i prices bonds at date t and similarly that if

h̃ith
i
t = 1, agent i prices stocks at date t.

More precisely, for the bond market, the following proposition holds.

Proposition 1 (Euler conditions for bonds) The bond Euler equation holds with equal-

ity for agent i at date t if h̃it = 1:

E
[

exp{−γ∆ log cit+1}
∣∣ h̃it = 1

]
=

1

βRf
t+1

, (2.13)

while it holds with strict inequality for agent i at date t if h̃it = 0:

E
[

exp{−γ∆ log cit+1}
∣∣ h̃it = 0

]
<

1

βRf
t+1

. (2.14)

Proposition 1 states that the variable h̃it is consistent with the behavior of the agent i on

the bond (riskless saving) market at date t. If h̃it = 1, agent i prices the bond at date t and

equality (2.13) holds. If h̃it = 0, riskless savings pay off a return which is too small compared

with agent i’s own valuation at date t. The intuition is as follows. Agents with h̃it = 0 have

a log-consumption growth which is not affected by the aggregate shock ut. In consequence,

they are less willing to save and are excluded from bond markets. Bond savings are too

expensive – or equivalently riskless savings pay off a return which is too small – for them to

accept investing in riskless savings.

The next proposition states a similar result for stocks.

15The fact that we use log linearized Euler conditions should reduce measurement errors compared with
nonlinear Euler equations (see the Monte Carlo study of Vissing-Jorgensen, 2002).
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Proposition 2 (Euler conditions for stocks) The stock Euler condition holds with equal-

ity for agent i at date t if h̃it = h̃ith
i
t = 1:

E
[
Rs
t+1 exp{−γ∆ log cit+1}

∣∣ h̃it = 1, h̃ith
i
t = 1

]
=

1

β
. (2.15)

The stock Euler condition holds with strict inequality for agent i at date t

E
[
Rs
t+1 exp{−γ∆ log cit+1}

∣∣ h̃it = 0, h̃ith
i
t = 0

]
<

1

β
, (2.16)

if h̃it = 0 and µ(1− µλ2

2
) < 0 and

E
[
Rs
t+1 exp{−γ∆ log cit+1}

∣∣ h̃it = 1, h̃ith
i
t = 0

]
<

1

β
, (2.17)

if h̃it = 1, hit = 0 and µ(1− λ) < 0.

The hit variable is consistent with the behavior of agents on stock markets. An agent i with

h̃it = hit = 1 prices the stocks at date t. Alternatively, if h̃it = 0, agent i consistently finds

stocks too expensive to be traded at date t whenever the condition µ(1− λ) < 0 holds. An

agent facing h̃it = 0 refuses therefore to trade both stocks and bonds.

3 Data

Our data stem from the Consumer Expenditure Survey (CEX) conducted between the first

quarter of 1980 and the first quarter of 2004. The CEX contains quarterly data about

US households collected via regular surveys. Each selected household is interviewed for a

maximum of 4 consecutive quarters. In each interview, the household reports a detailed

account of consumption, income and household composition. We use the dataset of Krueger

and Perri (2005).
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We are mainly interested in consumption data and in particular in the total consumption

of households expressed in real terms. Since our model relies on log-consumption growth,

we only retain in our dataset households that report consumption data for at least two

consecutive periods. Contrarily to what is commonly done in the literature, we do not drop

further households out of the sample. This way, we have N = 117, 857 households that are

occasionally observed over T = 97 periods, providing the consumption matrix:
c1

1 c1
2 · · · c1

T

c2
1 c2

2 · · · c2
T

...
...

. . .
...

cN1 cN2 · · · cNT

 . (3.1)

Note, however, that the data matrix is sparse and embeds many zeros since every household

is observed for at most T ′ = 4 consecutive periods.

Our choice for consumption data deserves some further comments. We rely on a measure

of total consumption expenditures. These expenditures include spending in nondurable

goods (such as food), in equipment, in entertainment, as well as in lodging and vehicles.

The first elements, that can be classified as nondurable or small durable goods and services,

are flow expenditures. The two last elements, lodging and vehicle expenditures, are durable

goods. However, lodging expenditures mainly include the rent of primary residence, which

is either the actual rent or an estimate for home owners (both values being provided in the

CEX). Lodging expenditures are therefore mainly accounted as a flow16. Vehicle expenses

include purchases of vehicles – which is therefore the only actual durable good expenditure

not accounted as a flow – and other vehicle expenses. All these expenditures data come

directly from the CEX. Similarly to our choice to retain as many households as possible in

our sample, we have decided not to transform data for consumption expenditures and to rely

16Note that these expenditures also include owned dwelling and other lodging expenditures. They can be
considered as small durable goods and are therefore close to a flow expenditure.
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on raw data from the CEX, even though it involves including vehicle purchases, which are

not accounted as flows.

Krueger and Perri (2005) propose a solution to make the conversion, from vehicle pur-

chases into equivalent consumption flows. The vehicle flows are defined as a fixed fraction

(1/32) of the stock value of vehicles of the household. Since the value of this stock is not ob-

served in the CEX, it must be estimated from vehicles that are currently purchased and then

imputed to all households (procedure of Cutler and Katz, 1991). In consequence, transform-

ing vehicle expenditures into flows implies some arbitrariness. To avoid this arbitrariness, we

decided to use raw data from the CEX, without any transformation. However, to check that

our results are not driven by our choice concerning vehicle data, we run a robustness check

in Section 6, in which we estimate our model using the pure flow consumption expenditures.

It turns out that it has little impact on our results.

We also use the reported income of each household i at time t to estimate the parameters

of the probability functions determining the participation in financial markets as modeled in

equations (2.2) and (2.3). The measure of income includes wages, salaries, and government

transfers (such as unemployment insurance benefits) for all household members, net of taxes

and of social contributions.

Besides total consumption and income, we also use the weights of households provided

in the CEX dataset, which represent their relative share in the US population. If either the

date t or date t + 1 consumption is missing in the dataset, we set ωit = 0. Similarly, if the

revenue of agent i at date t is negative, we set ωit = 0. Finally, we define normalized weights

wit = ωit/
∑N

i=1 ω
i
t which guarantee that

∑N
i=1 w

i
t = 1 for each t = 1, . . . , T .

Financial returns have been computed on a quarterly basis using Shiller’s dataset17. The

riskless return is the 3-month US T-Bill rate, while the stock return is the S&P 500 return

(dividends included). Financial returns cover the same time period as the CEX data.

17We obtained the data from the Online Data Robert Shiller’s website
http://www.econ.yale.edu/ shiller/data.htm.
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4 Estimation

We now turn to the estimation of the structural model defined in Section 2. A direct

estimation of the model is challenging due to the fact that participations in financial markets

are unobserved and individual consumptions are only observed for a handful of periods among

the T dates. However the model is clearly easy to simulate. We therefore introduce an

indirect inference (Gouriéroux, Monfort, and Renault, 1993; Smith, 1993) method which is a

two-step estimation procedure. In a first step, an auxiliary model different from the structural

model is chosen such that it is easy to estimate. Note that the auxiliary model is misspecified

with respect to the structural model and is not unique18. Its simplicity also offers a way to

obtain estimates of the structural model that are robust to model misspecification. Even

though our structural model is hard to estimate it does not completely capture the optimal

consumption and investment decisions of the household and is therefore itself misspecified.

The second step of the estimation consists in generating by simulation pseudo-data under

the structural model and compute auxiliary estimates based on these simulated data. The

structural parameter estimates are obtained when they produce simulated auxiliary estimates

that are close to the empirical auxiliary estimates.

We denote the structural parameter vector by

θ = (β, γ, λ, µ, σe, σu, ã, a)′ . (4.1)

4.1 An Auxiliary Model

We consider an auxiliary model in which there exists only one representative agent whose

consumption ct and revenue ζt are observed at each date t = 1, . . . , T . We create such an

18Indirect inference leaves considerable flexibility in choosing the auxiliary model. An important require-
ment is that the relationship that binds the structural and the auxiliary parameters must identify the
respective effects of each structural parameter on at least one auxiliary parameter. Formally, the mapping
must be injective in the vicinity of the true structural parameters. In our case we will have as many auxiliary
parameters as structural parameters and the relationship will be obviously invertible.
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artificial single agent by aggregating individual consumption and revenue as follows:

∆ log ct+1 =
N∑
i=1

wit+1∆ log cit+1 , (4.2)

ζt =
N∑
i=1

wit+1ζ
i
t , (4.3)

ζ2
t =

N∑
i=1

wit+1(ζ it)
2 . (4.4)

We assume that this auxiliary model is governed by the dynamics in (2.1)-(2.3) and a

modified version of (2.12) in which the nonobservable h̃t is replaced by ãζt (and ht by aζt):

∆ log ct+1 =
1

γ

{
log β + log(Rf

t+1) +
µ2σ2

u

2
[(1− λ2)ãaζ2

t + λ2] + (1− ãζt)
σ2
e

2

+ (1− ãζt)σeεt+1 + µ[(1− λ)ãaζ2
t + λãζt]σuut+1

}
.

(4.5)

We now proceed to calculating the auxiliary estimator

η̂ = (η̂1, . . . , η̂8)′ , (4.6)

from which the estimators of the parameters in θ can be successfully recovered.

We start with η̂1 and η̂2, which only depend on stock returns. More precisely, in the stock

return equation (2.1), we denote the risk premium’s mean and variance by η1 = (µ− 1/2)σ2
u

and η2 = σ2
u, respectively. These parameters can be estimated by

η̂1 = T−1

T∑
t=1

(
logRs

t − logRf
t

)
, η̂2 = (T − 1)−1

T∑
t=1

(
logRs

t − logRf
t − η̂1

)2

. (4.7)

We now turn to the other components of η̂. From the stock return equation (2.1), we deduce

that σuut+1 = log(Rs
t+1) − log(Rf

t+1) − η1. The equation (4.5) driving the log-consumption
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dynamics of the aggregate agent becomes:

∆ log ct+1 = η3 + η4 log(Rf
t+1) + η5ζt + η6ζ

2
t + η7[log(Rs

t+1)− log(Rf
t+1)− η1]ζt+

+ η8[log(Rs
t+1)− log(Rf

t+1)− η1]ζ2
t + (1− ãζt)σeεt+1 ,

(4.8)

where the components of η are defined as follows: η3 = (log β + µ2σ2
uλ

2

2
+ σ2

e

2
)/γ, η4 = 1/γ,

η5 = −ãσ2
e/(2γ), η6 = [µ2σ2

u(1− λ2)ãa]/(2γ), η7 = µλã/γ and η8 = µ(1− λ)ãa/γ.

The above equation (4.8) for the log-consumption growth of the aggregate agent can

simply be rewritten using matrix notation as

∆ log ct+1 = (η3, . . . , η8)x′t + (1− ãζt)σeεt+1 , (4.9)

where for any t ∈ {1, . . . , T}, the vector xt ∈ R6 is defined as

xt =
(

1, log(Rf
t+1), ζt, ζ

2
t , [log(Rs

t+1)− log(Rf
t+1)− η̂1]ζt, [log(Rs

t+1)− log(Rf
t+1)− η̂1]ζ2

t

)
.

Equation (4.9) makes it clear that (η3, . . . , η8)′ can simply be estimated using a least

squares technique. More formally, denoting by X = (x1, . . . , xT−1)′, the estimators can be

expressed as:

(η̂3, . . . , η̂8)′ = (X ′X)−1X ′∆ log c2:T , (4.10)

where ∆ log c2:T is the vector of log-consumption growth from dates 2 to T .

4.2 Indirect Inference

The method to estimate the structural parameter θ requires that for any given parame-

ter vector θ, pseudo-data samples can be generated from the structural model provided in

Sections 2.1, 2.2 and 2.4. These pseudo-data are used to compute the components of the

auxiliary estimator η̂ defined in (4.7) and (4.10). The method finally selects the parame-
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ter vector θ̂II that minimizes the distance between the auxiliary estimates calculated with

simulated and empirical data.

We now describe the method more formally. Let us now consider M ≥ 1 pseudo-data

samples denoted by:

[∆ log ci,mt (θ), logRs,m
t (θ)]i=1,...,N

t=1,...,T , m = 1, . . . ,M .

The mth simulated sample [∆ log ci,mt (θ), logRs,m
t (θ)] consists of individual consumption data

for the whole population and of stock market returns. The dependence in the vector of

parameters θ is made explicit. For each sample m, we can calculate the auxiliary estimate

η̂m(θ) using equations (4.7) and (4.10). Using these auxiliary estimates, we can finally define

the simulated auxiliary statistic: η̂(θ) = M−1
∑M

m=1 η̂
m(θ). An indirect inference estimator

is then defined as

θ̂II = arg min
θ

[η̂(θ)− η̂]′Ω[η̂(θ)− η̂] , (4.11)

where Ω is a symmetric, positive definite matrix. Using the optimal weighting matrix Ω∗

defined in Gouriéroux, Monfort, and Renault (1993) and Gouriéroux, and Monfort (1996),

and under regularity conditions given therein, an indirect inference estimator is consistent

of the structural parameter θ and asymptotically normally distributed.

In addition, this indirect inference environment allows us to perform tests on parameters.

More precisely, we can test whether a subset of parameter components is equal to specific

values. To do so, we partition the structural parameter as: θ = (θ1, θ2)′ with θ1 ∈ Rp1

and θ2 ∈ R8−p1 for p1 ∈ {1, . . . , 8}. We define the null hypothesis as H0 : θ1 = θ10 where

θ10 contains fixed parameter values. We denote by θ̂0 the constrained indirect inference

estimator satisfying the null hypothesis, i.e.

θ̂0 = arg min
θ2

η̂
θ10

θ2

− η̂
′Ω∗

η̂
θ10

θ2

− η̂
 .
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The test statistic

ξ =
TM

M + 1

{
[η̂(θ̂0)− η̂]′Ω∗[η̂(θ̂0)− η̂]− [η̂(θ̂II)− η̂]′Ω∗[η̂(θ̂II)− η̂]

}
is asymptotically χ2-distributed with p1 degrees of freedom.

In empirical and Monte Carlo applications, we use M = 10 pseudo-data samples and Ω∗

estimated by the inverse of the covariance matrix of 200 auxiliary estimates obtained from

pseudo-samples simulated from the structural model with the empirical auxiliary parameter

estimates.

4.3 Monte Carlo Results

Before discussing our empirical results, we assess the accuracy of our estimation method

by Monte Carlo simulation. We generate 100 samples from the structural model defined

in Sections 2.1, 2.2 and 2.4 with the following parameter values: β = 0.735, γ = 1.196,

λ = −1.188, σe = 0.558, µ = 10.024, σu = 0.062, ã = 1.019, a = 0.330. These parameter

choices are motivated by the empirical estimates reported in Table 1. For each sample, we

calculate the auxiliary and indirect inference estimates and summarize the 100 estimates for

each method in boxplots reported in Figure 1. Auxiliary estimates are reported on the left,

while indirect inference estimates are on the right of each panel. True parameter values are

reported by horizontal lines in each panel.

The boxplots show that the auxiliary estimators are severely biased for the parameters λ,

σ2
e , ã and a. Indirect inference estimators capture well the heterogeneity and limited partic-

ipation features of the model and greatly outperform the auxiliary estimators by correcting

the biases19. It can be noted that the bias and the correction are particularly important

for parameters affecting households individually, such as the variance of individual shocks

19Gouriéroux, and Monfort (1996) have shown that in the just-identified case, indirect inference corrects
finite-sample bias.
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σ2
e , and parameters a and ã driving individual financial market participation. Even though

our theoretical model can be seen as a simple twist of a standard asset pricing model, these

biases show that the heterogeneity in the data and the related empirical properties can only

be captured thanks to the indirect inference procedure.

5 Empirical Results

In this section, we first report the parameter estimates of the limited participation model.

We then look at implied quantities such as consumption inequality and its dynamics over

time. We conclude our analysis by computing the proportions of agents participating in the

bond and stock markets and their costs of participation and their evolution over time in our

sample.

To highlight the role of the time-varying financial market participation, we compare our

estimates to those of an unlimited participation model, in which all agents participate at all

dates. The unlimited participation model is thus nested in our general model and corresponds

to a constrained specification where we impose h̃it = hit = 1 for all households i at all dates t.

The constraint on processes h and h̃ is equivalent to setting the probability parameters a and

ã to infinity: ã = a = ∞20. As a direct consequence of this specification, the parameters λ

and σe cannot be estimated in the unlimited participation model, since they are not relevant

and correspond to households not participating in some financial markets. Finally, from

an estimation perspective, since households all share the same preference parameters, the

unlimited participation model aggregates to the standard consumption-based asset pricing

model with a representative agent built from the distribution of consumption instead of

aggregate consumption.

20If ã = a =∞, the participation probabilities verify p̃it = pit = 1 for all t and i.
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5.1 Parameter Estimates

Results of our empirical estimation are gathered in Table 1. Finite standard errors using

the Monte Carlo replicates of Section 4.3 are reported in parentheses21. All parameters in

the limited participation model are significant, while only σu is significant in the unlimited

participation model. The first column reports the indirect inference estimates of our unre-

stricted model with limited participation and the second column summarizes the constrained

indirect inference estimates of the restricted model with unlimited participation (h̃it = hit = 1

for all i and t). We also report the value of the ξ statistic when testing the unlimited par-

ticipation (H0 : ã = a = ∞) model. The associated p-value is in parentheses below the ξ

statistic value.

We start by discussing the discount factor. In the unlimited participation model, we

estimate a value of 0.226 which is nonsignificant. We estimate a value of 0.735 with a standard

error of 0.083 under the limited participation model. This value is consistent with the

calibrated value recently used in a paper by Favilukis (2013). His model features incomplete

markets and overlapping generations. It aims at explaining several stylized facts related to

wealth inequality, stock market participation and the equity premium. He calibrates the

discount factor at 0.78 and argues that it is a value that, combined with a strong bequest

motive for a small portion of the population, explains the high level of wealth inequality in

the data. We do not have wealth in our model but we do use the income data, which mirrors

the strong inequality in wealth.

The estimated value is also consistent with several experimental studies. For example,

Andreoni and Sprenger (2012) estimate an aggregate rate of time discounting (− ln(β), equal

to 30% in our estimation) between 25% and 40%, with a standard error between 6% and

17%. When allowing for individual heterogeneous discount rates, they find a median value

of approximately 40%, with a very large heterogeneity among agents. The dispersion in the

21Finite standard errors are calculated using the 100 Monte Carlo estimates in Section 4.3.
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value of the rate of time discounting is confirmed in the review of Andersen et al. (2014,

Table 3, p. 28) of experimental studies on the value of the rate of time discounting.

Our results are also in line with several empirical estimates of the discount rate. Warner

and Pleeter (2001) estimate the discount rate between 0% and 30% using the US military

drawdown program of the early 90’s. Carroll and Samwick (1997) find values between 7.5 %

and 20%. Using SCF data, Samwick (1998) reports a value between 6% and 11%, depending

on the agent’s planning horizon. Lawrance (1991) using PSID data estimate a discount rate

between 12% and 19%22.

For empirical estimates in models examining consumption and income dynamics, both

Gourinchas and Parker (2002) and Guvenen and Smith (2014) estimate a β close to 0.96.

We note that the former paper estimates a model with synthetic cohorts (which means

representative agents at different ages) that tends to push the β towards one and that the

coefficient of relative risk aversion is set outside the estimation at a value of one. In the

latter paper, the coefficient of relative risk aversion is not estimated either and is set to a

value of 2. The authors stress that identification of the risk aversion parameter and the time

discount factor in consumption-savings without a stochastic interest is tenuous at best.

We can conclude from these various comparisons that our estimate of the time discount

factor is not out of line with estimates obtained from studies based on individuals and that

the large proportion of non-participants in the stock market tends to lower the estimated β.

For the second parameter γ, the risk aversion parameter in a standard expected-utility

model, we find a value of 1.196 in the limited participation model. The unlimited partici-

pation model provides a much higher value of 187.960. A very high risk aversion estimate

is often associated with aggregate consumption-based asset pricing models. Given low con-

sumption growth volatility23 and covariance with the stock returns, a very high risk aversion

22Note that a couple of studies based on surveys have reached opposite conclusions and report very low
and even negative discount rates, such as Loewenstein and Prelec (1991) or Barsky et al. (1994) among
others.

23In Table 2, the estimated value of log-consumption growth is close to zero under the unlimited partici-
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is needed to match the equity premium. The risk aversion value estimated under the limited

participation appears much more reasonable and manages to match the equity premium

given a good estimate for the implied aggregate growth of log-consumption. We need to

remember that it is based on the whole cross-section of individual consumptions. This is

in the spirit of Constantinides and Duffie (1996) whereby the variance of the cross-sectional

distribution of individual consumptions is added to the Euler condition to better match the

premium even under the unlimited participation model. Both limited and unlimited par-

ticipation models match well the mean and volatility of the equity premium due to agent

heterogeneity.

The literature on limited asset market participation has focused instead on the EIS, the

inverse of γ in a standard expected power utility model, which in our limited participation

model is 0.836. The seminal paper of Vissing-Jorgensen (2002) provides estimates of the EIS

based on log linearized Euler conditions of asset holders and non-asset holders. She finds

estimates of 0.3–0.4 for stockholders, 0.8–1.0 for bondholders, and small and insignificantly

different from zero for non-stockholders and non-bondholders. She particularly emphasizes

that these different values should not be interpreted as evidence of heterogeneity in the EIS

across households24. Our model assumes that all households have the same elasticity of

substitution and the overall estimate of 0.836 is not unreasonable given the higher number

of bondholders compared to stockholders.

The magnitudes of the volatilities of shocks, σe and σu, appear reasonable. The latter

matches very well the volatility of the equity premium (see Table 2). Given the estimated

value of −1.188 for λ, we can discuss the estimation of idiosyncratic and aggregate shocks

for agents as a function of their market participation statuses. The estimated volatility of

aggregate shock for bondholders (only, i.e. h̃it = 1, hit = 0) is |µλσu/γ| = 61.733%, while

the one for stockholders (h̃it = hit = 1) is equal to µσu/γ = 51.964%. The estimation

pation version of the model.
24See her discussion on this point and other studies on page 827.
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implies therefore that the aggregate shock volatility is slightly higher for non-stockholders

than for stockholders. Finally, the estimated volatility of the shock for non-bondholders is

σe/γ = 46.656%.

The remaining parameters ã and a are at the core of the model, determining the proba-

bilities of participation in the bond and stock markets. We examine in detail in Section 5.4

the stock market participation and the participation cost over time. To gauge the reason-

ableness of the parameters ã and a entering the probability functions, we plot in Figure 2

the probabilities of h̃it = 1 and h̃ith
i
t = 1 as functions of per capita household income (in

10, 000 USD). The graph shows that the probability of being a bondholder becomes one at

a per capita income just below 10, 000 USD, while the threshold is close to 30, 000 USD for

stockholders. These figures appear intuitively sensible, and we will see what they imply in

terms of percentages of participation over time.

5.2 Consumption Inequality Dynamics

We now compare the abilities of our limited and unlimited participation models to repli-

cate the cross-sectional heterogeneity in consumption data. Table 2 reports characteristics

of aggregate and individual consumption under the two model specifications based on the

estimated parameters in Table 1. The moments and quantiles are calculated by replicating

100 panels of data of the same size as the empirical dataset, generated from the estimated

unlimited and limited participation models, and averaging the statistics obtained in the

100 replicated panels. In each simulated panel, individual log-consumption growth values

{∆̃ log cit} are generated from both models and individual consumption levels {c̃it} are calcu-

lated by using c̃it = median{cj
ti0
}j≥1 exp(

∑t
t′=ti0+1 ∆̃ log cit′) where ti0 is the first date at which

agent i participates in the CEX survey and {cj
ti0
}j≥1 are the empirical consumption levels.

The aggregate log-consumption growth moments are accurately estimated by the limited

participation model, while the unlimited participation version completely misses the variance
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of log-consumption growth. Limited participation is also providing much more accurate

replications of individual log-consumption growth quantiles and consumption quantiles. We

conclude that limited participation is necessary for reliable estimation of the individual

consumption distribution.

To assess the ability of the limited participation model to capture the inequality in

consumption, we also plot in Figure 3 the Gini coefficients for consumption (top left panel),

the 10th (P10), 50th (P50) and 90th (P90) percentiles of the consumption levels (top right

panel), the P50/P10 ratios (bottom left panel) and P90/P50 ratios (bottom right panel)

quarter per quarter during 1980-2004. Empirical series are plotted with continuous lines and

simulated ones with dotted lines. Most of the time, the simulated series follow closely the

movements in the observed ones. There are two periods associated with turmoil in financial

markets where our model reacts much more than in the data. The market crash in 1987, as

well as the Asian and Russian episodes in 1996-1998, make all our consumption measures

feature a marked high-low pattern associated with the boom and bust movement in the stock

market. This is especially visible in the measures associated with the highest consumption

quantiles where the households participate more in the stock market. Our model does not

embed any mechanism that accounts for crisis and it should not come as a surprise that

it falls a bit short during episodes of financial market turmoil. However, except during

these two crises, the model does a very good job in replicating the tremendous consumption

heterogeneity observed in the data. It should also be noted that the inequality measures are

lower at the beginning of the sample where the high interest rates favor relatively more the

bondholders with a negative equity premium.

Overall, our results strongly support the limited participation model. In the follow-

ing sections, we will explore further the implications of the estimated limited participation

model for measuring the evolution of bond and stock ownership over time and of the cost of

participating in the stock market.
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5.3 Financial Market Participation

In our model, limited participation is not exogenously set but is an endogenous outcome of

the estimation on consumption data and asset prices. The fraction of agents participating

in financial markets is therefore not fixed over time but time-varying. Figure 4 plots the

temporal evolution of participation in both bond and stock markets across our sample. The

main lesson is that our model features an increasing participation in stock markets over our

sample, between 1980 and 2004. The participation rate gains almost 10 percentage points

and varies from approximately 32% to slightly more than 40%. Our model therefore predicts

a sizable increase in the stock market participation rate. Interestingly, the participation rate

values generated by the model are close to their empirical counterparts. Even though the

CEX does not allow for measuring the participation rate, a partial answer is provided by

the Survey of Consumer Finances (SCF), which is “a triennial cross-sectional survey of U.S.

families” conducted by the Federal Reserve Board, starting in 1983. Indeed, as reported

in Ameriks and Zeldes (2001) for instance, there is a strong evidence of an increase in

stock market participation during the 1990s. More precisely, the stock market participation

rate in the SCF increases from 30.6% in 1983 to 43.9% in 2004 (see Favilukis, 2013)25.

The participation rate in our model is therefore quite consistent, both for absolute values

and for the temporal evolution, with empirical data. The combination of a parsimonious

limited participation asset pricing model with the indirect inference estimation enables us

to reproduce a reasonable pattern for the stock market participation rate.

The other lesson of Figure 4 is that the participation rate in bond markets does not

exhibit any particular trend and is approximately equal to 65%. Conversely, this implies

that the fraction of hand-to-mouth consumers amounts to 35%. At first glance, this number

25These participation rate figures reflect direct and indirect stock holdings. Indirect stock holding takes
into account households with a positive wealth in Individual Retirement Accounts (IRAs). But, IRAs, as well
as mutual funds, may include financial assets other than stocks but the SCF does not provide information
about the composition of portfolios. Even in the SCF, the participation rate is difficult to properly and
exactly measure.
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may seem to be a bit large. Indeed, in the SCF, as reported in Cagetti and De Nardi (2008),

the share of households with a negative net worth lies in the range 7%–8%, and considering

households with a low net worth, below 1000 USD, implies a share of 12 to 15%. These two

values lie well below our proportion of 35% of hand-to-mouth consumers. However, looking

at liquid wealth, which actually matters for buffer-stock savings and thus for consumption

smoothing, the picture is quite different. Focusing on non-home wealth distribution in the

SCF, which is a proxy for liquid wealth, Wolff (2010) reports that the bottom 40% has a

negative non-home wealth for the period 1983–2007. These agents, with a small liquid wealth

are very likely to be hand-to-mouth consumers. Kaplan et al. (2014) directly estimate the

proportion of hand-to-mouth consumers in the US and find it to vary between 30% and 35%

for the period 1989-2010. The two latter measures are thus overall consistent with our 35%

fraction of hand-to-mouth consumers generated by our model.

Overall, our model generates a limited participation in financial markets that is strongly

supported by empirical data. Importantly, limited participation is generated as an endoge-

nous outcome of the model estimated on consumption data and asset prices. We thus see

this participation figure as being a compelling validation check of our model.

5.4 Stock Market Participation Cost

We now analyze the implications on Propositions 1 and 2 of the estimation results in Table 1

for the limited participation model. We first show that our model is compatible with a stock

market participation cost and then provide an estimation of this cost.

Our model is consistent with a stock market participation cost. For the bond

market participation, Proposition 1 guarantees that agents excluded from financial markets

– with h̃it = 0 – are never willing to trade bonds and this result holds for all model parameter

values.

29



The stock market participation in Proposition 2 is subject to two conditions (2.16) and

(2.17), one for agents with h̃it = hit = 0 and the other one for agents with h̃it = 1, hit = 0.

The first row of Table 3 reports the empirical tests associated with condition (2.16), while

the second row corresponds to condition (2.17). Finite standard errors are reported in

parentheses.

Only condition (2.16) holds and it holds significantly at the 5% level with our parameter

estimates. Agents excluded from financial markets – with h̃it = hit = 0 – do not wish to trade

stocks. Their behavior is consistent with market prices: stock market prices are too high

– or equivalently, stock market returns are too low – for them to hold stocks.

The second condition (2.17) does not hold with our estimates and this result is significant

at the 5% level. This result means that given a market price, agents with h̃it = 1, hit = 0 would

like to hold stocks but do not do so. A possible explanation for this behavior is the presence

of stock market participation costs that agents need to pay for participating in stock markets.

This participation cost can cover a number of various costs, either monetary or not. For

instance, on the monetary side, this cost may include trading fees or financial intermediation

fees. On the non-monetary side, the cost may reflect acquiring and maintaining financial

literacy and knowledge about stock markets, as well as monitoring financial news on a

regular basis. Participation costs have already been used in a number of papers, such as for

instance Allen and Gale (1990, 1994), Heaton and Lucas (1996), Orosel (1998), Campbell

et al. (2001), Calvet et al. (2004), Polkovnichenko (2004), Gomes and Michaelides (2008),

Chien et al. (2011), and Favilukis (2013). Participation costs can be of two types. First,

agents can pay a once-in-a-lifetime participation cost, which would then imply that the

main hurdle to participate in financial markets would be informational and the cost would

correspond to acquiring financial literacy. Second, the cost can be recurring and corresponds

to trading-related fees. Our estimation is compatible with the presence of one or both of

these costs26.

26An alternative explanation to the presence of stock market participation cost would be to state that
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Computing the stock market participation cost. We propose a method that enables

to evaluate the stock market participation cost in consumption equivalents. We focus here

on a per period cost, consistently with our model presented in Section 2.3.

To do so, we consider an agent, participating only in bond markets. The stock market

participation cost will be computed as the transfer, in consumption units, that would make

this agent indifferent between participating in stock markets or not. More formally, we can

prove (see equation (A.4) in Appendix A.3) that the individual participation cost is always

positive if |λ| > 1 and is an increasing function of |λ|. The parameter λ can therefore be

interpreted as a driver of the stock market participation. We then deduce that the average

individual cost at date t, denoted τ t, can be expressed as follows:

τ t =
1

#{j : h̃jt = 1, hjt = 0}

∑
i∈{j:h̃jt=1,hjt=0}

cit


(

1 + β
1
γ

(
Rf
t+1

) 1−γ
γ
e

1−γ
γ2

µ2σ2u
2

λ2
) 1

1−γ

(
1 + β

1
γ

(
Rf
t+1

) 1−γ
γ
e

1−γ
γ2

µ2σ2u
2

) 1
1−γ
− 1

 ,

where #{j : h̃jt = 1, hjt = 0} denotes the number of agents j with h̃jt = 1 and hjt = 0. We

deduce then a per-period stock market participation cost τ̃c,t, expressed as a percentage of

the average total consumption:

τc,t =
τ t

1

#{j:cjt>0}

∑
i∈{j:cjt>0} c

i
t

, (5.1)

where #{j : cjt > 0} represents the number of households participating in the CEX at date

t.

Figure 5 plots the temporal evolution of the participation cost τc,t where τ t is estimated

using 100 Monte Carlo replicates of participation panels of the same size as the empirical

stock holdings are forbidden for some agents. This is for instance the case in Basak and Cuoco (1998), or
Guvenen (2009).
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dataset. First, on the whole period, the cost approximately amounts to 2.3% of the average

quarterly consumption, or approximately 330 USD (in 1980 value) per year. This empiri-

cal estimate is in line with the literature. Vissing-Jorgensen (2002b) estimates an annual

participation cost varying between 150 and 350 USD. Our value is also comparable to the

values chosen by Gomes and Michaelides (2008) and Favilukis (2013) in their respective

calibrations.

The second feature of Figure 5 is that our estimation of the per-period cost exhibits

a decreasing temporal pattern. Indeed, it diminishes from 2.5% in 1980 to 2.2% in 2004,

which means a relative decrease (in real terms) greater than 10%. This decrease is consistent

with the technological evolution over the period. First, financial innovation, through the

development of mutual funds, new securities such as ETFs or of other intermediation vehicles

with low transaction fees, can contribute to foster stock market participation. Using Swedish

data, Calvet et al. (2016b) report a positive impact of financial innovation on stock market

participation. Second, the development of Internet, lowering both transaction costs and

informational frictions, may also contribute to boost stock market participation. Barber

and Odean (2002) for instance report a decrease in financial transaction costs due to the

development of online trading. Such an effect is also documented in Bogan (2008). In

conclusion, our model endogenously features a decreasing stock market participation cost,

similarly to what can be found in the data. This is an additional external validation check

for our model.

6 Robustness Check

We now conduct a robustness check to verify that our results do not rely on our choice of

consumption expenditure data. Instead of using non-transformed consumption expenditures,

directly measured from the CEX dataset, we estimate our model using the flow consumption

expenditures, described in Section 3 and that mainly differ from raw consumption data

32



through vehicle expenditures. More precisely, we perform exactly the same exercise – with

the same model and the same estimation technique – as in Section 4, except that we use

flow consumption expenditures. Similarly to Table 1, Table 4 gathers the results of the

estimation on the flow consumption data (finite standard errors, computed using 100 Monte

Carlo replicates are in parentheses). Note that due to the change in consumption data,

the dataset does not contain exactly the same households as in the initial dataset, and the

number of data points is much smaller. This number is down from 117, 857 to 99, 204,

implying a loss of 18, 653 households.

The comparison with Table 1 is unambiguous: there is no significant difference in pa-

rameter estimates between raw and flow datasets.

In Table 5, we report the characteristics of aggregate and individual consumption for

the model estimated on flow consumption data. We can compare these results to those of

the main estimation, that can be found in Table 2. First, the equity premium statistics

are well matched. Second, aggregate log-consumption growth moments are also accurately

replicated, even though the standard deviation of the model is somehow lower than the

empirical one. Finally, individual log-consumption growth and consumption level quartiles

are relatively well replicated by the model. However, the top and bottom quantiles deviate

from their empirical counterparts. Overall, the model generates slightly less heterogeneity

than the data.

This robustness check validates our estimation method. Indeed, even though the two

datasets differ in size and consumption accounting, the estimation provides similar results.

7 Conclusion

This paper proposes an asset pricing model based on limited participation and heterogeneity

which is able to accurately replicate asset pricing properties and the distribution of indi-

vidual consumption. Euler conditions for bonds and stocks are the basis of our model and
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are not only used as moment conditions for parameter estimation. We develop an indirect

inference method to estimate the parameters of the model. We compare limited and un-

limited participation models and show that the latter one fails to replicate both aggregate

and individual consumption behaviors. Finally, our model permits us to test whether Euler

conditions are satisfied empirically. Application to CEX data shows evidence of endogenous

bond market participation and of non-zero stock market participation cost.
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A Appendix

A.1 Proof of Proposition 1
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A.2 Proof of Proposition 2
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If hit = 1:
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A.3 Deriving the Participation Cost Expression (A.4)

Consider at date t an agent i with h̃it = 1 and hit = 0. Her intertemporal utility V i
t is

V i
t =

(cit)
1−γ

1− γ
+ βEt

[(
cit+1

)1−γ

1− γ

]
+ β2Et

[
V i
t+2

]
,

=
(cit)

1−γ

1− γ

(
1 + βEte(1−γ)∆ log cit+1

)
+ β2Et

[
V i
t+2

]
. (A.1)

We consider the following thought experiment. The agent i is constrained to participate

in the stock market at date t. We denote by the superscript c the corresponding variables.

The constrained agent therefore faces hi,ct = 1 (and h̃i,ct = 1). To compensate her for this

constrained stock market participation, she receives a flat amount τ it at date t. We assume

that this amount is fully consumed at date t. The intertemporal utility V i,c
t becomes then

V i,c
t =

(cit + τ it )
1−γ

1− γ

(
1 + βEte(1−γ)∆ log ci,ct+1

)
+ β2Et

[
V i,c
t+2

]
. (A.2)

The compensation τ it exactly offsets the forced participation if V i,c
t = V i

t . If we assume

that the constrained participation has no effect after date t + 2, the equality V i,c
t = V i

t can

be simplified using equations (A.1) and (A.2) as follows

τ it = cit


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 . (A.3)

Using the dynamics of the log-consumption growth, equality (A.3) defining τ it becomes

τ it = cit
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Parameter Symbol
Limited

participation

Unlimited

participation

Time discount factor β 0.735
(0.083)

0.226
(0.200)

Inverse of EIS γ 1.196
(0.354)

187.960
(138.646)

Multiplier of agg. volatility λ −1.188
(0.301)

−

Individual volatility σe 0.558
(0.279)

−

Constant in mean equity premium µ 10.024
(2.310)

10.658
(7.601)

Aggregate Volatility σu 0.062
(0.005)

0.062
(0.028)

Income multiplier in P (h̃t = 1) ã 1.019
(0.422)

−

Income multiplier in P (ht = 1) a 0.330
(0.043)

−

Chi-square statistic ξ 1.085
(0.581)

Table 1: Empirical Estimates. Parameter estimates of the limited participation model are
reported in the first column and those of the unlimited participation model are in the second
column. Finite standard errors are reported in parentheses. The ξ statistic when testing
the unlimited participation model is reported in the last row of the table. The associated
p-value is in parentheses below the ξ statistic value.

45



Statistics Data
Limited

participation

Unlimited

participation

Equity

premium

E[log(Rs
t/R

f
t )] 3.7961% 3.6729% 3.9238%

σ[log(Rs
t/R

f
t )] 6.1104% 6.1551% 6.1602%

Aggregate log

consumption growth

E(∆ log ctot) −0.7019% −0.7329% −0.6359%

σ(∆ log ctot) 3.1439% 2.8369% 0.3013%

Individual

log-consumption

growth quantiles

q∆ log c
0.01 −1.5152 −1.3049 −0.0151

q∆ log c
0.05 −0.8454 −0.8983 −0.0125

q∆ log c
0.10 −0.5519 −0.6973 −0.0111

q∆ log c
0.25 −0.2454 −0.3701 −0.0089

q∆ log c
0.50 −0.0080 −0.0046 −0.0064

q∆ log c
0.75 0.2283 0.3519 −0.0040

q∆ log c
0.90 0.5349 0.6725 −0.0015

q∆ log c
0.95 0.8303 0.8770 0.0001

q∆ log c
0.99 1.5285 1.2575 0.0037

Individual

consumption

quantiles

qc0.01 628.1 460.6 3368.4

qc0.05 1089.0 921.9 3410.2

qc0.10 1447.0 1300.2 3438.4

qc0.25 2274.0 2165.3 3504.6

qc0.50 3619.0 3579.5 3581.7

qc0.75 5662.0 5896.1 3648.4

qc0.90 8744.0 9579.1 3710.6

qc0.95 11957.0 13197.8 3745.3

qc0.99 21094.2 25672.2 3872.8

Table 2: Equity premium and consumption features under estimated models. The moments
and quantiles are calculated by replicating 100 panels of data of the same size as the empirical
dataset, generated from the estimated limited and unlimited participation models, and aver-
aging the statistics obtained in the 100 replicated panels. In each simulated panel, individual

log-consumption growth values {∆̃ log c̃it} are generated from both models and individual

consumption levels {c̃it} are calculated by using c̃it = median{cj
ti0
}j≥1 exp(

∑t
t′=ti0+1 ∆̃ log cit′)

where ti0 is the first date at which agent i participates in the CEX survey and {cj
ti0
}j≥1 are

the empirical consumption levels.
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Market participation Euler condition Empirical estimate Conclusion

Nonparticipants in
financial markets

(h̃it = hit = 0)
µ(1− µλ2

2
) < 0 −60.865

(36.232)

Endogenous
nonparticipation in

bond and stock markets

Bondparticipants
only

(h̃it = 1, hit = 0)
µ(1− λ) < 0 21.931

(4.617)

Stock-market
participation cost

Table 3: Testing the Euler conditions. The first row reports the empirical tests associated
with condition (2.16), while the second row corresponds to condition (2.17). Finite standard
errors are reported in parentheses.

Parameter Symbol
Limited

participation

Time discount factor β 0.772
(0.048)

Inverse of EIS γ 2.693
(0.566)

Multiplier of agg. volatility λ −1.034
(0.087)

Individual volatility σe 0.494
(0.108)

Constant in mean equity premium µ 10.054
(2.397)

Aggregate Volatility σu 0.062
(0.005)

Income multiplier in P (h̃t = 1) ã 0.748
(0.215)

Income multiplier in P (ht = 1) a 0.276
(0.017)

Table 4: Empirical estimates using flow consumption data. The table reports indirect
inference estimates of the limited participation model. Finite standard errors are reported
in parentheses.
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Statistics Data
Limited

participation

Equity

premium

E[log(Rs
t/R

f
t )] 3.7961% 3.7165%

σ[log(Rs
t/R

f
t )] 6.1104% 6.1820%

Aggregate log-

consumption growth

E(∆ log ctot) −0.3593% −0.3050%

σ(∆ log ctot) 3.1045% 1.2052%

Individual

log-consumption

growth quantiles

q∆ log c
0.01 −0.8188 −0.5379

q∆ log c
0.05 −0.4926 −0.3708

q∆ log c
0.10 −0.3596 −0.2867

q∆ log c
0.25 −0.1764 −0.1510

q∆ log c
0.50 −0.0036 −0.0002

q∆ log c
0.75 0.1667 0.1455

q∆ log c
0.90 0.3509 0.2763

q∆ log c
0.95 0.4829 0.3562

q∆ log c
0.99 0.8138 0.5123

Individual

consumption

quantiles

qc0.01 918.0 1844.0

qc0.05 1576.0 2453.8

qc0.10 2034.0 2827.4

qc0.25 2956.0 3483.4

qc0.50 4292.0 4281.4

qc0.75 6072.0 5249.4

qc0.90 8305.0 6394.5

qc0.95 10131.1 7285.0

qc0.99 15585.0 9507.0

Table 5: Equity premium and consumption features for the flow consumption data. The
moments and quantiles are calculated by replicating 100 panels of data of the same size as the
empirical dataset, generated from the estimated limited participation model, and averaging
the statistics obtained in the 100 replicated panels. In each simulated panel, individual

log-consumption growth values {∆̃ log c̃it} are generated from both models and individual

consumption levels {c̃it} are calculated by using c̃it = median{cj
ti0
}j≥1 exp(

∑t
t′=ti0+1 ∆̃ log cit′)

where ti0 is the first date at which agent i participates in the CEX survey and {cj
ti0
}j≥1 are

the empirical consumption levels.
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Figure 1: Boxplots of auxiliary and indirect inference parameter estimates. 100 auxiliary
estimates are reported on the left and 100 indirect inference estimates are on the right of each
panel. True parameter values are reported by horizontal lines in each panel and correspond
to β = 0.735, γ = 1.196, λ = −1.188, σe = 0.558, µ = 10.024, σu = 0.062, ã = 1.019,
a = 0.330.

49



0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

Revenue

P
ro

b
a
b
ili

ti
e
s

prob. of bond particip.

prob. of stock particip.

Figure 2: Probabilities of h̃it = 1 (bond) and h̃ith
i
t = 1 (stock) as functions of the household

per capita income (in 10, 000 USD).
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Figure 3: Observed and simulated consumption quantiles and Gini coefficients. Gini co-
efficients (top left panel), the 10th (P10), 50th (P50) and 90th (P90) percentiles of the
consumption levels (top right panel), the P50/P10 ratios (bottom left panel) and P90/P50
ratios (bottom right panel) quarter per quarter during 1980-2004. Empirical series are plot-
ted with continuous lines and simulated ones with dotted lines.

51



P
ro

p
o
rt

io
n
 o

f 
p
a
rt

ic
ip

a
n
ts

1980 1985 1990 1995 2000

0
.3

0
.4

0
.5

0
.6

0
.7

Bond participation

Stock participation

Figure 4: Temporal evolution of the estimated participation in financial markets. The
estimated proportion of households participating in the bond markets is reported with a
continuous line and the one for stock markets is reported with a dotted line.
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Figure 5: Temporal evolution of the participation cost. This figure plots the participation
cost τc,t where τ t is estimated using 100 Monte Carlo replicates of participation panels of the
same size as the empirical dataset.
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