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Abstract

This paper studies determinants of household stock marker participation and proportion of
risky assets in household financial wealth using recent data from Australia. The methodological
novelty of the paper consists in addressing in a systematic fashion the two prominent features of
the data: fractional nature of the proportion of financial wealth invested in stocks and prevalence
of zeros which stems from the fact that many households do not participate in the stock market.
The dependent variable in this case is a mixture of discrete and continuous outcomes, with
continuous outcome bounded between zero and one. To study participation and share decisions
jointly the paper proposes a two-part model which combines a probit model for participation
decision and a linear regression model for the logistic transformation of the fraction of financial
wealth invested in stocks. To accommodate possible deviations from normality in the share
of risky assets conditional on participation, the transformed share is modelled as having a
discrete mixture of normals distribution. The paper then compares posterior distributions of
marginal effects of the covariates on participation and share decisions across competing models
which include tobit, two-part normal model for untransformed share, two-part normal model for
logistically transformed share and two-part mixture of normals model for transformed share. We
find that for variables which have a larger explanatory power for participation than for share,
the tobit model tends to overpredict marginal effects on share among participants. On the other
hand, there seems to be little difference in the marginal effects of covariates on share conditional
on participation implied by different versions of the two-part model. Empirical results suggest
that education, age, net worth, planning horizon and risk attitudes are the main factors which
affect households’ exposure to risky assets in Australia.
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1 Introduction

Portfolio choices made over the lifecycle of a household determine the rate of growth of personal
wealth and household’s standard of living after retirement. Empirical studies of household financial
behavior typically document stock market participation rates below 50 percent (Bertaut (1998);
Guiso, Haliassos, and Jappelli (2002)) and considerable heterogeneity in the share of wealth invested
in stocks among participating households (Heaton and Lucas (2000)). These findings are at odds
with the standard portfolio choice theory which predicts that, given the historical equity premium,
all households should be willing to invest at least some part of their wealth in the stock market
(Merton (1969)), and that the optimal mix of the risky and safe assets in an individual portfolio
should be independent of the risk aversion and wealth level (Tobin (1958)). Moreover, estimates
based on the calibrated lifecycle models of consumption and portfolio choice imply that welfare loss
due to non-participation is equivalent to the 2% reduction in the annual consumption (Cocco et al.
(2005)).

Literature on portfolio choice points to fixed participation cost and various sources of non-
diversifiable background risk such as business equity and volatile labour income as possible expla-
nations for the low participation rates and cross-sectional variation in the shares of risky assets.
Several studies found that foregone earnings of the households which do not hold public equity
are relatively small, suggesting that a moderate fixed cost can explain some of the variation in
participation rates (Vissing-Jorgensen (2004) (2004), Paliela (2007)). Other studies suggest that
households differ in their degree of exposure to the background risk (arising because of the uncer-
tainty about future returns to human capital, business equity, real estate investments and other
factors) and that high exposure is associated with lower share of risky assets in household portfo-
lios. For example, Guiso et al. (1996) have shown that subjective expectation of future borrowing
constraints and negative income shocks decreases the willingness to hold risky assets among Italian
households. Heaton and Lucas (2000b) find that variability of business income reduces the share
of risky assets in total wealth among business owners, and that exposure to the employer stock
reduces the share of other risky assets for non-entrepreneurs. Hochguertel (2003) documents that
Dutch households with higher uncertainty about future labour income tend to tilt their portfolios
towards safe assets.

This paper studies the determinants of stock market participation and exposure to risky assets
(public equity) conditional on participation using data from a representative survey of Australian
households. The active privatization policy of the 1990s and introduction of the system of manda-
tory retirement contributions (Superannuation Guarantee) have significantly expanded the ranks
of Australian shareholders in the last two decades, resulting in one of the highest stock market par-
ticipation rates in the world (Giannetti and Koskinen (2007)). At the same time, there has been
little systematic analysis of the determinants of the stock market participation in Australia. In this
paper we use data from the Household Income and Labour Dynamics in Australia (HILDA) survey
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to construct household level measures of planning horizon, risk attitudes and other characteristics
and study their impact on the structure of household portfolios.

Similar to studies of household portfolios in other countries, we document strong impacts of
education, age, risk attitudes and net worth levels on the decision to hold public equity. We
find moderate effect of education and strong effect of risk attitudes on the proportion of wealth
invested in shares among those who participate in the stock market. Moreover, the results suggest
that controlling for wealth level and demographic characteristics, households in which head is self-
employed are less likely to participate in the stock market and, conditional on participation, tend
to invest a smaller share of their liquid financial wealth in the stocks.

The methodological novelty of the paper consists in addressing in a systematic fashion the two
prominent features of the data: fractional nature of the proportion of financial wealth invested in
stocks and prevalence of zeros which stems from the fact that many households do not participate
in the stock market. The dependent variable in this case is a mixture of discrete and continuous
outcomes, with continuous outcome bounded between zero and one.

Several approaches have been used in the literature to model stock market participation and
share of wealth invested in stocks jointly. The most popular approach is the tobit model, which
allows the response to be bounded between zero and one while simultaneously accommodating clus-
tering at zero values. The main disadvantage of this model is that it assumes that the participation
and share decisions are affected by the same covariates and that the signs of marginal effects of
these covariates on participation and share decision are the same. Another approach is to employ
a probit model to analyse participation decision and a linear regression model to analyse determi-
nants of share of risky assets among participants. This approach adds more flexibility compared
to the tobit model by allowing for differences in marginal effects of covariates on participation
and allocation decisions. However, this approach does not restrict the conditional expectation of
share to be between zero and one and does not take into account conditional heteroscedasticity and
nonlinear effects of covariates which result when the dependent variable is bounded.

To allow for different effects of covariates on participation and share decisions and to address
the bounded nature of the share variable we propose a two part model which combines a probit
model for participation decision and a linear regression model for the logistic transformation of the
fraction of financial wealth invested in stocks. To accommodate possible deviations from normality
in the transformed share conditional on participation, the transformed share is modelled as having
a discrete mixture of normals distribution.

The paper takes Bayesian approach to inference and employs Markov Chain Monte Carlo simu-
lation algorithms to access the joint posterior distributions of parameters of the competing models
which include tobit, two-part normal model for untransformed share, two-part normal model for
logistically transformed share and two-part mixture of normals model for transformed share. We
use the method proposed by Chib (2005) to evaluate marginal likelihoods of the competing models.
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This selection procedure favors the two-part normal model for logistically transformed share over
other alternatives. The paper then compares marginal effects of the covariates on participation and
share decisions across the four models. We find that most of the covariates have a larger explana-
tory power for participation than for share variable, and that because of confounding of the two
effects inherent in the tobit model, it tends to overpredict the effects of covariates on share among
the participants. On the other hand, there seems to be little difference in the marginal effects of
covariates on share conditional on participation implied by different versions of the two-part model.

The rest of the paper is organized as follows. The data used in the paper is described in the
next section. Section 3 presents two-part models with normal and mixture of normals disturbances
as well as the tobit model and develops an MCMC algorithms for the Bayesian inference in these
models. Section 4 derives expressions for marginal effects. Section 5 discusses the empirical results
and section 6 concludes.

2 Data and Sample Construction

The data used in this paper comes from the Household Income and Labour Dynamics in Australia
(HILDA) survey (Wooden and Watson (2007)). HILDA is a nationally representative longitudinal
survey of Australian households. This paper uses data from the second wave of HILDA admin-
istered in 2002, which contains a wealth module with detailed information on the composition of
household’s asset and liabilities in that year. In total, wave 2 of HILDA contains data on 7245
households. We restrict our sample to single-family households which do not include other related
or unrelated members, except children. For couple households we define household head as male
head of household.

The data at our disposal provides information on the value of public equity held by household
either directly or through a mutual fund, which we take as our measure of risky asset holdings.
Financial wealth is defined as a sum of bank accounts, cash investments, public equity investments,
trust funds and life insurance. The two dependent variables in our analysis are the binary indicator
of stock market participation and the share of public equity in financial wealth.

Asset variables which represent background risk faced by a household or alternative investment
options include housing equity, business equity and retirement wealth (superannuation). Under
Australian mandatory superannuation system employers must contribute a fixed percentage of
employee’s wage into an account held with a superannuation fund. Superannuation funds typically
offer a range of investment options differing in their degree of exposure to stock market risk. As a
result superannuation assets can potentially serve as a substitute to direct stock market investment.
Because our dataset does not contain information which could be used to assess background risk of
household’s superannuation wealth, theory does not restrict the sign of the effect of superannuation
on stock market participation and the share of financial wealth invested in risky assets. Also,
because superannuation assets are accessible upon retirement and only after the age of 55, in our
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Table 1: Variable definition and summary statistics (number of observations: 4078 )

Variable Definition Mean SD
Financial variables
equity =1 if holds public equity 0.47 0.49
fw Financial Wealth/10000 63.4 204.6
share share of risky assets in financial wealth among participants 0.55 0.33
nw (Total assets - total debts)/10000 48.9 68.6
income Household Income/10000 4.7 5.0
super w Super, not retired/10000 7.7 14.5
super r Super, retired/10000 1.9 10.3
bizeq Own business equity/10000 5.0 32.33
housingeq Housing equity/10000 18.9 23.9

Household Characteristics
age age of household head (HH) 49.8 15.2
edub =1 if HH has bachelor qualification 0.24 0.42
edud =1 if HH has advanced diploma 0.37 0.48
edus =1 if HH is high school graduate 0.09 0.29
olf =1 if HH is out of labor force 0.28 0.45
unemployed =1 if HH is unemployed 0.02 0.13
self-employed HH self-empl. .10 .31
youngchild n. of children under 0-15 yrs. 0.53 0.94
health HH has poor self-assessed health .17 .37
horizon1 planning horizon next 2-4 yrs. 0.13 0.34
horizon2 planning horizon next 5-10 yrs. 0.25 0.43
risk HH willing to take high risks 0.12 0.33
nesb HH has non-English speak. bkgd. 0.12 0.32
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empirical specification we distinguish between retiree’s and non-retiree’s superannuation. Ideally
one would want to treat retiree’s superannuation as a part of household financial wealth, but
because risk profile of household’s superannuation assets is not observable it is not possible to
classify them as either safe or risky. Therefore, we choose to treat superannuation as another type
of asset which can affect portfolio choice. To represent background risk stemming from uncertainty
about future labour income we construct binary variable selfemployed, which is equal to one if
household head is self-employed and is equal to zero otherwise. In the previous studies (e.g. Guiso
et al. (1996) and Hochguertel (2003)) measures of subjective labour income uncertainty were found
to have statistically significant but relatively small effects on participation and share of risky assets
in financial portfolios.

Following other studies of household portfolios we model decisions whether to invest in risky
assets and how much to invest conditional on the set of household’s socio-economic characteristics,
net worth, income, housing equity, health status, risk attitudes, planning horizon and background
risk. Household socio-economic characteristics include age and education of household head, num-
ber of young children living in household and labour force status of household head (working,
unemployed, out of labour force). Household net worth is defined as the difference between total
household assets and liabilities. Attitude towards risk is measured using household head’s response
to the question in which he/she were asked to select a statement best describing the amount of
financial risk that he/she were willing to take with spare cash (cash used for savings or investment)
from one of the following statements:

1. I take substantial financial risks expecting to earn substantial returns;

2. I take above-average financial risks expecting to earn above-average returns;

3. I take average financial risks expecting to earn average returns;

4. I am not willing to take any financial risks;

5. I never have any spare cash.

We define risk-loving behavior indicator risk as a binary variable, which is equal to one if household
head selected statements 1 or 2 and is equal to zero otherwise. Finally, household-level measure
of financial planning horizon is constructed from household head’s response to the question ”In
planning your saving and spending, which of the following time periods is most important to you
?”

1. The next week;

2. The next few months;

3. The next year;
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4. The next 2 to 4 years;

5. The next 5 to 10 years;

6. More than 10 years ahead.

We construct two indicators of the length of financial planning horizon: horizon1, which is equal
to one if household head selected item 4 and is equal to zero otherwise, and horizon2, which is
equal to one if household head selected items 5-6 and is equal to zero otherwise. Thus, financial
planning horizon enters the model as a set of two dummy variables with planning horizon of less
than two years being the omitted category. We further include indicators for non-English speaking
background, urban and state residence as predictors of the stock market participation, but not of
the share of risky asset in household portfolios in all versions of a two-part model. The assumption
here is that these variables are likely to influence amount of information about the stock market
available to the household and hence the magnitude of the fixed cost of participating in the market
for risky assets (Campbell (2006)). At the same time these variables can be expected to have
little influence, conditional on other controls, on the share of wealth invested in stocks. However,
because the tobit model assumes that the same set of covariates affects both, participation and share
decisions, we include indicators for non-English speaking background, urban and state residence
among the covariates which affect both decision.

In the empirical implementation we will use flexible functional forms to accommodate potential
non-linear effects of age, net worth and income on participation and allocation decisions. In partic-
ular, we introduce second degree polynomials in age and income and a third degree polynomial in
net worth into share and participation equations. After eliminating households for which data for
at least one variable used in the analysis is missing the final sample consists of 4078 households, of
which 1943 or 47% hold some part of their wealth in risky assets. Variable definitions and summary
statistics are given in Table 1.

3 Model Specification

This section defines the two-part models with normal and mixture of normals disturbances and the
tobit model which will be used to study portfolio choices of Australian households. It also outlines
the Markov Chain Monte Carlo algorithms which are used to conduct inference in these models.

3.1 Normal and Mixture of Normals Two-Part Models

Let I∗i denote the latent utility that an individual derives from stock market participation, let S∗i
denote the logistic transformation of the potential proportion of wealth she is willing to invest in
the stock market s∗i :

S∗i = log(
s∗i

1− s∗i
).
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The logistic transformation is frequently used in economics and statistics to model fractional re-
sponse data defined on the interval (0,1) (Kieschnick and McCullough (2003)). The model for the
latent vector [I∗i , S

∗
i ]′ is specified as follows:

S∗i = α′xi + ε1i (1)

I∗i = β′zi + ε2i (2)

In (1) and (2) the vector of covariates zi includes xi as well as covariates that belong to the
participation equation (2) only. In the normal two-part model the disturbances εi = [ε1i, ε2i]′ are
independently normally distributed:

ε1i ∼ N(0, σ1)

ε2i ∼ N(0, 1).

In the two-part model with mixture of normals disturbances the vector ε1i follows a discrete mixture
of normal distributions:

f(ε1i|θ) =
m∑
j=1

πjφ(ε1i|µj , σ1j),

where θ denotes the vector of parameters, φ(.|a,B) denotes probability density function of a normal
distribution with mean a and variance B, πj denotes the probability of mixture component j, m
denotes the number of components in the mixture, Σm

j=1πj = 1. In this setup mixture components
have no structural interpretation because component labels are not identified without prior restric-
tions. This however is not a concern here because we are using mixture model as a convenient way
to relax the normality assumption (Geweke (2007)) and focus only on the permutation invariant
functions of interest, such as marginal effects.

Let Ii denote the binary variable which is equal to one if individual i participates in the stock
market, and is equal to zero otherwise and assume that

Ii = ι(I∗i > 0) (3)

where ι(a) is an indicator function which is equal to one if a is true and is equal to zero otherwise.
The potential proportion of wealth invested in stocks, s∗i and the transformed value S∗i are only
observed when an individual actually participates in the stock market, i.e. when Ii = 1. Let soi
denote the actual proportion of wealth invested in the stock market, i.e. soi = s∗i if Ii = 1 and
soi = 0 if Ii = 0. Define transformation Si of the observed share as follows:

Si = log(
soi

1− soi
) · ι(Ii = 1). (4)
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The observed data in the two-part model for logistic transformation of share is the vector [Ii, Si]′

for i = 1, ..., n, where n denotes sample size. The likelihood function of the two-part model with
normal disturbances L(θ|Data, N) can be written as:

L(θ|Data, N) =
n∏
i=1

(
1− Φ

(
β′zi

))1−Ii · 〈Φ
(
β′zi

)
· 1√

2πσ1

exp

(
−(Si −α′xi)2

2σ2
1

)〉Ii
, (5)

and that of a two-part model with mixture of normals disturbances L(θ|Data,M) can be expressed
as follows:

L(θ|Data,M) = Πn
i=1

(
1− Φ

(
β′zi

))1−Ii ·(Φ
(
β′zi

)
· Σm

j=1πj
1√

2πσ1j

exp

(
−(Si − µj −α′xi)2

2σ2
1j

))Ii
,

where Φ(a) denotes standard normal cdf evaluated at a. 1

The Bayesian inference in the two-part model with normal disturbances is facilitated by aug-
menting the vector of data [Si, Ii]′ by the latent utility of stock market participation I∗i , for
i = 1, ..., n. The joint probability density function of the augmented data I∗ = [I∗1 , ..., I

∗
N ]′,

S = [S1, ..., Sn]′ and I = [I1, ..., In]′ conditional on the exogenous variables Z = [z′1, ..., z
′
n] and

the vector of parameters θ can be written:

P (I∗, I,S|Z,θ) =
(

1√
2π

)n
exp

(
−(I∗ − Zβ)′(I∗ − Zβ)/2

)
· Πn

i=1ι(Ii = 1)ι(I∗i ≥ 0) + ι(Ii = 0)ι(I∗i < 0)) (6)

·
(

1√
2πσ1

)nI=1

exp
(
−(S+ −X+α)′(S+ −X+α)/2σ1

)
where nI=1 =

∑n
i=1 ι(Ii = 1), S+ is a vector of Si for observations with Ii = 1 and X+ is a matrix

of covariates x′i for observations with Ii = 1.
The collection of parameters θ in the normal two-part model consists of σ1, α and β. We

specify normal prior distributions for α and β and gamma prior distribution for h = 1/σ1, and
assume that α,β and h are independent in the prior:

P (θ) = P (α) · P (β) · P (h), (7)

where

• α ∼ N(α, Hα)

• β ∼ N(β, Hβ)

• h ∼ gamma(S, ν).
1For comparison purposes we also estimate a two-part normal model for untransformed share. This model is

specified as(1)-(5) with S∗i and Si replaced by s∗i and so
i .
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The joint posterior distribution of θ and latent data is proportional to the product of (6) and (7).
To approximate this posterior distribution we construct a Gibbs sampling algorithm which iterates
between the conditional posterior distributions of I∗i , α, β and h. The details of the algorithm are
given in the Appendix.

Similar to the normal model, Bayesian inference in the two-part model with mixture of normals
disturbances can be conducted by augmenting the observable vector [Si, Ii]′ by the latent utility
of stock market participation I∗i and the latent indicator of mixture component si. The latent
indicator of mixture component si takes on one of the values 1, ...,m, and P (si = j|zi,θ) = πj for
j = 1, ...,m. The distribution of the disturbances ε1i conditional on the latent indicator of mixture
component si is normal:

ε1i|(si = j,θ) ∼ N(µj , σ1j).

The following notation will be useful for the presentation of the posterior simulation algorithm in
the two-part model with mixture of normals disturbances. Define C = [c1, ..., cnI=1 ]′ = [ι(si = j)],
so that the jth row of the m × 1 vector ci is equal to one if si = j and is equal to zero otherwise.
Also, define W+ = [C,X+] and γ = [µ1, ..., µm,α

′]′. Then the joint probability density function of
the augmented data s = [s1, ..., sn]′, I∗ = [I∗1 , ..., I

∗
n]′, S = [S1, ..., Sn]′ and I = [I1, ..., In]′ conditional

on exogenous variables Z and the vector of parameters θ can be written:

P (I∗, I,S, s|Z,θ) =
(

1√
2π

)n
exp

(
−(I∗ − Zβ)′(I∗ − Zβ)/2

)
· Πn

i=1(ι(Ii = 1)ι(I∗i ≥ 0) + ι(Ii = 0)ι(I∗i < 0)) (8)

·
m∑
j=1

πj

(
1√

2πσ1j

)nj
I=1

exp
(
−(S+ −W+γ)′Q(S+ −W+γ)/2

)

where nji=1 is the number of observations such that si = j and Ii = 1, and Q is a nI=1 × nI=1

diagonal matrix with the diagonal element qii = 1/σ1si .
The collection of parameters θ in the two-part model with mixture of normals disturbances

consists of β, γ, h1, ..., hm and π, where hj ≡ σ−1
1j for j = 1, ...,m. We specify normal prior

distributions for β and γ, gamma prior distributions for h1, ..., hm, Dirichlet prior distribution for
π and assume that β, γ, h1, ..., hm and π are independent in the prior:

P (θ) = P (β)P (γ) ·
m∏
j=1

P (hj) · P (π), (9)

where

• β ∼ N(β, Hβ)

• γ ∼ N(γ, Hγ)
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• hj ∼ gamma(Sj , νj) for j = 1, ...,m

• π ∼ Dirichlet(r)

The joint posterior distribution of θ and latent data in the two-part model with mixture of
normals disturbances is proportional to the product of (8) and (9). To approximate this posterior
distribution we construct a Gibbs sampling algorithm which iterates between the conditional poste-
rior distributions of I∗i , si, β, γ, hj and π. The details of the algorithm are given in the Appendix.
The Matlab codes for these two algorithms have passed the joint distribution test suggested in
Geweke (2004).

3.2 The Tobit Model

The tobit model assumes that the potential proportion of wealth an individual is willing to invest
in the stock market s∗i follows normal distribution:

s∗i = β′zi + εi, (10)

where
εi ∼ N(0, σ), i = 1, ..., n.

Then the observed proportion of wealth invested in the stock market soi is assumed to be generated
by s∗i as follows:

soi = max{0, s∗i }. (11)

The likelihood function of the tobit model L(θ|Data, T ) can be expressed as:

L(θ|Data, I) =
∏

i:so
i =0

(
1− Φ

(
β′zi

))
·
∏

i:so
i>0

· 1√
2πσ

exp

(
−(soi − β′zi)2

2σ

)
.

The Bayesian inference in the tobit model is facilitated by augmenting the observables soi by the
potential proportion on wealth invested in shares s∗i , for i = 1, ..., n. The joint probability density
function of the augmented data s∗ = [s∗1, ..., s

∗
n]′, s = [s1, ..., sn]′ conditional on the exogenous

variables Z = [z′1, ..., z
′
n] and the vector of parameters θ can be written:

P (s∗, s|Z,θ) =
(

1√
2πσ

)n
exp

(
−(s∗ − Zβ)′(s∗ − Zβ)/2σ

)
· Πn

i=1ι(s
o
i > 0)ι(s∗i = soi ) + ι(soi = 0)ι(s∗i < 0)). (12)

The collection of parameters θ in the tobit model consists of σ and β. We specify normal prior
distributions for β and gamma prior distribution for h = 1/σ, and assume that β and h are
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independent in the prior:
P (θ) = P (β) · P (h), (13)

where

• β ∼ N(β, Hβ)

• h ∼ gamma(S, ν).

The joint posterior distribution of θ and latent data is proportional to the product of (12) and
(13). To approximate this posterior distribution we construct a Gibbs sampling algorithm which
iterates between the conditional posterior distributions of s∗i , β and h as suggested in Koop et al.
(2007).

4 Marginal Effects

The results of the two-part models and the tobit model can be interpreted by comparing marginal
effects of covariates on the outcome variables. For each model we compute posterior distributions
of the following three sets of marginal effects:

1. The marginal effect of the variable zki on probability of stock market participation of individ-
ual i. For continuous zki this effect is computed as the derivative of the probability of stock
market participation of individual i with respect to zki:

MEPzc
ki
|zi,θ, A ≡

∂Prob(I∗i > 0|zi,θ, A)
∂zki

, (14)

where superscript c indicates that the marginal effect MEPzc
ki
|zi,θ is that of a continuous

zki, and A indicates a model for which the effect is computed.

For discrete zki the effect is computed as the difference in probabilities of stock market
participation of individual i evaluated at adjacent values of zki:

MEPzd
ki
|zi,θ, A ≡ Prob(I∗i > 0|z−zki,i, zki = a+ 1,θ, A)− Prob(I∗i > 0|z−zki,i, zki = a,θ, A),

(15)
where superscript d indicates that the marginal effect MEPzd

ki
|zi,θ is that of a discrete zki.

2. The marginal effect of the variable xki on the expectation of the fraction of wealth invested
in shares of individual i conditional on participation in the stock market. For continuous xki
this effect is computed as the derivative of the expectation of fraction of wealth invested in
stock market of individual i conditional on participation with respect to xki:

MESCxc
ki
|zi,θ, A ≡

∂E(s∗i |I∗i > 0, zi,θ, A)
∂xki

. (16)
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For discrete xki the effect is computed as the difference in the expectations of the fraction of
wealth invested in shares of individual i conditional on participation evaluated at adjacent
values of xki:

MESCxd
ki
|zi,θ, A ≡ E(s∗i |I∗i > 0, z−xki,i, xki = a+1,θ, A)−E(s∗i |I∗i > 0, z−xki,i, xki = a,θ, A).

(17)

3. The effect of the variable xki on the unconditional expectation of observed fraction of wealth
invested in shares of individual i. This unconditional expectation can be expressed:

E(soi |zi,θ, A) = E(soi |I∗i > 0, zi,θ, A) · Prob(I∗i > 0|zi,θ, A)

+ E(soi |I∗i ≤ 0, zi,θ, A) · Prob(I∗i ≤ 0|zi,θ, A).

Because the observed fraction of wealth invested in shares is zero for individuals who do not
participate in the stock market, and the observed fraction soi is equal to the potential fraction
s∗i for individuals who participate in the stock market, the expectation E(soi |zi,θ, A) reduces
to:

E(soi |zi,θ, A) = E(s∗i |I∗i > 0, zi,θ, A) · Prob(I∗i > 0|zi,θ, A). (18)

Then the marginal effect of a continuous variable xki is computed as the derivative of this
unconditional expectation with respect to xki:

MESUxc
ki
|zi,θ, A ≡

∂E(s∗i |I∗i > 0, zi,θ, A)Prob(I∗i > 0|zi,θ, A)
∂xki

. (19)

The marginal effect of a discrete xki is computed as the difference in the unconditional ex-
pectations evaluated at adjacent values of xki:

MESUxd
ki
|zi,θ,A ≡

E(s∗i |I∗i > 0, z−xki,i, xki = a+ 1,θ, A)Prob(I∗i > 0|z−xki,i, xki = a+ 1,θ, A)−

E(s∗i |I∗i > 0, z−xki,i, xki = a,θ, A)Prob(I∗i > 0|z−xki,i, xki = a,θ, A). (20)

The expressions for the marginal effects (14)-(20) in two-part models with normal and mixture
of normals disturbances and in the tobit model are derived in the Appendix. These marginal effects
all depend of the vector of covariates zi, so in general for a given θ there will be as many marginal
effects of the variable zki as there are individuals in the sample. It has become a standard practice
to evaluate marginal effects at sample means or medians of the covariates, and we will follow this
convention hereafter. In particular, we evaluate marginal effects for a representative Australian
household, which we define as a household whose continuous covariates (household head’s age, net
worth, income, business equity, housing equity, superannuation) are equal to their sample medians,
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with no children younger than 16 years old, living in New South Wales and whose household
head is employed but not self-employed, is not willing to take risks, has advanced diploma as
the highest educational qualification, is in good health, comes from English-speaking background
and has planning horizon of less or equal to one year. To obtain the posterior distributions of
the marginal effects we evaluate model-specific expressions for (14)-(20) for a range of parameters
representative of their posterior distribution, i.e. we use draws from the posterior distribution of
parameters p(θ|Data) to approximate the following posterior distributions of marginal effects:

p(MEfzh
ki
|zi = z,Data, A) =

∫
p(MEfzh

ki
|zi = z,θ, A)p(θ|Data)dθ, (21)

where f = {P, S, SU}, h = {c, d} and z denotes the vector of covariates zi of a representative
household. To summarize these posterior distributions, for every marginal effect we report posterior
mean, posterior standard deviation and posterior probability that the effect is positive.

5 Empirical results

One of the goals of the paper is to answer two related questions: first, which household character-
istics have significant influence on the decision to hold public equity in Australia? Second, what
are the main determinants of the share of financial wealth invested in the stock market? To answer
these questions we fit four models to the share and participation data: normal and two compo-
nent mixture two-part models to transformed share data, tobit model to untransformed share and
normal two-part model to untransformed share data. For each model the posterior distribution of
parameters is obtained from the MCMC chain with 100,000 iterations. First 20,000 iterations are
discarded to allow the effect of an initial draw to vanish, and the remaining 80,000 draws are used
for the analysis. The hyperparameters of prior distributions of parameters of the four models are
presented in the Appendix.

Model selection is based on the comparison of log marginal likelihoods which are computed
using the method proposed by Chib (1995). As shown in Table 2, the data favors the normal model
on transformed share data over the tobit model, the normal model on untransformed share and the
model on transformed share with mixture of normals disturbances. In what follows we treat the

Table 2: Log Marginal Likelihood Comparison

Model Log of Marginal Likelihood
Tobit -3126.2
Normal two-part, without transformation -3028.5
Normal two-part, transformed -2445.1
Mixture of 2 Normals two-part, transformed -2552
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normal model on transformed share as our preferred model and discuss results from this model in
detail. We also present results from the tobit model and from the two-part model on transformed
share with mixture of normals disturbances and the two-part normal model on untransformed share.
As it turns out, all two-part models produce very similar posterior distributions of marginal effects.
The empirical results for the normal model on transformed share are presented in tables 3, 5 and
7. Table 3 presents posterior moments of the coefficients and marginal effects in the participation
equation. Table 5 contains posterior moments of the coefficients in the share equation and posterior
moments of the marginal effect of covariates on the share of risky assets conditional on participation.
Posterior moments of the unconditional marginal effects of covariates on the observed share of risky
assets are given in Table 7. The results from the tobit model are reported in tables 4, 6 and 8.
Table 4 contains coefficients and marginal effects in the participation equation, and tables 6 and 8
present posterior moments of the coefficients and conditional and unconditional marginal effects in
the share equation. All marginal effects are evaluated for a representative household as defined in
section 4.

As discussed in section 2, we assume that non-English speaking background and state of resi-
dence only influence participation decision and therefore can be excluded from the share equation
in two-part models. We hypothesize that these variables will have a significant impact on the par-
ticipation decision because all of them are likely to influence the information about opportunities
of investing in the stock market available to a household, while having no influence on the share
of risky assets in household portfolios. Consistent with our hypothesis, results presented in Table
3 imply that non-native speaker indicator has a strong negative impact on participation: people
with non-English language background are 13 percentage points less likely to invest in stocks. We
also find that there exist significant differences in participation rates across states, with residents
of Tasmania and Northern Territory (the omitted category) being less likely to hold stocks than
those of other states.

As can be seen from Table 3 and Figure 1 households with higher net worth are more likely to
invest in stocks. Figure 1 shows the net worth profile of the probability of stock market participation
of a representative household implied by tobit (red dashed line) and two-part normal model for
transformed share (blue solid line). To construct Figure 1 we evaluated probability of stock market
participation as defined in (A-1) for a grid of values of net worth ranging from -50 to 300, with
other covariates fixed at values of a representative households, and for a range of parameters
representative of their posterior distribution. This way we obtained posterior distributions of the
probability of stock market participation for each point of the net worth grid. Figure 1 plots the
mean, 5th and 95th percentiles of these distributions implied by the two models for each point
of the grid. The net worth profile from the two-part normal model on transformed share (the
preferred model) suggests that net worth is a strong predictor of stock market participation, with
mean participation probability increasing from 0.05 to 0.70 as net worth increases from $0 (5th
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Figure 1: Net worth profile of the probability to hold stocks; blue solid- two-part model, red
dashed-tobit

-50 0 50 100 150 200 250 300
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9
Net worth profile of the probability of stock market participation

Net worth

percentile of sample distribution of net worth) to $1, 500, 000 (95th percentile of sample distribution
of net worth). Note, that the tobit model overpredicts the net worth profile for low values of net
worth, and underpredicts it for high values of net worth.

Figure 2 shows age profile of the probability to invest in shares. The results from the pre-
ferred model imply that the effect of age on participation is small and almost linear: participation
probability is increasing by 0.01 per each 10 additional years. The tobit model predicts higher
participation for every point of the age grid, but the shape of the age profile implied by the tobit
model is similar to that implied by the preferred two-part model.

Table 3 implies that participation is also increasing with the level of education: households
headed by persons with 12 years of schooling are 9 percentage points more likely to hold public
equity compared to those with less than 12 years of schooling and this result is consistent among the
two-part models (see Table 5). Interestingly, additional education beyond 12 years does not seem
to increase the probability of participation. Table 3 also implies that planning horizon and attitude
towards risk have large positive effects on stock market participation. Effect of risk preferences is
especially strong: respondents who report willingness to take high and moderate risks in order to
earn a higher return are 18 percentage points more likely to hold risky assets. These results allow
us to conclude that risk attitudes is the most significant determinants of the participation decision
besides age and wealth. Note that the Tobit model implies smaller effects of planning horizon and
risk variables on participation.
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Figure 2: Age profile of the probability to hold stocks; blue solid- two-part model, red dashed-tobit
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Finally, variables measuring background risk (or alternative investment options) have expected
but small effects on stock market participation. For example, households with self-employed heads
are 1 percentage point less likely to hold stocks, and households with heads in bad health are 4
percentage points less likely to hold stocks. The effect of business equity is also negative, but rather
small. Increasing business equity by $100,000 is associated with 1.4 percentage points decrease in
participation probability. We do not find any relationship between stock market participation
and superannuation assets: the posterior distributions of marginal effects of superannuation are
centered around zero. This implies that households in general do not view their pension wealth as
a substitute for direct investments in public equity.

Turning to the share equation we observe that effects of explanatory variables on the share of
risky assets conditional on participation are in general quite small. These results are similar to the
findings of several studies of household portfolios in other countries (e.g. Vissing-Jorgenson, 2004).
Figure 3 demonstrates the net worth profile of share conditional on participation. The preferred
two-part model suggests no relationship between wealth and share conditional on participation,
while tobit model suggests a hump-shaped profile. This result supports the hypothesis that tobit
model confounds effects of covariates on participation and share by attributing strong relationship
between participation and wealth present in the data to the relationship between share conditional
on participation and wealth .

The age profile of the expected share of wealth invested in stocks conditional on participation
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Figure 3: Net worth profile of the fraction of wealth invested in shares conditional on participation;
blue solid- two-part model, red dashed-tobit
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is shown in Figure 4. The figure suggests a weak negative relationship between expected share
conditional on participation and age, with share decreasing by about 1 percentage points per each
additional 10 years. Interestingly, the tobit model underpredicts share for all points of the age grid
and implies a weak positive relationship between age and share.

Education has a positive effect on proportion of financial wealth invested in stocks among those
who participate in the stock market: households where household head has a bachelor or higher
degree hold 5 percentage points more of their financial wealth in stocks compared to households
with less than 12 years of education (see Table 5). Interestingly, the mean marginal effects of
education on share in the two-part model are similar to those in the tobit model, although the
tobit model suggests that these effects are positive with higher certainty, because the posterior
probability that these effects are positive are all equal to 1 in the tobit model, but are less than
one in the two-part model (see Table 6).

Most background risk (or alternative investment options) variables have no effect on share
conditional on participation: the posterior distributions of marginal effects of business equity and
superannuation are all centered around zero. We do find that households with self-employed heads
decrease their share of risky assets by 8 percentage points and that households where head has bad
self-reported health have about 2 percentage points lower proportion of financial wealth invested
in stocks.
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Figure 4: Age profile of the fraction of wealth invested in shares conditional on participation; blue
solid- two-part model, red dashed-tobit
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Turning to effects on expected share (unconditional of participation) we see from figures 5 and
6 that tobit model predicts lower and less steep net worth and age profiles of this expectation
compared to the two-part model with logistic transformation. Also, Tables 7 and 8 show that tobit
model underpredicts effects of education, risk attitudes and planning horizon on unconditional
expectation of fraction of wealth invested in shares compared to the preferred two-part model,
and predicts higher probability that marginal effects of business equity and housing equity on this
expectation are negative.
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Figure 5: Net worth profile of the fraction of wealth invested in shares; blue solid- two-part model,
red dashed-tobit
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Figure 6: Age profile of the fraction of wealth invested in shares; blue solid- two-part model, red
dashed-tobit
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6 Conclusion

This paper contributes to the literature on household financial behavior by studying the factors
which affect stock market participation and share of risky assets in household portfolios using recent
data from Australia. The two decisions are modeled jointly in the framework of a two part model.
The joint distribution of error terms is modeled as a finite mixture of normals thus accommodating
possible departures from normality. MCMC methods are used to obtain posterior distribution of
the parameters and of marginal effects of explanatory variables on the participation and allocation
decisions. We find that the data favors normal two-part model with logistically transformed share
over other competing models which include normal two-part model for untransformed share, the
two-component mixture two-part model for transformed share and the tobit model according to
the marginal likelihood criterion.

Results based on the normal two-part model with transformed share imply that education, age,
wealth, risk aversion, planning horizon have strong effects on stock market participation. Similar
to existing empirical studies of household portfolios in other countries, we find that, conditional on
participation, most household characteristics apart from education, self-employed status and risk
attitude have little effect on the share of wealth invested in stocks.
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Table 3: Coefficients and Marginal Effects for Participation, Normal Model for Transformed Share
Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)

const -1.6969 0.2787
age 0.0104 0.0106 0.84 0.0017 0.0007 1
age2 -0.0045 0.0106 0.33
nw 0.0287 0.0021 1 0.0064 0.0009 1
nw2 -0.0121 0.0014 0
nw3 0.0015 0.0002 1
income 0.0004 0.012 0.51 -0.0002 0.0027 0.47
income2 -0.0143 0.0441 0.38
eduB 0.3727 0.0656 1 0.1043 0.0219 1
eduD 0.2177 0.0541 1 0.057 0.0158 1
eduHS 0.3361 0.0845 1 0.0929 0.0269 1
olf -0.0795 0.0842 0.17 -0.0218 0.0234 0.17
und -0.2724 0.1697 0.05 -0.0665 0.0399 0.05
youngchild 0.0266 0.0253 0.85 0.0075 0.0072 0.85
selfempl -0.0514 0.0794 0.26 -0.0142 0.0224 0.26
health -0.1523 0.0619 0.01 -0.0407 0.0168 0.01
horizon 1 0.1865 0.0657 1 0.0577 0.0218 1
horizon 2 0.2202 0.054 1 0.0687 0.0186 1
risk 0.5338 0.0776 1 0.1817 0.0321 1
bizeq -0.005 0.001 0 -0.0014 0.0003 0
housingeq -0.0062 0.0015 0 -0.0018 0.0005 0
super w 0.0009 0.0024 0.65 0.0003 0.0007 0.65
super ret 0.002 0.0032 0.72 0.0006 0.0009 0.72
nesb -0.3931 0.0671 0 -0.1287 0.0225 0
st nsw 0.3078 0.1266 0.99 0.0974 0.0376 0.99
st vic 0.2647 0.1261 0.98 0.0824 0.0373 0.98
st qld 0.2211 0.1282 0.96 0.0677 0.0379 0.96
st sa 0.3142 0.1393 0.99 0.0999 0.0428 0.99
st wa 0.2289 0.1363 0.96 0.0704 0.0409 0.96
st act 0.3625 0.204 0.96 0.1189 0.0687 0.96
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APPENDIX

A1. The MCMC Algorithms for the Two Part Models with Normal and Mixture

of Normals Disturbances

Two-Part Model with Normal Disturbances

The joint posterior distribution of parameters and latent data on the two part model with nor-
mal disturbances is proportional to the product of (6) and (7). To approximate this posterior
distribution we construct the Gibbs sampling algorithm which iterates between the following four
blocks:

1. Sample I∗i |S, I,Z,θ for i = 1, ..., n. When Ii = 1, draw I∗i |(S, I,Z,θ) ∼ N(β′zi, 1) truncated
to I∗i > 0;

When Ii = 0, draw I∗i |(S, I,Z,θ) ∼ N(β′zi, 1) truncated to I∗i < 0.

2. β|(I∗,S, I,Z,θ−β) ∼ N(β, Hβ) where Hβ = Hβ + Z′Z and β = H
−1
β (Hββ + Z′I∗).

3. α|(I∗,S, I,Z,θ−α) ∼ N(α, Hα) where Hα = Hα + hX′X and α = H
−1
α (Hαα+ hX′S).

4. Sh|(I∗,S, I,Z,θ−h) ∼ χ2(ν) where S = S +
∑n
i=1(Si −α′xi)2 and ν = ν + nI=1.

Two Part Model with Mixture of Normals Disturbances

The joint posterior distribution of θ and latent data in the two part model with mixture of normals
disturbances is proportional to the product of (8) and (9). To approximate this posterior we
construct a Gibbs sampling algorithm which iterates between the following six blocks:

1. Sample I∗i |S, I,Z, s,θ for i = 1, ..., n. When Ii = 1, draw I∗i |(S, I,Z, s,θ) ∼ N(β′zi, 1)
truncated to I∗i > 0;

When Ii = 0, draw I∗i |(S, I,Z, s,θ) ∼ N(β′zi, 1) truncated to I∗i < 0;

2. P (si = j|S, I∗, I,Z, s−i,θ) ∝ πjφ(Si;µj +α′xi, σ1j) where φ(a,B) denotes probability density
function of normal distribution with mean a and variance B.

3. α|(I∗,S, I,Z, s,θ−α) ∼ N(α, Hα) where Hα = Hα + Z′Z and α = H
−1
α (Hαα+ Z′I∗).

4. γ|(I∗,S, I,Z, s,θ−γ) ∼ N(γ, Hγ) where Hγ = Hγ + W′QW and γ = H
−1
γ (Hγγ + W′QS).

5. Sjhj |(I∗,S, I,Z, s,θ−hj
) ∼ χ2(νj) where Sj = Sj +

∑n
i=1 ι(si = j)(S∗i − µsi − α′xi)2 and

νj = νj + njI=1.

6. π|(I∗,S, I,Z,θ−π) ∼ Dirichlet(r + n1
I=1, ..., r + nmI=1).
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A2. Marginal Effects

The expressions for the marginal effects (14)-(20) in the two part models with normal and mixture of
normals disturbances can be derived as follows. In both two part models the conditional probability
of stock market participation Prob(I∗i > 0|zi,θ, A) is equal to the standard normal cdf evaluated
at β′zi:

Prob(I∗i > 0|zi,θ, A) = Φ(β′zi) (A-1)

where Φ(a) denotes the standard normal cdf evaluated at a. Then the marginal effect of a continuous
variable zki on probability of stock market participation of individual i is:

MEPzc
ki
|zi,θ, N =

∂Φ(β′zi)
∂zki

= βk · φ(β′zi), (A-2)

where φ(a) denotes standard normal pdf evaluated at a. The marginal effect of a discrete zki on
probability of stock market participation of individual i is:

MEPzd
ki
|zi,θ, N = Φ(βk(zki + 1) + β−βk

z−zki
)− Φ(β′zi)

= Φ(βk + β′zi)− Φ(β′zi). (A-3)

The expected values of the fraction of wealth invested in shares conditional on participation in
normal and mixture of normals two part models E(s∗i |I∗i > 0, zi,θ, N) and E(s∗i |I∗i > 0, zi,θ,M)
are defined as follows:

E(s∗i |I∗i > 0, zi,θ, N) =
∫ +∞

−∞

exp(α′xi + ε1i)
1 + exp(α′xi + ε1i)

· φ(ε1i|0, σ1)dεi1, (A-4)

and
E(s∗i |I∗i > 0, zi,θ,M) =

∫ +∞

−∞

exp(α′xi + ε1i)
1 + exp(α′xi + ε1i)

· Σm
j=1πjφ(ε1i|µj , σ1j)dεi1. (A-5)

where φ(.|a,B) denotes probability density function of normal distribution with mean a and vari-
ance B. Because the closed-form expressions for conditional expectations (A-4) and (A-5) do not
exist, we approximate these integrals using Monte-Carlo integration. To approximate marginal
effects of variable xki we compute the difference between these integrals evaluated at xki + 1 and
xki for both discrete and continuous xki, because increase by one represents a fairly small change
for continuous covariates in our data.

Finally, the unconditional expectations of the observed fraction of wealth invested in shares in
normal and mixture of normals two part models E(soi |zi,θ, N) and E(soi |zi,θ,M) are defined as
follows:

E(soi |zi,θ, N) = Φ(β′zi) ·
∫ +∞

−∞

exp(α′xi + ε1i)
1 + exp(α′xi + ε1i)

· φ(ε1i|0, σ1)dεi1, (A-6)
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and

E(soi |zi,θ,M) = Φ(β′zi)
∫ +∞

−∞

exp(α′xi + ε1i)
1 + exp(α′xi + ε1i)

· (Σm
j=1πjφ(ε1i|µj , σ1j))dεi1. (A-7)

The closed-form expressions for conditional expectations (A-6) and (A-7) also do not exist. We
approximate these integrals using Monte-Carlo integration and approximate marginal effects of
variable xki by computing the difference between these integrals evaluated at xki + 1 and xki for
both discrete and continuous xki.

In the tobit model the expressions for the marginal effects are defined as follows. The conditional
probability of stock market participation Prob(I∗i > 0|zi,θ, T ) is equal to the standard normal cdf
evaluated at β′zi:

Prob(I∗i > 0|zi,θ, T ) = Φ(β′zi) (A-8)

and marginal effects of continuous and discreet variables on this probability are as defined in (A-
2) and (A-3). The expected values of the fraction of wealth invested in shares conditional on
participation in the tobit model E(s∗i |s∗i > 0, zi,θ, T ) is defined as follows:

E(s∗i |s∗i > 0, zi,θ, T ) = β′zi +
√
σ
φSN (β

′zi√
σ

)

Φ(β
′zi√
σ

)
. (A-9)

The marginal effect of a continuous variable zki on this expectation is given by:

MESzc
ki
|zi,θ, T =

∂E(s∗i |s∗i > 0, zi,θ, T )
∂zki

(A-10)

= βk(1−
(β
′zi√
σ

)φSN (β
′zi√
σ

)

Φ(β
′zi√
σ

)
−

φSN (β
′zi√
σ

)

Φ(β
′zi√
σ

)


2

).

The marginal effect of a discrete variable zki on this expectation is given by the difference between
expression (A-11) evaluated at zki + 1 and zki.

The expected values of the fraction of wealth invested in shares in the tobit model E(soi |zi,θ, T )
is derived in Wooldridge (2002) Ch.16, and is defined as follows:

E(soi |zi,θ, T ) = P (s∗i > 0|zi,θ, T ) · E(si|s∗i > 0, zi,θ, T )

= Φ(
β′zi√
σ

)β′zi +
√
σφ(

β′zi√
σ

). (A-11)

The marginal effect of a continuous variable zki on this expectation is given by:

MESUzc
ki
|zi,θ, T =

∂E(soi |zi,θ, T )
∂zki

= Φ(
β′zi√
σ

)βk. (A-12)
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In the normal two-part model for untransformed share marginal effects of covariates on par-
ticipation probability are defined as in (A-2) and (A-3), marginal effects of covariates on share
conditional on participation are just coefficients in share equation αk and marginal effects of co-
variates on share (unconditional of participation) are given by φ(β′zi) ·α′xi · βk + Φ(β′zi)αk.

A3. Specification of Prior Distributions

We specify the following hyper-parameters of the prior distribution of θ in the normal model for
transformed share:

1. The mean of the prior distribution of the vector of coefficients [α′,β′]′ and the precision of
this distribution H are specified as follows:

α = [.38,0′Kx×1]′,

β = [−.23,0′Kz×1]′,

H =

[
Hα 0

0 Hβ

]
,

Hα = (1/50)IKx×Kx and Hβ = (1/50)IKz×Kz . The priors of α and β are diffuse and are
specified so that the prior distributions p(S∗i |xi) and p(Ii|zi) for i = 1, ..., n are centered at
sample means of Si|Ii = 1 and Ii respectively.

2. The hyper-parameters which govern the prior distribution of the parameters of the distribu-
tion of ε1i, S and ν are specified as follows:

S = 10, ν = 3.

This prior distribution centers variance of S∗i |xi,θ around sample variance of Si|Ii = 1.

In the mixture of normals two-part model for transformed share the following hyper-parameters
of the prior distribution of θ are used:

1. The mean of the prior distribution of the vector of coefficients [µ′,α′,β′]′ and the precision
of this distribution Hm are specified as follows:

µ = 0m×1,

α = [0.38,0′Kx×1]′,

β = [−0.23,0′Kz×1]′,
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Hm =


Hµ 0 0

0 Hα 0

0 0 Hβ

 ,
where Hµ = .1Im×M , Hα = (1/50)IKx×Kx , Hβ = (1/50)IKz×Kz . In this prior, low precision
of µ1 implies substantial probability of multimodality in the conditional on parameters and
xi distribution of S∗i . The priors of α and β are diffuse and are specified so that the prior
distributions p(S∗i |xi) and p(Ii|zi) for i = 1, ..., n are centered at sample means of Si|Ii = 1
and Ii respectively.

2. The hyper-parameters which govern the prior distribution of the parameters of the distribu-
tion of ε)1i, Sj and νj , j = 1, ...,m, are specified as follows:

Sj = 10, νj = 3.

This prior distribution centers variance of S∗i |xi,θ, si = j around sample variance of Si|Ii = 1
for j = 1, ...,m.

3. The parameters of the prior distribution of the marginal probabilities of mixture components
π, r1, ..., rm are all set to 1.

In the tobit model the following hyper-parameters of the prior distribution of θ are used:

1. The mean of the prior distribution of the vector of coefficients β′ and the precision of this
distribution Hβ are specified as follows:

β = [0.26,0′Kz×1]′,

andHβ = (1/50)IKz×Kz . The prior β is diffuse and are specified so that the prior distributions
p(s∗i |xi) for i = 1, ..., n are centered at sample means of soi .

2. The hyper-parameters which govern the prior distribution of the parameters of the distribu-
tion of ε1i, Sj and νj , j = 1, ...,m, are specified as follows:

Sj = 2, νj = 3.

In the normal two-part model for transformed share the following hyper-parameters of the prior
distribution are specified:

1. The mean of the prior distribution of the vector of coefficients [α′,β′]′ and the precision of
this distribution H are specified as follows:

α = [.55,0′Kx×1]′,
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β = [−.23,0′Kz×1]′,

H =

[
Hα 0

0 Hβ

]
,

Hα = (1/50)IKx×Kx and Hβ = (1/50)IKz×Kz . The priors of α and β are diffuse and are
specified so that the prior distributions p(s∗i |xi) and p(Ii|zi) for i = 1, ..., n are centered at
sample means of soi |Ii = 1 and Ii respectively.

2. The hyper-parameters which govern the prior distribution of the parameters of the distribu-
tion of ε1i, S and ν are specified as follows:

S = 2, ν = 3.
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Table 4: Coefficients and Marginal Effects for Participation, Tobit Model
Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)

const -0.7769 0.1422 0
age 0.0068 0.0053 0.9 0.0013 0.0007 0.98
age2 -0.0047 0.0052 0.18
nw 0.0127 0.0009 1 0.0055 0.0006 1
nw2 -0.0059 0.0006 0
nw3 0.0008 0.0001 1
income -0.0057 0.0054 0.15 -0.0029 0.0025 0.12
income2 0.0091 0.0184 0.69
eduB 0.1911 0.0306 1 0.1086 0.0195 1
eduD 0.1074 0.0265 1 0.0581 0.015 1
eduHS 0.1623 0.0397 1 0.091 0.0243 1
olf -0.0058 0.0391 0.44 -0.0031 0.0226 0.44
und -0.0941 0.0837 0.13 -0.0491 0.0436 0.13
youngchild 0.019 0.0119 0.95 0.0108 0.0068 0.95
selfempl -0.0707 0.0369 0.03 -0.039 0.0204 0.03
health -0.0815 0.0296 0 -0.0447 0.0163 0
horizon 1 0.0553 0.0302 0.96 0.033 0.0185 0.96
horizon 2 0.0932 0.0246 1 0.0564 0.0155 1
risk 0.259 0.0317 1 0.1668 0.0233 1
bizeq -0.0019 0.0004 0 -0.0011 0.0002 0
housingeq -0.0021 0.0006 0 -0.0012 0.0004 0
super w -0.0005 0.0009 0.26 -0.0003 0.0005 0.26
super ret 0.0006 0.001 0.7 0.0003 0.0006 0.7
nesb -0.1874 0.0333 0 -0.1177 0.0205 0
st nsw 0.1521 0.0658 0.99 0.0936 0.0386 0.99
st vic 0.1631 0.0659 0.99 0.1009 0.0387 0.99
st qld 0.1509 0.0669 0.99 0.0929 0.0395 0.99
st sa 0.145 0.0706 0.98 0.0891 0.0422 0.98
st wa 0.1388 0.0703 0.98 0.085 0.0418 0.98
st act 0.1543 0.0958 0.95 0.0961 0.0599 0.95
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Table 5: Coefficients and Conditional Marginal Effects, Share of Risky Assets, Normal Model for
Transformed Share

Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)
const 1.028 0.5429 0.97
age -0.0155 0.0225 0.24 -0.001 0.0019 0.28
age2 0.0094 0.0224 0.67
nw -0.0013 0.004 0.37 -0.0001 0.0019 0.47
nw2 0.0008 0.0025 0.63
nw3 -0.0001 0.0004 0.41
income -0.0796 0.0229 0 -0.0093 0.0032 0
income2 0.2002 0.0755 1
eduB 0.3364 0.135 0.99 0.0509 0.0207 0.99
eduD 0.1512 0.1238 0.89 0.0231 0.0193 0.88
eduHS 0.2199 0.1802 0.89 0.0333 0.0274 0.89
olf 0.1981 0.1725 0.88 0.0299 0.0247 0.89
und 0.59 0.3925 0.94 0.0881 0.0543 0.95
youngchild 0.0443 0.0537 0.8 0.0064 0.0082 0.79
selfempl -0.5601 0.1602 0 -0.0833 0.0245 0
health -0.1146 0.1385 0.21 -0.0179 0.0207 0.2
horizon 1 -0.26 0.1343 0.03 -0.0399 0.0208 0.03
horizon 2 -0.0133 0.107 0.45 -0.002 0.0167 0.46
risk 0.6407 0.1296 1 0.0927 0.0186 1
bizeq -0.0037 0.0016 0.01 -0.0005 0.0018 0.39
housingeq -0.0017 0.0024 0.24 -0.0003 0.0019 0.43
super w 0.0024 0.0035 0.76 0.0005 0.0019 0.6
super ret 0.0041 0.0041 0.84 0.0005 0.0019 0.62
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Table 6: Coefficients and Conditional Marginal Effects, Share of Risky Assets, Tobit Model
Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)

const -0.7769 0.1422 0
age 0.0068 0.0053 0.9 0.0006 0.0003 0.98
age2 -0.0047 0.0052 0.18
nw 0.0127 0.0009 1 0.0024 0.0003 1
nw2 -0.0059 0.0006 0
nw3 0.0008 0.0001 1
income -0.0057 0.0054 0.15 -0.0012 0.0011 0.12
income2 0.0091 0.0184 0.69
eduB 0.1911 0.0306 1 0.0472 0.0084 1
eduD 0.1074 0.0265 1 0.0253 0.0065 1
eduHS 0.1623 0.0397 1 0.0395 0.0105 1
olf -0.0058 0.0391 0.44 -0.0013 0.0098 0.44
und -0.0941 0.0837 0.13 -0.0216 0.0192 0.13
youngchild 0.019 0.0119 0.95 0.0048 0.0031 0.95
selfempl -0.0707 0.0369 0.03 -0.0169 0.0088 0.03
health -0.0815 0.0296 0 -0.0194 0.007 0
horizon 1 0.0553 0.0302 0.96 0.0143 0.008 0.96
horizon 2 0.0932 0.0246 1 0.0245 0.0068 1
risk 0.259 0.0317 1 0.0746 0.0119 1
bizeq -0.0019 0.0004 0 -0.0005 0.0001 0
housingeq -0.0021 0.0006 0 -0.0005 0.0002 0
super w -0.0005 0.0009 0.26 -0.0001 0.0002 0.26
super ret 0.0006 0.001 0.7 0.0001 0.0003 0.7
nesb -0.1874 0.0333 0 -0.0516 0.0092 0
st nsw 0.1521 0.0658 0.99 0.0406 0.0167 0.99
st vic 0.1631 0.0659 0.99 0.0439 0.0168 0.99
st qld 0.1509 0.0669 0.99 0.0403 0.0171 0.99
st sa 0.145 0.0706 0.98 0.0387 0.0183 0.98
st wa 0.1388 0.0703 0.98 0.0368 0.0182 0.98
st act 0.1543 0.0958 0.95 0.042 0.0265 0.95
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Table 7: Coefficients and Unconditional Marginal Effects, Share of Risky Assets, Normal Model
for Transformed Share

Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)
const 1.028 0.5429 0.97
age -0.0155 0.0225 0.24 0.0007 0.0016 0.68
age2 0.0094 0.0224 0.67
nw -0.0013 0.004 0.37 0.0036 0.0017 0.99
nw2 0.0008 0.0025 0.63
nw3 -0.0001 0.0004 0.41
income -0.0796 0.0229 0 -0.0021 0.0022 0.17
income2 0.2002 0.0755 1
eduB 0.3364 0.135 0.99 0.0688 0.0138 1
eduD 0.1512 0.1238 0.89 0.0354 0.0101 1
eduHS 0.2199 0.1802 0.89 0.0578 0.0163 1
olf 0.1981 0.1725 0.88 -0.0064 0.0144 0.31
und 0.59 0.3925 0.94 -0.0243 0.0265 0.17
youngchild 0.0443 0.0537 0.8 0.0057 0.0052 0.87
selfempl -0.5601 0.1602 0 -0.0243 0.0134 0.03
health -0.1146 0.1385 0.21 -0.0258 0.01 0
horizon 1 -0.26 0.1343 0.03 0.0213 0.0122 0.97
horizon 2 -0.0133 0.107 0.45 0.0377 0.0111 1
risk 0.6407 0.1296 1 0.1373 0.0242 1
risk nr -0.129 0.4335 0.38 0 0 0
bizeq -0.0037 0.0016 0.01 -0.0009 0.0015 0.27
housingeq -0.0017 0.0024 0.24 -0.001 0.0015 0.27
super w 0.0024 0.0035 0.76 0.0002 0.0016 0.55
super ret 0.0041 0.0041 0.84 0.0005 0.0017 0.59
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Table 8: Coefficients and Unconditional Marginal Effects, Share of Risky Assets, Tobit Model
Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)

const -0.7769 0.1422 0
age 0.0068 0.0053 0.9 0.0006 0.0003 0.98
age2 -0.0047 0.0052 0.18
nw 0.0127 0.0009 1 0.0025 0.0005 1
nw2 -0.0059 0.0006 0
nw3 0.0008 0.0001 1
income -0.0057 0.0054 0.15 -0.0013 0.0012 0.12
income2 0.0091 0.0184 0.69
eduB 0.1911 0.0306 1 0.0499 0.0114 1
eduD 0.1074 0.0265 1 0.0254 0.0075 1
eduHS 0.1623 0.0397 1 0.0412 0.0128 1
olf -0.0058 0.0391 0.44 -0.0013 0.0105 0.44
und -0.0941 0.0837 0.13 -0.021 0.0191 0.13
youngchild 0.019 0.0119 0.95 0.0052 0.0035 0.95
selfempl -0.0707 0.0369 0.03 -0.0173 0.0093 0.03
health -0.0815 0.0296 0 -0.0197 0.0076 0
horizon 1 0.0553 0.0302 0.96 0.0158 0.0093 0.96
horizon 2 0.0932 0.0246 1 0.0275 0.0086 1
risk 0.259 0.0317 1 0.0904 0.0183 1
bizeq -0.0019 0.0004 0 -0.0005 0.0001 0
housingeq -0.0021 0.0006 0 -0.0006 0.0002 0
super w -0.0005 0.0009 0.26 -0.0001 0.0002 0.26
super ret 0.0006 0.001 0.7 0.0001 0.0003 0.7
nesb -0.1874 0.0333 0 -0.0605 0.0122 0
st nsw 0.1521 0.0658 0.99 0.0464 0.0186 0.99
st vic 0.1631 0.0659 0.99 0.0504 0.0187 0.99
st qld 0.1509 0.0669 0.99 0.046 0.0191 0.99
st sa 0.145 0.0706 0.98 0.0441 0.0207 0.98
st wa 0.1388 0.0703 0.98 0.0418 0.0204 0.98
st act 0.1543 0.0958 0.95 0.0488 0.0315 0.95
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Table 9: Coefficients and Conditional Marginal Effects, Share of Risky Assets, Mixture Model for
Transformed Share

Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)
const 1 -0.7664 2.3357 0.38
const 2 0.9523 2.4197 0.64
const 1.6643 2.3888 0.75
age -0.0164 0.0257 0.26 -0.0008 0.0023 0.36
age2 0.0111 0.025 0.67
nw -0.0018 0.0041 0.33 -0.0001 0.0023 0.48
nw2 0.0011 0.0025 0.66
nw3 -0.0001 0.0004 0.38
income -0.074 0.023 0 -0.0088 0.0033 0
income2 0.1869 0.0746 0.99
eduB 0.3325 0.1358 0.99 0.0516 0.0209 0.99
eduD 0.1508 0.1229 0.89 0.0238 0.0192 0.88
eduHS 0.2159 0.1788 0.89 0.0343 0.0268 0.9
olf 0.2329 0.1776 0.91 0.0355 0.0273 0.91
und 0.6194 0.4463 0.92 0.0872 0.0652 0.91
youngchild 0.0503 0.0525 0.83 0.0075 0.0086 0.82
selfempl -0.502 0.1617 0 -0.0773 0.0249 0
health -0.1291 0.1395 0.18 -0.0189 0.0219 0.2
horizon 1 -0.2505 0.1313 0.03 -0.0375 0.0199 0.03
horizon 2 0.0005 0.1053 0.5 0.0011 0.0164 0.54
risk 0.6526 0.128 1 0.0977 0.0189 1
bizeq -0.0039 0.0017 0.01 -0.0006 0.0022 0.38
housingeq -0.0019 0.0025 0.22 -0.0003 0.0022 0.47
super w 0.002 0.0035 0.72 0.0003 0.0022 0.56
super ret 0.0042 0.0041 0.85 0.0007 0.0022 0.61
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Table 10: Coefficients and Conditional Marginal Effects, Share of Risky Assets, Normal Model
for Untransformed Share

Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)
const 0.6305 0.0985 1
age -0.0018 0.004 0.32 -0.0009 0.0008 0.13
age2 0.001 0.0039 0.6
nw -0.0002 0.0006 0.39 -0.0001 0.0004 0.42
nw2 0.0002 0.0004 0.66
nw3 0 0.0001 0.39
income -0.0111 0.0035 0 -0.0089 0.0028 0
income2 0.0286 0.0116 0.99
eduB 0.0501 0.0209 0.99 0.0501 0.0209 0.99
eduD 0.0203 0.019 0.86 0.0203 0.019 0.86
eduHS 0.0291 0.0279 0.85 0.0291 0.0279 0.85
olf 0.0481 0.0269 0.96 0.0481 0.027 0.96
und 0.054 0.0659 0.8 0.054 0.0659 0.8
youngchild 0.011 0.0082 0.91 0.011 0.0082 0.91
selfempl -0.0718 0.0248 0 -0.0718 0.0248 0
health -0.0241 0.0216 0.13 -0.0241 0.0216 0.13
horizon 1 -0.0367 0.0206 0.04 -0.0367 0.0206 0.04
horizon 2 0.001 0.0162 0.52 0.001 0.0162 0.52
risk 0.1059 0.0201 1 0.1059 0.0201 1
bizeq -0.0008 0.0002 0 -0.0008 0.0002 0
housingeq -0.0004 0.0004 0.12 -0.0004 0.0004 0.12
super w 0.0001 0.0005 0.61 0.0001 0.0005 0.61
super ret 0.0004 0.0006 0.73 0.0004 0.0006 0.73
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Table 11: Coefficients and Unconditional Marginal Effects, Share of Risky Assets, Mixture Model
for Transformed Share

Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)
const 1 -0.7664 2.3357 0.38
const 2 0.9523 2.4197 0.64
const 1.6643 2.3888 0.75
age -0.0164 0.0257 0.26 0.0008 0.0021 0.63
age2 0.0111 0.025 0.67
nw -0.0018 0.0041 0.33 0.0033 0.0022 0.93
nw2 0.0011 0.0025 0.66
nw3 -0.0001 0.0004 0.38
income -0.074 0.023 0 -0.0017 0.0026 0.26
income2 0.1869 0.0746 0.99
eduB 0.3325 0.1358 0.99 0.0658 0.0139 1
eduD 0.1508 0.1229 0.89 0.0331 0.0096 1
eduHS 0.2159 0.1788 0.89 0.0565 0.0165 1
olf 0.2329 0.1776 0.91 -0.0046 0.0141 0.37
und 0.6194 0.4463 0.92 -0.0239 0.0257 0.16
youngchild 0.0503 0.0525 0.83 0.0058 0.0048 0.89
selfempl -0.502 0.1617 0 -0.0216 0.0123 0.04
health -0.1291 0.1395 0.18 -0.0239 0.0096 0.01
horizon 1 -0.2505 0.1313 0.03 0.0211 0.0121 0.97
horizon 2 0.0005 0.1053 0.5 0.0369 0.0108 1
risk 0.6526 0.128 1 0.136 0.0246 1
bizeq -0.0039 0.0017 0.01 -0.001 0.0021 0.32
housingeq -0.0019 0.0025 0.22 -0.001 0.0021 0.32
super w 0.002 0.0035 0.72 0.0002 0.0021 0.56
super ret 0.0042 0.0041 0.85 0.0004 0.0022 0.57
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Table 12: Coefficients and Unconditional Marginal Effects, Share of Risky Assets, Normal Model
for Untransformed Share

Mean Cf Std.Cf Prob(Cf>0) Mean ME Std. ME Prob(ME>0)
const 0.6305 0.0985 1 0 0 0
age -0.0018 0.004 0.32 0.0008 0.0004 0.97
age2 0.001 0.0039 0.6
nw -0.0002 0.0006 0.39 0.0035 0.0005 1
nw2 0.0002 0.0004 0.66
nw3 0 0.0001 0.39
income -0.0111 0.0035 0 -0.002 0.0017 0.11
income2 0.0286 0.0116 0.99
eduB 0.0501 0.0209 0.99 0.0683 0.0144 1
eduD 0.0203 0.019 0.86 0.0343 0.0097 1
eduHS 0.0291 0.0279 0.85 0.0563 0.0166 1
olf 0.0481 0.0269 0.96 -0.003 0.0147 0.41
und 0.054 0.0659 0.8 -0.0285 0.0257 0.13
youngchild 0.011 0.0082 0.91 0.0066 0.0047 0.93
selfempl -0.0718 0.0248 0 -0.0222 0.0129 0.04
health -0.0241 0.0216 0.13 -0.0267 0.0102 0
horizon 1 -0.0367 0.0206 0.04 0.0216 0.0126 0.96
horizon 2 0.001 0.0162 0.52 0.0382 0.0112 1
risk 0.1059 0.0201 1 0.1415 0.0243 1
bizeq -0.0008 0.0002 0 -0.001 0.0002 0
housingeq -0.0004 0.0004 0.12 -0.0011 0.0003 0
super w 0.0001 0.0005 0.61 0.0002 0.0004 0.67
super ret 0.0004 0.0006 0.73 0.0004 0.0005 0.78
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