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a b s t r a c t
Subjective expectations are important primitives in many economic models, yet their direct measurement
often yields imprecise and inconsistent data. This has previously been treated as a pure measurement
error problem. In contrast, this paper argues that the individual-level precision of such data may reflect
the structure of the underlying decision process. We estimate a semiparametric double index model on
data specifically collected for this purpose and show that stock market participation decisions exhibit
little variation in economic model primitives when individuals provide error-ridden belief statements. In
contrast, beliefs and risk preferences predict strong variation in stock market participation for individuals
who report precise expectations measures.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Stock market expectations are among the most important primitives of economic portfolio choice models. With the recent emergence of large-scale datasets including subjective expectations,
researchers have begun to incorporate them into empirical models
of investor behavior. While the results have been by and large
encouraging, working with subjective beliefs data has proved challenging. First, many researchers are troubled by the apparent pervasiveness of measurement error in subjective expectations data.
For example, stated beliefs often cluster at focal points (Kleinjans
and van Soest, 2014) and many respondents’ answers violate even
the most basic laws of probability (Manski, 2004; Hurd et al., 2011).
Second, the association between subjective beliefs and stockholding decisions tends to be statistically significant, but usually rather
small in magnitude (Hurd, 2009; Ameriks et al., 2016).
In this paper, we propose a reconciliation of these two facts. Our
point of departure is that different households are likely to employ
different thought processes to arrive at their financial decisions.
For some people, the canonical economic model of forming a choice
rule by combining preferences and beliefs about future states of
the world will be a good approximation. Others, however, could
take their decisions very differently. For example, almost half of
the Dutch population report that they mostly rely on the advice
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of family, friends, or professionals when it comes to important financial decisions (von Gaudecker, 2015). Likewise, as emphasized
by large literatures in behavioral finance and cognitive psychology,
households may take financial decisions intuitively (Kahneman,
2011; Binswanger and Salm, 2014) or employ simple rules of
thumb (Ameriks and Zeldes, 2004).
The presence of such alternative decision modes can produce
the patterns observed in the data. First, individuals who do not
base their decisions upon beliefs have little reason to frequently
reflect upon the evolution of the stock market. Thus, they will likely
maintain only rudimentary, diffuse, and unstable expectations. In
consequence, when prodded to state these expectations in surveys, their answers will lack precision: they will be error-ridden,
inconsistent, and exhibit large variation across survey instruments.
Second, preferences and beliefs will have little explanatory power
for portfolio decisions as they do not enter the decision-making
process of all individuals. For example, neither preferences nor
beliefs will explain variation in the behavior of people who exclusively rely on a rule of thumb to arrive at their financial decisions.
In combination, these observations imply our research hypothesis.
The responsiveness of financial decisions to variation in subjective
expectations and other primitives of economic models should be
high for individuals whose stated beliefs exhibit high precision.
Beliefs and preferences should induce only very little variation in
financial decisions for people with imprecise expectations measures.
To explore the channel of heterogeneous choice rules and motivate our empirical strategy, Section 2.1 presents a simple economic model of stock market participation that clarifies the roles
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of expectations, preferences, and transaction costs. In Section 2.2,
we discuss in detail why a variety of alternative decision modes
imply that individuals have low incentives to frequently reflect
upon their beliefs about the future evolution of the stock market.
Section 2.3 lays out our econometric approach. The above arguments suggest that the explanatory power of our model of stock
market participation will vary across individuals. To empirically
incorporate this particular form of heteroskedasticity, we estimate
a Klein and Vella (2009) semiparametric double index model. In
this model, the first index contains the primitives of our theoretical
model (such as beliefs and preferences), while the second index
includes quantitative and qualitative indicators for the precision
of measured beliefs. Both indices include further controls and
may interact in a fully nonparametric fashion to obtain predicted
stockholding probabilities.
Section 3 describes the dataset that we collected specifically for
this study. The data contain individual-level information on stock
market participation, subjective belief distributions, risk preferences, as well as a variety of quantitative and qualitative proxies
for the precision of subjective expectations from a large probability
sample of the Dutch population. Section 4 presents the results of
our empirical application. We demonstrate that changes in primitives of the economic model induce large variation in stock market
participation if expectations measures are precise. If their precision
is low, however, the effect of changes in beliefs and preferences on
stockholdings is close to zero. We perform a number of variations
on this theme and show that the results hold up in several different specifications, such as when we include or exclude proxies
for transaction costs into the two indices. We then demonstrate
the usefulness of our modeling approach for the analysis of less
detailed data by estimating a specification with variables that are
commonly available or inexpensive to collect. In particular, we
show that restricting ourselves to a simple measure of expectations
and purely qualitative proxies for the precision of expectations
measures yields a similar, yet less pronounced overall pattern.
Our findings suggest that imprecision in measured beliefs
should not necessarily be treated as a standard case of measurement error, which needs to be corrected through, e.g., improved
measurement devices or multiple measurements (Wansbeek and
Meijer, 2000). While many of the symptoms of diffuse and unstable
expectations are observationally equivalent to measurement error,
they do not reflect erroneous reporting, but rather the structure
of the expectations. Our results hence suggest that individuallevel variation in the precision of measured expectations might
be informative about economic mechanisms of interest. To bolster
this interpretation, we conclude in Section 5 by discussing why
our findings are unlikely to be driven by traditional notions of
measurement error in subjective beliefs.
2. Motivation and empirical strategy
We develop our empirical strategy in three steps. First, we
characterize a household’s portfolio choice problem by means of a
simple economic model. We then explain in detail why we conjecture that the degree to which this model serves as an adequate description of the decision-making process varies across households
and why we expect that variation in the precision of subjective
expectations can be exploited to capture this adequacy. In the third
step, we present our econometric strategy to implement these
ideas.
2.1. A simple economic model of stock market participation
Our depiction of households’ portfolio choice behavior in an
economic model follows Campbell and Viceira (2002). We assume
that the household maximizes a power utility function defined
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over next period’s expected financial wealth Et [Wt +1 ] by allocating
fractions of period-t wealth to one safe and one risky asset. If
the household can neither short the risky asset nor leverage his
position in it, the optimal risky asset share θ opt solves:

{ [
θ

opt

Et Wt +1 (θ )1−γ

= argmax

]}
s.t.

1−γ

θ

0 ≤ θ ≤ 1.

(1)

Risk aversion and a household’s beliefs about the returns of the
two assets determine the optimal decision. Denote a household’s
expected return for the safe asset by µsafe
t +1 and assume that the
household’s expectations for the risky asset’s return can be derisky
scribed by a log-normal distribution with mean µt +1 and standard
risky
deviation σt +1 . When returns are log-normally distributed,
[ so] is
Wt +1 . For
a
log-normal
variable,
it
holds
that
log
E
[
X
]
=
E
log X +
[
]
1/2 Var log X . Thus, the maximization problem can be rewritten as
follows:

θ

opt

{

[
]
= argmax (1 − γ )Et wt +1 (θ )
θ
}
[
]
1
+ (1 − γ )2 Vart wt +1 (θ )

s.t.

2

0≤θ ≤1

(2)

where lower case letters are logarithms. Using a first-order Taylor
series approximation, next period’s log wealth can be written as
follows:

(
)2
1
risky
. (3)
θ (1 − θ ) σtrisky
wt +1 (θ ) = wt + (1 − θ )µsafe
t +1 + θµt +1 +
+1
2

Substituting this into the expression for θ and dividing by 1 − γ ,
we obtain the following expression for the maximand:
opt

) 1 (
(
)(
)2
safe
wt + θ µrisky
.
θ 1 − γ θ σtrisky
t +1 − µt +1 +
+1

(4)

2

Solving the first-order condition of this problem for the optimal
share θ opt yields

θ opt

(
)2
risky
1
safe
µrisky
t +1 − µt +1 + 2 σt +1
=
.
(
)2
γ σtrisky
+1

(5)

At plausible parameter values of γ , the optimal risky asset share
will be positive when estimates based on historical return data
are used to proxy households’ expectations for µsafe , µrisky , and
σ risky . However, studies on stock ownership find that a large fraction of the population does not participate in the stock market
(e.g., Haliassos and Bertaut, 1995). Arguably the most prominent
explanation for why households abstain from participation is the
existence of broadly defined transaction costs (Vissing-Jørgensen,
2002). These transaction costs are likely to vary with household
characteristics. If participation comes with fixed monetary costs,
for example, wealthy households will be more likely to invest
in risky assets, since for them the fixed costs are spread over
larger investments. If information costs play an important role,
transaction costs will be lower for numerate respondents who
are quicker to grasp the basic functioning of the stock market.
We assume that the variables affecting transaction costs can be
modeled by observable household
X ta ; denote the
( tacharacteristics
)
resulting transaction costs by f X .
We now combine the optimal risky asset share (5), transaction
costs, and random influences ε in a simple random utility model of
stock market participation:

Y ≡ I {θ > 0} =

(

⎧
⎪
⎨ 1

if θ opt µt +1 − µsafe
t +1 , σt +1 , γ

⎪
⎩

( )
− f X ta > ε
otherwise.

0

risky

risky

)
(6)
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According to (6), the probability of participating in the stock market will depend on the mean and variance of beliefs over the risky
asset, the expected risk-free rate, risk aversion, variables proxying
transaction costs, and the stochastic properties of ε . If the latter
was normally distributed, one could estimate (6) by means of a
standard Probit model. Estimators that make minimal distributional assumptions but enable the researcher to recover marginal
effects still require ε to either be homoskedastic or have a very
particular form of heteroskedasticity (Klein and Vella, 2009).
( If our
)
conjecture about a varying explanatory power of θ opt − f X ta is
correct, this will be reflected in a form of heteroskedasticity that
violates these assumptions. In particular, the variance of ε will vary
with the precision of beliefs in a form that is unknown a priori.
2.2. Putting the precision of subjective data to productive use
The model combines effortful reasoning about future states of
the world with personal risk tolerance to form a choice rule. While
such behavior is at the heart of economic thinking, it might not
be an adequate description of all households’ decision processes.
Instead, the behavioral finance and cognitive psychology literatures propose that households employ a number of alternative
processes to arrive at their decisions. For example, almost half of
the Dutch population report that they mostly rely on the advice
of family, friends, or professionals when it comes to important
financial decisions (von Gaudecker, 2015). Other households may
have a tendency to take decisions intuitively (Kahneman, 2011;
Binswanger and Salm, 2014) or rely on simple rules of thumb like
holding an equity share of 100 minus age (see, e.g., the discussion
in Ameriks and Zeldes, 2004).
Many of these alternative decision processes, however, do not
require households to frequently reflect about the future evolution
of the stock market. As a consequence, we suggest that households
who rely on such decision processes are likely to maintain very
rudimentary, possibly diffuse, or even unstable expectations. Eliciting such expectations will lead to imprecise, inconsistent, and
error-ridden measurements even when the same survey instrument is used at different points in time. Likewise, such respondents
should find tasks related to belief elicitation rather difficult and the
confidence they express in their estimates should be low.
Indeed, these patterns closely resemble the measurement issues that have been documented in the vast literature on subjective expectations of stock market developments (see the excellent
overviews in Manski (2004) and Hurd (2009)). For example, when
asked for their expectations about the future of the stock market,
respondents frequently violate basic laws of probability or they
provide focal point answers such as 50:50 (Bruine de Bruin et al.,
2000; Manski, 2004; Hurd, 2009; Bruine de Bruin and Carman,
2012; Kleinjans and van Soest, 2014; Binswanger and Salm, 2014).1
In addition, non-response tends to be concentrated among subgroups who do not follow the development of the stock market
(Hurd, 2009), suggesting that stating beliefs requires significant
cognitive effort for people who are not accustomed to reflecting
upon the stock market.2
1 The interpretation of such patterns in Hudomiet and Willis (2013) is similar to
ours. They suggest that answers like 50:50, 0:100, or 100:0 for subjective survival
probabilities reflect subjective probability distributions characterized by a high
degree of individual-level (Knightian) uncertainty. They recover the distribution of
subjective uncertainty from a highly parameterized model, an approach that we
view complementary to ours. In our case, one may think of decision rules different
from the economic model as giving rise to such uncertainty or vice versa.
2 Similar patterns of imprecise measurements have been documented for risk
preferences. von Gaudecker et al. (2011) and Choi et al. (2014) show that for
respondents with high socio-economic status, sequences of lottery decisions are
much more consistent with flexible parametric utility functions and the generalized
axiom of revealed preferences, respectively. Put differently, risk preference parameters are much more precisely measured for these subgroups.

Previously, such patterns have frequently been interpreted as
cases of measurement error (see, e.g., the discussion in Manski,
2004). However, while often observationally equivalent to measurement error, the semantics of imprecise expectations is very
different from the contexts in which measurement error is usually studied. In the case of variables like past income, savings, or
consumption, measurement error arises because of, e.g., imperfect
recall (Hoderlein and Winter, 2010) or incongruent definitions of
precisely defined ‘‘true’’ non-stochastic quantities. In the case of
subjective expectations, however, we conjecture that the precision and meaningfulness of expectations measures reflects the
structure of beliefs itself, e.g., subjective Knightian uncertainty. In
consequence, when attempting to predict household investment
behavior, the degree of precision should be informative about the
relevance of expectations in the decision process. Specifically, we
hypothesize that measures indicative of more precise expectations
should be associated with an increase in the explanatory power of
expectations for variation in portfolio decisions.
In sum, different pieces of evidence suggest that part of the
population holds only imprecise subjective stock market beliefs.
We propose that this imprecision contains informational content
that will allow us to uncover heterogeneity in choice behavior. In
particular, we suggest that the degree of imprecision will allow us
to evaluate to which extent households’ stock market participation
decisions are adequately described by the simple model discussed
above.
2.3. Econometric specification
In econometric terms, a consequence of varying precision in
expectations measures is that ε in (6) will be heteroskedastic,
i.e., its variance will increase as subjective expectations become
noisier. Depending on the precise decision-making process, it may
also have group-specific means different from zero. For example,
the most prevalent advice by family and friends seems to be nonparticipation in the stock market (von Gaudecker, 2015). For the
group of individuals who
this advice, participation rates will
( follow
)
be low even if θ opt − f X ta takes on positive values on average. To
capture these consequences, we require an econometric specification where the predictions of the choice model (6) interact with
the extent of precision in subjective expectations data in a flexible
way.
The double index binary choice model of Klein and Vella (2009)
is ideally suited for the structure of our problem. The model obtains
an estimate for a binary outcome by nonparametrically combining
two linear, partially observable indices; this is precisely what we
are interested in. In our case, the indices reflect the economic
model and the precision of beliefs. While we observe neither
directly, we observe a number of indicators that allow us to approximate each. One can think of this approach as a regime shifting
model where one index gradually changes the regime under which
the other one operates. While we feel relatively comfortable in
approximating both indices in a linear fashion, we do not want
to restrict their interaction ex ante because this is the primary
mechanism that we hypothesize and want to uncover.
risky
risky
ta
We first aggregate µt +1 − µsafe
into one
t +1 , σt +1 , γ , and X
mod
mod mod
vector X
;X
β
approximates our choice model from 2.1.3
We will refer to X mod β mod as the economic model index in what
follows. A second vector X sdp contains the variables related to the
3 We also experimented with calculating (5) and including it alongside X ta . This
led to numerical difficulties as the covariance matrix of the two indices was nearsingular for a wide range of parameter values. We attribute this to the lack of
a quantitatively meaningful measure of γ (Rabin, 2000) and to a fat right tail of

(

σtrisky
+1

)2

. The latter is likely responsible for the numerical problems; it is also the

reason why we use the standard deviation of beliefs instead of the variance.
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subjective data’s precision. These will be quantitative and qualitative indicators as well as covariates that we would expect to
influence the ‘‘propensity to use economic reasoning’’; we allow
the latter to overlap with the transaction cost proxies included
in the economic model index. Accordingly, we refer to X sdp β sdp
as the subjective data precision index. The Klein and Vella (2009)
estimator models the relationship of both indices and risky asset
holdings as follows4 :
P Y = 1 ⏐ X mod β mod , X sdp β sdp = h X mod β mod , X sdp β sdp .

⏐

(

)

)

(

(7)

This structure is directly related to (6) in that the subjective data
precision index further parameterizes ε , i.e., the random component is systematic to some extent. The function h(·, ·) provides a
nonparametric link mapping the indices for the economic model
and subjective data precision into stock market participation probabilities.
To attain identification (up to location and scale) of the parameters β mod and β sdp , we require that at least one continuous variable
per index is excluded from the other index. In each index, we
normalize the coefficients on one of these variables. The resulting
model satisfies the form in A5 of Klein and Vella (2009) without
requiring reparameterization. Under assumptions given in Klein
and Vella (2009) – mainly smoothness of h(·, ·) and compact support of the covariates – the probability to participate in the stock
market can be expressed as a function of the densities conditional
on participation:
P Y = 1 ⏐ X mod β mod , X sdp β sdp

⏐

(

fY =1 X mod β mod , X sdp β sdp · P Y = 1

(

=

)

)

f X mod β mod , X sdp β sdp

(

(

)

)

,

(8)

where f (·) denotes the unconditional density of the bivariate index
and fY =1 (·) its density conditional on participation in the stock
market. Kernel density estimators for these quantities are obtained
under a multi-stage local smoothing procedure to achieve a sufficiently low
( order of)the bias. Denoting the resulting estimator for
(8) as P̂i β mod , β sdp , we can write the semiparametric maximum
likelihood estimator for β mod , β sdp as follows:
N
[
∑
( mod sdp )
(
)
β̂ml , β̂ml = argmax
τ̂i Yi · log P̂i β mod , β sdp

β mod , β sdp i=1

(

(
+ (1 − Yi ) · log 1 − P̂i β mod , β sdp

))]

,

(9)

where τ̂i denotes a smooth trimming function ensuring that densities do not become too( small (Klein) and Spady, 1993). √
Klein and
sdp
mod
Vella (2009) show that β̂ml
, β̂ml
converges at rate N to its
true value. While the parameter values do not allow for a direct
interpretation, various quantities of interest like average partial
effects can be computed with little effort.
In sum, when it comes to generating choice behavior, our empirical model allows for a flexible interplay between traditional
economic parameters and proxies for their precision. In particular,
it will allow an analysis of how marginal changes in model parameters translate into variation in stock market participation, and how
this relationship varies across respondents.
3. Data and descriptive statistics
Our data stem from the Dutch LISS study (Longitudinal Internet
Studies for the Social Sciences), which regularly administers Internet surveys and experiments to a panel of households comprising
4 Klein and Vella (2009) frame their discussion in terms of an estimator for a
single-equation binary response model with dummy endogenous variable when no
instruments are present. A first application that applies it directly to two indices is
given in Maurer (2009).
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a probability sample drawn from the population register kept by
Statistics Netherlands.
Implementing our empirical strategy requires data on individual stock market participation, subjective beliefs and risk aversion,
proxies for the degree of imprecision in individual responses, and a
rich set of sociodemographic covariates. Only the latter are present
in the LISS panel by default. In order to obtain measures for the
main quantities of interest, we implemented a series of incentivized experiments and survey questions in August and September of 2013. We restricted our experiments to households with
financial wealth in excess of 1000 e to focus on respondents with
substantial incentives to think about portfolio allocations. To increase turnout, we also included individuals who refused to answer
questions about their exact amount of wealth. Within households,
we selected the financial decision maker. In total, 2125 individuals
completed both survey waves. After dropping observations with
missing data, we are left with a final sample of 2072 observations.
3.1. Outcome variable: Stock market participation
LISS routinely collects detailed data on respondents’ financial
background, including information on asset ownership. To ensure
the relevance of elicited beliefs for current portfolio allocations, we
asked respondents to update their information on asset holdings in
August 2013. For this purpose, we asked them whether they had
any type of bank or savings account and/or investments (stocks,
bonds, funds, or options). Our outcome variable is a binary index
that equals 1 if the respective respondent held any investments,
and 0 otherwise. A quarter of the households in our sample holds
risky assets (cf. Table 1). This is in the range of values reported for
the Netherlands from other datasets and earlier periods (Alessie
et al., 2004; van Rooij et al., 2011). In particular, using an administrative dataset from the Netherlands, Knoef et al. (forthcoming)
report almost exactly the same rate of stock market participation,
providing reassuring evidence for the data quality of our main
outcome variable.
3.2. Variables entering the economic model index
Subjective Expectations. In August 2013, we asked respondents
to describe their expectations about the one-year return of the
Amsterdam Exchange Index (AEX). We employed a variation of the
ball allocation procedure developed by Delavande and Rohwedder
(2008), which was explicitly designed for usage in Internet experiments. For each individual, the procedure yields an 8-binned
histogram for the expectation of the AEX’s one-year return. Using
the resulting 7 points on the cumulative distribution function,
we follow Hurd et al. (2011) and fit a log-normal distribution to
risky
risky
obtain individual-level measures for µt +1 and σt +1 . Because our
theoretical framework requires expected excess returns, we also
asked respondents for a point estimate of the return of a one-year
investment into a standard savings account as the most prevalent
safe asset. Section A.1.1 of the Internet Appendix contains detailed
descriptions of both procedures.
Recent research in the experimental economics literature has
shown that financial incentives induce more truthful reporting of
beliefs in tasks like ours (see, for example, Palfrey and Wang, 2009;
Gächter and Renner, 2010; Wang, 2011). In order to incentivize
subjects, we employed the binarized scoring rule of Hossain and
Okui (2013) which is incentive-compatible for a wide range of
utility functions. As is common practice with large samples like
ours, we randomly selected one in ten subjects for actual payment.
The maximum earnings per selected subject were 100 e and average earnings equaled 39.66 e conditional on being selected for
payment in September 2014.
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Table 1
Descriptive statistics.
Source: LISS panel and own calculations. Variables related to the confidence in return estimates, task difficulty, and task
obscurity are scaled to range between 0 and 1. Risk aversion is the standardized average of 3 standardized risk aversion
proxies. We omit standard deviations of binary variables. The number of observations is 2072.
Statistic
Mean
Holds risky assets
sav. acc.
Subjective beliefs: µAEX
t +1 − µt +1
Subjective beliefs: µAEX
t +1
acc.
Subjective beliefs: µsav.
t +1
AEX
Subjective beliefs: σt +1
Risk aversion
Absolute difference between belief measures
Confidence in AEX return estimate
Confidence in sav. acc. return estimate
Experimental tasks simple
Experimental tasks clear
Financial wealth ∈ (10,000 e, 30,000 e]
Financial wealth ∈ (30,000 e, ∞)
Financial wealth missing
Net income > 2500 e
Net income missing
High education
30 < Age ≤ 50
50 < Age ≤ 65
Age > 65

0.25
−1.18
2.01
3.18
6.25
0.00
11.20
0.46
0.64
0.51
0.69
0.27
0.27
0.18
0.46
0.07
0.38
0.30
0.34
0.29

We relegate a detailed presentation of summary statistics of
the belief measures to Section A.1.1 of the Internet Appendix and
only discuss some notable features at this point. First, the crosssectional patterns in our data resemble findings in previous literature (e.g., Manski, 2004; Hurd, 2009; Hurd et al., 2011), e.g., we find
that male, richer, and better educated respondents tend to hold
more optimistic expectations. Second, though our respondents expect a positive AEX return on average, their expectations are rather
pessimistic relative to the AEX’s historical return distribution: the
mean subjective expectation implied by the distribution is 2.01%,
while the AEX returned 7.89% (5.93% inflation-adjusted) on average since 1993. This discrepancy between subjective expectations
and historic returns aligns with existing results in the literature,
in particular those in Hurd (2009) regarding the AEX. In addition,
as Figure A.6 in Section A.1.1 of the Internet Appendix shows, our
participants tend to place lower probabilities on extreme returns
than what has historically been observed. Finally, and in contrast to
the relative pessimism we observe for the AEX, the mean expected
return for the savings account, 3.18%, exceeds the rates actually
offered at the time of the survey (roughly 1%) by a substantial
percentage. In our empirical analyses, we employ the difference
between the expected mean return for the AEX and the expected
return for the savings account as the empirical analog of the expected excess return.
Risk Preferences. In September 2013, we elicited risk preferences
by asking respondents to complete a variant of the ‘‘Preference
Survey Module’’, which was developed in Falk et al. (2014) to
measure economic preference parameters in large-scale surveys.
We further describe it in Section A.1.3 of the Internet Appendix.
Respondents first provided a qualitative self-assessment of their
willingness to take risks in general and in the financial domain.
They then made choices in a series of hypothetical binary lottery
tasks. In our main analysis, we employ the average of the three
measures’ standardized values.
Transaction costs. We include several variables to empirically
model the impact of transaction costs on stock market participation decisions. We focus on variables that proxy for variation in
transaction costs in the form of either monetary or information
costs. If monetary expenses of stock market participation are to
some degree fixed – e.g., because banks charge a constant amount
for setting up and keeping an investment account – then these
costs will be less relevant for wealthy households. We therefore

Index
Std. dev.

Model

8.10
6.19
4.89
4.01
1.00
13.57
0.23
0.24
0.33
0.25

×

Subj. data prec.

×
×

×
×
×
×
×
×
×
×
×

×
×
×
×
×
×
×
×
×
×
×
×
×
×

include net household income and financial wealth in the economic index to control for variation in the relevance of monetary
transaction costs. If comprehension of the basic functioning of the
stock market comes with information costs, then these costs will
be lower for more numerate and cognitively able households. Both
vary with educational attainment and age (McArdle et al., 2011),
which we include as further controls.
3.3. Variables entering the subjective data precision index
Several quantitative and qualitative measures serve to capture
the precision of subjective expectations data. We employ variables
for (i) the consistency with which participants report their expectations, (ii) the confidence they express in their own beliefs, and
(iii) their self-assessment concerning both difficulty and clarity of
our survey tasks. On top of such direct proxies, we also include
the variables entering transaction costs. Indeed, it is difficult to
argue for exclusion restrictions in one direction or another for
education, income, financial wealth, or age. To alleviate potential
concerns that these proxies for transaction costs drive our results,
we will also present a specification in which we exclude all of the
corresponding variables from our econometric model.
In September 2013, one month after eliciting the distribution
of beliefs, we asked the same set of respondents to provide a point
estimate for the one-year ahead return of the AEX. As a quantitative
proxy for the precision of households’ expectations, we compute
the absolute difference between the response to this question
and the mean belief from the ball allocation task. We conjecture
that large discrepancies between the two estimates indicate that a
household entertains only diffuse expectations and is thus unlikely
to employ them in actual decision-making.5
The first two qualitative proxies relate to the confidence respondents have in their own estimates. Following the elicitation
of the point estimates for the expected returns of the AEX and the
savings account, we asked respondents to use a slider interface to
express their confidence in their own belief on a scale from 0 to
5 We are not aware of changes in the economic environment between the two
surveys that could have induced people to systematically and substantially revise
their beliefs. Between August and September 2013, the AEX varied little with closing
prices between 362.93 and 382.58.
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10, where larger values corresponded to more confidence. We conjecture that respondents maintaining only imprecise expectations
will have little faith in their own estimates. For our analysis, we
scale answers to both questions to the unit interval.
Both in August and September 2013, we asked subjects to
use five-point scales to indicate how clear they found the task
descriptions and how simple they considered the belief elicitation
itself. We expect that respondents who do not have an elaborate
belief distribution find it hard to understand and to complete the
tasks. For both questions, we aggregate the responses for August
and September and we scale the resulting variables to the unit
interval to create two further proxies.
The Internet Appendix A provides a more detailed description
and further summary statistics of all proxies. The pairwise correlations between task simplicity, clarity, and the two confidence
variables are all positive, whereas all of them are negatively correlated to the absolute difference between the two belief measures. Notably, all of the proxies’ correlations to sociodemographic
variables conform to our prior expectations. For example, the correlations suggest that highly educated households or households
with higher net income entertain more precise expectations, resembling previously-found patterns regarding inconsistent survey
responses or item non-response (Manski, 2004; Hurd, 2009).
4. Results
We illustrate the intuition behind our approach using a simple
set of OLS regressions. Table 2 contains the results of regressing stock market participation on beliefs and sociodemographic
controls. We run separate regressions for households whose two
beliefs measures are similar and dissimilar, splitting the sample
along the median of the absolute difference in beliefs.
The key differences are found in the first few rows. While all
coefficients relating to the parameters of the economic model –
AEX
mean and standard deviation of subjective beliefs (µAEX
t +1 and σt +1 )
along with our measure of risk aversion – go in the expected
direction in both samples, they are substantially larger in absolute
value for individuals with more precise beliefs. At the same time,
there are no important differences in the transaction cost proxies.
These results indicate that the economic model of stock market
participation has a higher explanatory power if individuals hold
more precise beliefs.
4.1. Main specification
Table 3 presents parameter estimates for the coefficients of the
main specification. In the economic model index, we normalize the
sav. acc.
coefficient on µAEX
to 1, thus expressing the remainder of
t +1 −µt +1
mod
β
relative to subjective excess return expectations. In the subjective data precision index, we set the coefficient on the absolute
difference between the belief measures to −1. Larger values in this
index would thus be interpreted as indicative of more precise data.
As we will discuss in detail below, the link function h(·, ·) is (close
to) monotonically increasing in the economic model index as well
as in the subjective data precision index. This allows us to infer the
direction of partial effects from the coefficient estimates.
The coefficients in both indices are estimated with reasonable
precision; their signs and relative magnitudes are plausible given
the aforementioned shape of the link function and the scaling of the
variables (see Table 1). In particular, all variables with exclusion restrictions have the expected signs and most of them are significant.
The economic model index increases in the level of the expected
excess returns; it decreases in the standard deviation of returns
and in risk aversion. The subjective data precision index increases
with all 4 qualitative proxies and, by construction, decreases with
the absolute difference between the belief measures.
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Fig. 1. Joint density of the two indices. LISS panel and own calculations. The figure
plots the joint density of the estimated indices of the Klein and Vella (2009) model;
see Section 2.3 for a detailed description.

Both indices vary significantly with a number of the common
covariates. For example, financial wealth is positively related to
both indices. This is consistent with wealthy households facing
lower transaction costs, while at the same time having stronger
incentives to form an opinion about stock market developments.
Interestingly, education seems to mostly work through the subjective data precision index, but it has little impact on the economic
model index.
For presenting the results of semi- and nonparametric methods,
it is particularly important to clarify the support of the data, which
in our case refers to the two indices. Fig. 1 shows a contour plot of
the joint density of the estimated indices. We limit the area of Fig. 1
and of all subsequent plots to the rectangle spanned by the 5%–
95% quantiles of the marginal distributions of both indices. With
a correlation coefficient of 0.63, the indices are characterized by
a pronounced positive correlation. Note that this correlation does
not arise purely mechanically due to the previously noted influence
of wealth on both indices – in a model that drops all variables
common to both indices (described in the next section), we find
the same pattern.
The left panel of Fig. 2 plots the link function h(·, ·), i.e., the
predicted probability of stock market participation, for varying
levels of the economic model and subjective data precision indices.
Three features of the plot stand out: First, predicted stock market
participation rates vary substantially, ranging from single-digit
values to more than 70%. Second, participation rates in general increase monotonically in both the index for the economic model and
the subjective data precision index. Third and most importantly,
the effects are highly non-linear and interact strongly. In particular,
stock market participation is much more responsive to changes in
the economic model’s ingredients at high levels of the subjective
data precision index than at low levels.
To illustrate the last point more clearly, the second panel in
Fig. 2 extracts two slices from the first panel. The solid line shows
the average response of stock market participation to variation
in the model index at the 90%-quantile of the subjective data
precision index. There is a pronounced gradient in the middle
region, causing predicted risky asset participation to rise from just
below 20% to 70%. The dashed line plots the same relation for the
10%-quantile of precision in subjective data. Again, predicted stock
market participation varies in the economic model index as expected, but to a much lesser extent. In particular, even for the highest levels of the economic model index, the predicted probability
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Table 2
A simple OLS intuition for the double index model.
Source: LISS panel and own calculations. All variables as described in Table 4 in the main text. This
table presents regressions of stock market participation decisions on beliefs and sociodemographic
controls. The outcome in both columns is a household’s decision to participate in the stock market.
The left column contains households for which the absolute difference between the two belief
measures is smaller than the sample median. The right column contains households where it is larger
than the sample median.
Constant
Subjective beliefs: µAEX
t +1
Subjective beliefs: σtAEX
+1
Risk aversion
Financial wealth ∈ (10,000 e, 30,000 e]
Financial wealth ∈ (30,000 e, ∞)
Financial wealth missing
Net income > 2500 e
Net income missing
High education
30 < Age ≤ 50
50 < Age ≤ 65
Age > 65
Female
Married
Has children
Observations
Adj. (pseudo) R2 (%)

Low abs. diff. in beliefs

High abs. diff. in beliefs

−0.060

−0.014

(0.052)
0.012∗∗∗
(0.003)
−0.007∗
(0.004)
−0.078∗∗∗
(0.013)
0.123∗∗∗
(0.028)
0.444∗∗∗
(0.033)
0.208∗∗∗
(0.040)
0.012
(0.029)
−0.033
(0.046)
0.114∗∗∗
(0.027)
0.043
(0.050)
0.126∗∗∗
(0.049)
0.078
(0.051)
0.011
(0.026)
−0.019
(0.028)
0.071∗∗
(0.032)
1041
25.6

(0.046)
0.003∗
(0.002)
−0.001
(0.003)
−0.043∗∗∗
(0.011)
0.069∗∗∗
(0.023)
0.396∗∗∗
(0.037)
0.200∗∗∗
(0.032)
0.061∗∗
(0.026)
−0.000
(0.047)
0.099∗∗∗
(0.028)
0.084∗
(0.044)
0.101∗∗
(0.043)
0.053
(0.041)
−0.066∗∗∗
(0.024)
−0.012
(0.025)
−0.050
(0.031)
1031
23.9

Table 3
Coefficient estimates for the economic model index and the subjective data precision index.
Source: LISS panel and own calculations. The table shows coefficient estimates for the double index binary choice model
of Klein and Vella (2009); see Section 2.3 for a detailed description. The dependent variable is a household’s stock
market participation decision, a binary variable equaling 1 in case the household reports holding any investments, and
0 otherwise. Columns 2 and 3 present estimates of the coefficients and standard errors for the variables contained in the
economic model index. Columns 4 and 5 present estimates for the variables contained in the subjective data precision
index. In the first index, we normalize the coefficient of the mean excess return to 1, whereas we normalize the coefficient
on the absolute difference between the belief measures to -1 in the second index.
Model
Subjective data precision
Estimate

Std. err.

Estimate

Std. err.

1.00
−0.76
−7.90
–
–
–
–
–
20.17
42.75
30.07
7.32
−6.37
3.53
11.78
7.24
−0.45

–
0.29
1.78
–
–
–
–
–
5.93
9.14
7.28
2.65
4.14
2.96
5.55
5.53
5.23

–
–
–
−1.00
59.07
29.25
54.91
15.22
19.01
91.56
58.27
−28.49
4.84
63.62
−22.89
16.59
22.81

–
–
–
–
27.55
21.98
19.70
18.20
21.22
36.81
27.81
11.48
12.86
19.19
16.86
15.16
16.34

sav. acc.
Subjective beliefs: µAEX
t +1 − µt +1
Subjective beliefs: σtAEX
+1
Risk aversion
Absolute difference between belief measures
Confidence in AEX return estimate
Confidence in sav. acc. return estimate
Experimental tasks simple
Experimental tasks clear
Financial wealth ∈ (10,000 e, 30,000 e]
Financial wealth ∈ (30,000 e, ∞)
Financial wealth missing
Net income > 2500 e
Net income missing
High education
30 < Age ≤ 50
50 < Age ≤ 65
Age > 65

of participation does not rise above 30%. This estimated magnitude
appears quantitatively large: while the predicted probability of
holding stocks only varies by 25 percentage points at the 10th

percentile of the subjective data precision index, it varies by more
than 50 percentage points at the 90th percentile. The discrepancy
in shapes of the two lines highlights the importance of precision
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Fig. 2. Predicted probability to hold risky assets. LISS panel and own calculations. The left panel presents the predicted probability of stock market participation for varying
levels of the economic model and subjective data precision index. The right panel plots the relation between the predicted probability of participation and the economic
model index for the 10 and 90% quantiles of the subjective data precision index (43 and 223). Ranges are limited to the interval between the 5% and 95% quantiles of the
marginal distributions.

in subjective data in understanding the relationship between the
primitives of economic models and choices.
We calculate average partial effects to quantify the dependence between individual covariates and stock market participation probabilities. In Table 4, we show how changes in covariates
affect participation through either the economic model or subjective data precision index. We also show the combined effect
that operates through both indices simultaneously. To calculate
average partial effects, we increase continuous variables by one
standard deviation. For binary variables, we assign individuals in
the left-out category a value of 1.
For the variables solely included in the economic model index, the average partial effects of expected excess return and risk
aversion are somewhat larger than the effect of a change in the
expected standard deviation of returns. An increase in the expected
excess return by one standard deviation is associated with an
increase of 3.4 percentage points in the probability to hold investments. Comparable increases in the expected standard deviation
and risk aversion reduce the predicted participation rate by 1.4 and
3.8 percentage points, respectively. In the subjective data precision
index, a one standard deviation increase in the absolute difference
between the two belief measures reduces predicted participation
by 1.4 percentage points. Increases in either of the 4 remaining
proxies by one standard deviation increase the propensity to participate by between 0.4 and 2 percentage points. If one thinks of
the different proxies in terms of a factor structure, varying the
underlying factor would likely yield effects of the same order of
magnitude as for beliefs or risk aversion.
The effects of financial wealth tend to work through both indices, increasing the propensity to participate in the stock market
through the economic model index as well as the subjective data
precision index. In contrast, education seems to affect participation
mainly through the subjective data precision index.
In sum, this section indicates that respondents’ beliefs and risk
attitudes are indeed predictive of economic choices. However, the
extent to which this is the case varies strongly in the population.
Hence, precision in the primitives of the economic model can be
used to uncover heterogeneity in its explanatory power.
4.2. Robustness
To illustrate the robustness of our results to alternative specifications of both the economic model and the subjective data
precision index, we now present an overview of a number of

additional analyses. Section B of the Internet Appendix contains all
tables, figures, and additional information.
No transaction cost proxies. Our main specification includes several covariates that proxy transaction costs. Some of them – financial wealth in particular – have strong effects on stock market
participation through both the economic model index and the
subjective data precision index. To investigate whether the predicted interactions between the economic model and imprecise
measures are driven by these sociodemographics only, we estimate
one specification without all of the corresponding proxies, i.e., we
only include beliefs, risk preferences, and subjective data precision
proxies. Except for lower predicted levels of stock market participation at high values of the model index, the overall results on
h(·, ·) look very similar. Naturally, the partial effects increase.
Mean beliefs only. In this specification, we restrict the model
index to consist of expected excess returns only, which gives it
an interpretable scale. Section B.2 of the Internet Appendix shows
that the gist of our main results is present even in this strippeddown version. The relationship between beliefs and stock market
participation is essentially flat at the 10th percentile of the subjective data precision index, while the probability to hold stocks
doubles along the beliefs distribution at the 90th percentile of
the subjective data precision index. This doubling is concentrated
around expected excess returns of zero, whereas the relationship
is flat at both extremes of the beliefs distributions. The pattern
illustrates the usefulness of our semiparametric approach; typical
parametric models such as Logit or Probit would yield the steepest
gradient to lie at the right tail of the index’ support instead of the
center.
Additional covariates. We also check the other extreme and employ a ‘‘kitchen-sink’’-type approach, including binary variables
for gender, having children, and being married in both indices
along with the variables from our main specification. It turns out,
however, that none of these is significantly associated with either
the index of the economic model or the subjective data precision
index. In consequence, their inclusion does not affect our results.
Discarding individuals with missing data on financial wealth.
In our main specification, we included dummies for financial
wealth terciles and for whether information on financial wealth
was missing. Since wealth is among the strongest drivers of stock
market participation in our model, it is possible that inclusion of respondents with missing information on portfolio value affects our
results. To address this concern, we estimate our main specification
only with respondents who provided all components of financial
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Table 4
Average partial effects.
Source: LISS panel and own calculations. The table presents average partial effects of the Klein and Vella (2009) model;
see Section 2.3 for a detailed description. The effects are calculated for a change of 1 standard deviation in continuous
variables. For binary variables, we calculate the effect of assigning individuals in the left-out category a value of 1.
sav. acc.
Subjective beliefs: µAEX
t +1 − µt +1
Subjective beliefs: σtAEX
+1
Risk aversion
Absolute difference between belief measures
Confidence in AEX return estimate
Confidence in sav. acc. return estimate
Experimental tasks simple
Experimental tasks clear
Financial wealth ∈ (10,000 e, 30,000 e]
Financial wealth ∈ (30,000 e, ∞)
Financial wealth missing
Net income > 2500 e
Net income missing
High education
30 < Age ≤ 50
50 < Age ≤ 65
Age > 65

wealth. The results are very similar. In particular, the shape of
h(·, ·) is virtually unchanged. Some of the average partial effects
of beliefs and preferences slightly change in magnitude, but all of
them qualitatively confirm the main results.
Alternative belief measure. We showed our main results using
stated beliefs over the future development of the Amsterdam Exchange Index (AEX). While it is plausible that expectations over
a composite index with high media exposure are a good proxy
for ‘‘the’’ risky asset in our model, it is still conceivable that our
results are biased due to this specific choice. We therefore elicited
the same set of belief variables for the future stock return of
Philips N.V., one of the largest publicly traded companies of the
Netherlands. As one would expect for a single stock with additional
idiosyncratic risk, average partial effects relating to the moments
of the belief distribution become weaker. The general shape of the
link function and the essence of the remaining results, however, is
unchanged.
Disaggregated risk aversion measures. By averaging over three
distinct variables, we employed a particularly simple aggregation
procedure for the risk aversion measure used in our main analysis.
When including the three variables separately in the model index,
aversion to risk in financial matters emerges as its most important
component (Section B.10 of the Internet Appendix). The remainder
of our results is not affected.
Interaction between risk aversion and the subjective standard
deviation of returns. The main specification contains risk aversion
and the standard deviation of the subjective belief distribution
as separate variables. To investigate whether increased subjective
standard deviation is more important for relatively risk averse
subjects, we estimate an additional specification including their
interaction in the economic model index. The results in Section
B.13 of the Internet Appendix closely resemble those for the main
model, and they indicate that the effect of subjective standard
deviation does not vary with risk aversion.
Raw returns instead of excess returns. Our theoretical framework
suggests employing subjective expected excess returns to predict
stock market participation. As discussed in Section 3, our subjects
are simultaneously rather pessimistic about the future returns of
the market and relatively optimistic about those of a standard savings account. In consequence, a large fraction of our sample expects
negative excess returns. While this feature of our data is in line
with previous literature, we estimate an additional specification
replacing expected excess returns with expected returns to assess
the robustness of our results. They are essentially unaffected.
Financial literacy. As mentioned above, a lack of financial literacy may lead subjects to base their participation decision not on

Model

Subj. data prec.

0.034
−0.014
−0.038
–
–
–
–
–
0.099
0.247
0.171
0.037
−0.031
0.017
0.055
0.035
−0.002

–
–
–
−0.014
0.014
0.008
0.020
0.004
0.017
0.119
0.068
−0.028
0.005
0.080
−0.025
0.020
0.027

Combined
0.034

−0.014
−0.038
−0.014
0.014
0.008
0.020
0.004
0.098
0.373
0.219
0.009
−0.027
0.098
0.025
0.054
0.019

expectations about risk and return but on alternative rationales.
To assess how our results relate to variation in the respondents’
levels of financial literacy, we ran an additional survey in October 2014. In this survey, we asked subjects a set of questions to
determine their familiarity with basic financial concepts (Section
B.15 of Appendix contains the exact wording). We then used their
responses to create binary variables (1 = false answer, 0 = correct
answer) and included them in a new specification as additional
covariates in both indices. As Section B.15 of Appendix shows,
our results remain robust. In addition and in confirmation of our
results, most of the average partial effects of the precision proxies
are of similar magnitude as in our main specification, suggesting
that the precision proxies we employ do not merely pick up a lack
of financial literacy.
Alternative ways of calculating the moments of belief distributions. We arrived at our individual-level measures of µAEX
t +1 and
σtAEX
+1 by fitting log-normal distributions to respondents’ stated
cumulative distribution functions. We obtain very similar results
when we estimate the moments assuming uniformly distributed
expectations within bins (Section B.11 of the Internet Appendix)
or when we follow Bellemare et al. (2012) in approximating each
respondent’s distribution using a spline interpolation method (Section B.12).
Alternative ways of calculating the absolute difference between
belief measures. We constructed a quantitative proxy for imprecise measures as the absolute difference between the point
estimate and the mean of the subjective belief distribution. Some
subjects, however, may have had the mode or median in mind
when providing a point estimate (Delavande and Rohwedder,
2011). Sections B.3 and B.4 of the Internet Appendix show that we
obtain quantitatively and qualitatively very similar results when
we define the absolute difference based on the median or mode of
the belief distribution. To give respondents the benefit of the doubt,
Section B.5 estimates one specification where we pick the moment
(mean, median, mode) of the belief distribution that minimizes the
absolute difference to the point estimate. Again, our findings are
not affected.
4.3. Specification with less customized data
Our analyses employ very detailed data on respondents’ stock
market expectations based on an incentivized Online Experiment.
Our proxies for the precision of expectations include a quantitative
variable derived from repeated belief measurements and several
qualitative indicators. In many surveys, asking for information
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this detailed is either impossible or impractical. We now evaluate
the applicability of our empirical approach to situations with less
customized data.
In the model index, we replace the mean of the log-normal
belief distribution derived from the ball allocation task by individuals’ point estimates. We drop the standard deviation of beliefs
and use aversion towards risks in general instead of our composite
variable (see Section A.1 of the Internet Appendix for a detailed
description of all measures). In the subjective data precision index,
we only keep the answers to the qualitative questions which asked
respondents about the difficulty and clarity of our survey. We
retain all sociodemographic covariates. We then re-run our main
analyses using this limited set of variables.
Fig. 3 illustrates that the main results for this model are broadly
similar to those of our main specification.6 As the left panel
indicates, the predicted probability of holding risky assets strongly
varies with both model indices. Importantly, we find strong variation in the gradient of the economic model even with these much
coarser data: While the probability of investing in the stock market
is sensitive to changes in the economic model index at high values
of the data precision index, the relationship is essentially flat for
low levels. The average partial effects in Table 5 again suggest
that beliefs and willingness to take risks positively affect stock
market participation. The same holds for the precision proxies. All
magnitudes are roughly similar to our main specification.
These results entail two consequences: On the one hand, they
suggest that imprecise measures will also interfere with our understanding of stock market participation decisions when working
with simple measures of beliefs and risk preferences. On the other
hand, they suggest that our empirical approach to making productive use of imprecise measures of this kind does not seem to rely
on very detailed data to work.
5. Discussion and conclusions
Attempts to measure subjective stock market expectations have
dramatically increased over the last two decades. By and large,
the results have been encouraging, but obvious signs of poor data
quality remain for large fractions of the population regardless of
particular survey devices (Manski, 2004; Hurd, 2009; Kleinjans and
van Soest, 2014). When these measures have been employed to
predict portfolio choice behavior (e.g., Hurd and Rohwedder, 2011;
Hurd et al., 2011; Kézdi and Willis, 2011; Hudomiet et al., 2011;
Huck et al., 2014), significant correlations in the expected direction
have emerged. Nevertheless, it seems fair to say that these are not
of the magnitude economists might have hoped for. For example,
the abstract of Ameriks et al. (2016) notes that ‘‘estimated risk
tolerance, expected return, and perceived risk have economically
and statistically significant explanatory power for the distribution
of stock shares. Relative to each other, the magnitudes are in
proportion with the predictions of benchmark theories, but they
are all substantially attenuated.’’ In this paper, we have explored
a mechanism that can explain both facts. We have argued that
differences in the ‘‘propensity to use economic reasoning’’ may
drive heterogeneity in the precision of subjective expectations data
and explain why the explanatory power of portfolio choice models
has been moderate on average.
While the idea of heterogeneous decision rules is certainly not
new (e.g., Ameriks and Zeldes, 2004; Kahneman, 2011; Binswanger
and Salm, 2014 among many others), we are the first to suggest
that the degree of precision in subjective expectations data can be
used to uncover such heterogeneity. To explore this link empirically, we have used a semiparametric double index model due to
6 Section C of the Internet Appendix provides the full set of figures and tables for
this model with reduced data requirements.
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Klein and Vella (2009) on a dataset specifically collected for this
purpose. Our results show that stock market participation reacts
strongly to the primitives of an economic model (preferences,
beliefs, and transaction costs) when subjective data are measured
with high precision. When measurement precision is low, there is
hardly any reaction at all. This pattern obtains in a wide variety
of specification choices, including a setting where we restrict ourselves to variables that are available in many datasets.
A key implication of our findings is that ‘‘low quality’’ of subjective beliefs data should not be treated as a standard measurement error problem, because the strong variation in the precision
or meaningfulness of expectations measures actually reflects behaviorally relevant heterogeneity in choice behavior, rather than
erroneous reporting. Three pieces of evidence lend further support
to our interpretation of the results as reflecting heterogeneous
decision modes rather than attenuation bias resulting from standard measurement error. First, if we were dealing with standard
versions of measurement error in beliefs (e.g., due to carelessness
of some respondents in filling out the survey), taking averages of
multiple measurements with uncorrelated idiosyncratic variation
should increase the predictive power of expectations. A simple
exercise shows that such a pattern does not obtain in our data. We
run OLS regressions of stock market participation on convex combinations of our two belief measures (the results are unchanged if
we add controls). In Section D of the Internet Appendix, we show
that the maximum R2 is reached close to the point where all the
weight is on the mean from the ball allocation task. Hence, adding
the second measure hardly helps at all. Second, in all our specifications the likelihood to participate in the stock market was lower for
households entertaining imprecise expectations. This suggests that
the patterns we found do not merely reflect attenuation bias due
to respondents’ carelessness or differential effort when responding
to the belief questions. If some subjects gave random answers
which were uncorrelated with portfolio allocations, participation
rates should be the same on average. Third, Armantier et al. (2015)
show related patterns for subjective inflation expectations in an
experimental setting – financially literate individuals react much
more strongly to their expectations than others. Similarly, in an
experimental portfolio choice problem, Huck et al. (2014) show
that the investment behavior of less sophisticated households is
less responsive to exogenous changes in incentives.
Our method is applicable to a wide range of settings where
subjective data are used, as long as the dataset contains some
individual-level information on the precision or meaningfulness
of the respective variables. For example, we noted above that
the precision of individual-level risk preference parameters obtained from experiments via revealed-preference paradigms varies
tremendously in heterogeneous populations (von Gaudecker et al.,
2011; Choi et al., 2014). We have shown how the individual-level
precision in data on structural parameters can be used when these
parameters are employed to explain economically interesting outcomes. Doing so should help dampen the hostility of economists
to subjective data (Manski, 2004) that has arisen largely because
of perceived data quality. We have turned this argument around
and shown that once there is direct information on data precision
at the individual level, it can be used to learn about the economic
mechanism of interest.
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Fig. 3. Predicted probability to hold risky assets, specification with less customized data. LISS panel and own calculations. The left panel presents the predicted probability of
stock market participation for varying levels of the economic model and subjective data precision indices. The right panel plots the relation between the predicted probability
of participation and the economic model index for the 10 and 90% quantiles of the subjective data precision index. These estimations are based on a limited set of variables.
Ranges are limited to the interval between the 5% and 95% quantiles of the marginal distributions.
Table 5
Average partial effects, specification with less customized data.
Source: LISS panel and own calculations. The table presents average partial effects of the Klein and Vella (2009) model
with a limited number of variables. The effects are calculated for a change of 1 standard deviation in continuous variables.
For binary variables, we calculate the effect of assigning individuals in the left-out category a value of 1.
Subjective beliefs (direct question): Log expected excess return
Aversion to risks in general
Experimental tasks simple
Experimental tasks clear
Financial wealth ∈ (10,000 e, 30,000 e]
Financial wealth ∈ (30,000 e, ∞)
Financial wealth missing
Net income > 2500 e
Net income missing
High education
30 < Age ≤ 50
50 < Age ≤ 65
Age > 65
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