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We examine whether the decision to participate in the stock market and other related
portfolio decisions are influenced by income hedging motives. Economic theory predicts
that the market participation propensity should increase as the correlation between
income growth and stock market returns decreases. Surprisingly, empirical studies find
limited support for the income hedging motive. Using a rich, unique Dutch data set and
the National Longitudinal Survey of the Youth (NLSY) from the United States, we show
that when the income-return correlation is low, individuals exhibit a greater propensity to
participate in the market and allocate a larger proportion of their wealth to risky assets.
Even when the income risk is high, individuals exhibit a higher propensity to participate
in the market when the hedging potential is high. These findings suggest that income
hedging is an important determinant of stock market participation and asset allocation
decisions.

& 2014 Published by Elsevier B.V.
1. Introduction

One of the key risks that most households face is income
risk. Standard economic theory posits that unless income
risk is uninsurable and non diversifiable, the stock market
participation decisions should depend upon the correlation
between income risk and stock market returns (e.g., Heaton
and Lucas, 1996, 2000b; Campbell and Viceira, 2002;
Haliassos and Michaelides, 2003; Cocco, Gomes, and
Maenhout, 2005; and Gomes and Michaelides, 2005). If the
income-return correlation is low, then stocks can serve as a
m, Jon Bakija, Sebas-
o Massa, Alexander
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et al., Income hedgin
.2014.05.001i
good hedge against income risk, which should induce indi-
viduals to participate in the market. Consequently, market
participation should increase as the correlation between
income growth and stock market return decreases.

Because this is an intuitive conjecture, it is puzzling
that previous empirical studies find limited support for
income hedging motives in market participation and asset
allocation decisions, especially because some previous
studies also demonstrate that a considerable part of
income risk can be hedged using financial assets (e.g.,
Davis and Willen, 2000a, 2000b). For example, Heaton and
Lucas (2000a) find only weak evidence in support of the
hedging motive, perhaps because they use imputed mea-
sures of stock market participation.1 Similarly, Vissing-
Jorgensen (2002) finds no evidence that the correlation
1 Heaton and Lucas (2000a) use tax return data that include no
information on asset holdings. They infer who owns stocks and the level
of their asset holdings using tax information on dividends, interest, and
capital gains.
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between income growth and market returns influences
portfolio decisions. She suggests that this lack of evidence
is likely to be driven by the short sample period used to
estimate income growth.2 Most recently, Massa and
Simonov (2006) show that income hedging motives do
not influence the portfolio decisions of Swedish investors.

In this paper, unlike the evidence from these earlier
empirical studies, we find strong support for income
hedging motives in market participation and asset alloca-
tion decisions. We utilize a rich, unique Dutch data set (the
Dutch National Bank (DNB) Household Survey) that
enables us to better examine whether the relation
between income growth and financial market returns
affects portfolio decisions. This data choice is based on
the belief that the unavailability of a long time series of
good quality income data could be one of the main reasons
for the lack of empirical support for the income hedging
motive.

The main advantage of the DNB Household Survey is
that it is a large annual panel covering the 1993–2011
period. The sample contains individuals across a wide age
range from 18–94 years. Further, the data set includes
information about income, taxes paid, and market partici-
pation, as well as a number of important traditional
determinants of portfolio decisions such as age, education,
risk aversion, and health status. Having multiple years of
data for each individual allows us to obtain more precise
estimates of the correlation between income growth
and stock market returns.3 Overall, the DNB Household
Survey provides significantly richer information than
commonly used US data sets such as the Survey of
Consumer Finances (SCF) or the Panel Study of Income
Dynamics (PSID). We exploit this richness of the DNB
Household Survey to provide stronger support for the
income hedging motive in stock market participation and
asset allocation decisions.

Our empirical analysis combines the economic intuition
from the capital asset pricing models (CAPM) that includes
human capital (Mayers, 1972, 1973; Fama and Schwert,
1977; Jagannathan and Wang, 1996; Campbell and Viceira,
2002; and Eiling, 2012) and the literature on limited stock
market participation (e.g., Vissing-Jorgensen, 2002).
Specifically, following the limited participation literature,
we conjecture that individuals with low income growth-
market return correlation would perceive the net benefit
of market participation to be high because that low
correlation would suggest that the market offers high
income hedging potential. Consequently, individuals who
experience an income process that is not strongly posi-
tively correlated with the market would exhibit a stronger

 
 

 

2 Vissing-Jorgensen (2002) uses the Panel Survey of Income
Dynamics (PSID). Given the limitations of the PSID, she computes the
income growth-market return covariance using a relatively shorter
period from 1982–1992.

3 Due to data limitations, many existing studies on income risk either
use synthetic cohorts (e.g., Davis and Willen, 2000a) or focus on income
risk related to demographic characteristics such as occupation, education,
and gender (e.g., Davis and Willen, 2000b). Other studies, such as Heaton
and Lucas (2000a), have accurate income data from Internal Revenue
Service tax filings but need to infer who owns stocks based on reported
dividend income.
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propensity to participate in the stock market. And accord-
ing to human capital CAPM, upon participation, these
investors are likely to choose a larger equity portfolio to
maximally exploit the income hedging benefits offered by
the stock market (Campbell and Viceira, 2002).

Our empirical evidence supports these key conjectures.
In probit participation regressions, the probability of
participation in the stock market is higher when the
correlation of income growth with the Dutch stock market
return is lower. The propensity to participate in the stock
market increases significantly when the hedging potential
is high, evenwhen the level of income risk is very high. For
example, a 1 standard deviation decrease in the correla-
tion leads to about an 11 percentage point increase in the
probability of investing in stocks and mutual funds.
Similarly, individuals with low (bottom quartile) income-
return correlation are about 12 percentage points more
likely to own stocks, but individuals with low (bottom
quartile) correlation and high (top quartile) income risk
are about 24 percentage points more likely to own stocks.

Using Tobit and Heckman (1979) regressions, we find
similar results for asset allocation decisions of households.
The proportional allocation to risky assets increases when
the market return is more negatively correlated with
income growth. In particular, the Tobit regression esti-
mates indicate that a 1 standard deviation decrease in the
correlation is associated with a 5 and 3 percentage point
increase in the wealth allocated to stocks and mutual
funds, respectively.

These empirical findings are robust to several variations
to the baseline estimation framework. In particular, the
economic importance of the income-return correlation is
strong for both direct and indirect market participation
decisions. Our results are also qualitatively similar for risk
seeking investors who hold only stocks but no mutual
funds and for investors who are tax-sensitive and invest in
funds that reinvest all distributions. Further, our findings
are not driven by very young or very old investors because
we find similar results for the middle-aged cohort. In
additional tests, we find that the significance of the
income-return correlation remains high even when we
account for entrepreneurial risk. Last, we demonstrate that
the correlation between income growth and market
returns also affects the decision to remain in the market.
Individuals with low income-return correlation own
stocks in most of the survey years.

In most of our analysis, we use after-tax income derived
from all sources. We focus on this comprehensive measure
of income because canonical models of portfolio choice
suggest that the risks from all sources of disposable
income should affect portfolio decisions. However, to draw
connection with existing studies that use before-tax labor
income (e.g., Betermier, Jansson, Parlour, and Walden,
2012), we repeat our analysis using before-tax labor
income. We find very similar results using this alternate
measure of income. A lower correlation between market
return and labor income growth is associated with higher
market participation rates and larger allocation to risky
assets.

Using the before-tax labor income measure, we are
able to test finer theoretical predictions based on the
g and portfolio decisions. Journal of Financial Economics
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permanent income hypothesis (PIH). Specifically, consis-
tent with the PIH, we find that the correlation with the
deterministic component of labor income growth does not
affect investment decisions. Instead, what matters for
portfolio decisions is the return correlation with the
stochastic component of labor income growth. In addition,
consistent with this theory, we find that the return
correlation with permanent labor income shocks has a
larger effect on investor decisions than the return correla-
tion with temporary labor income growth shocks (e.g., see
Heaton and Lucas, 2000a; Haliassos and Michaelides,
2003; Cocco, Gomes, and Maenhout, 2005; and Gomes
and Michaelides, 2005).

In the last set of tests, we repeat our analysis using US
data from the National Longitudinal Survey of the Youth
(NLSY). Specifically, we consider the NLSY labor income
data and find a similar hedging motive among US house-
holds. In this sample, a 1 standard deviation decrease in
the income-return correlation implies a 13 percentage
point increase in the ownership of stocks, mutual funds,
and bonds. These results indicate that our key findings
obtained using the Dutch data are likely to generalize to
US households.

Collectively, these results indicate that the income
hedging motive is a strong determinant of stock market
participation and asset allocation decisions of both Dutch
and US households. Consistent with the predictions of the
standard economic theory, we show that the propensity to
participate in the market is higher when the correlation
between income growth and market returns is low. We do
not establish that individuals optimally hedge their
income risks, but we do show that individuals are at least
sensitive to their income risk when they make investment
decisions. In particular, they recognize that financial assets
can serve as a good hedge against labor income risk and
adopt broader decision frames to evaluate their income
and stock market risks.4

Our findings contribute to the broader literature on
household finance, especially to the debate on whether
rational or behavioral factors are more important deter-
minants of portfolio decisions and low levels of market
participation rates. Rational determinants of portfolio
decisions include age, education, marital status, wealth,
and income (Campbell, 2006). More recently, the literature
has considered behavioral factors of participation such as
social interactions (Hong, Kubik, and Stein, 2004), opti-
mism (Puri and Robinson, 2007), personal experiences
(Malmendier and Nagel, 2011), and political activism
(Bonaparte and Kumar, 2012). Our paper adds an intuitive
and economically important factor (i.e., income hedging
motive) to the list of rational determinants of market
participation decisions.

 
 

 

4 In an informal conversation, a bartender told us that he does not
invest in the stock market because his income is positively correlated
with the stock market performance. When the stock market performs
poorly, has fewer customers and his income falls considerably. This kind
of awareness of the link between income and stock market performance
could influence people's market participation decisions even if they
are not consciously optimizing by combining the various types of risks
they face.
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Previous studies have also examined the potential link
between various dimensions of income risk and financial
decisions. For example, Guiso, Jappelli, and Terlizzese
(1996) find that Italian households with more background
income risk hold more liquid assets and invest less in risky
assets. Heaton and Lucas (2000a) show that market
participation rates are lower for business owners because
entrepreneurial income is positively correlated with mar-
ket returns. More recently, Angerer and Lam (2009)
demonstrate that investors with higher permanent income
risk allocate a smaller fraction of their wealth in risky
assets. Similarly, Betermier, Jansson, Parlour, and Walden
(2012) show that wage volatility influences the financial
decisions of Swedish households. Individuals who move
to riskier jobs reduce their holdings of risky assets. None
of these papers examines the impact of the correlation
between labor income growth and stock market return on
portfolio decisions, which is the main focus of our paper.

The rest of the paper is organized as follows. Section 2
provides a brief description of our data sources. Section 3
reports our main empirical results and Section 4 provides
additional supporting evidence. Section 5 concludes with a
brief discussion.

2. Data and summary statistics

In this section, we describe our main data sets. We also
provide summary statistics of the main variables included
in our empirical analysis.

2.1. The Dutch National Bank Household survey

Our main data are from the 1993–2011 waves of the
Dutch National Bank Household Survey. We use the DNB
data for our main empirical analysis because it offers
several advantages over US data sets that have been
typically used in the household finance literature. For
example, the Panel Survey of Income Dynamics includes
panel information about income, but it reports informa-
tion about stock market participation in the 1984 and 1989
waves. In contrast, the DNB Household Survey provides
detailed information about both income and financial
decisions in every survey wave.

The DNB Household Survey has been used by previous
studies, including Alessie, Hochguertel, and Soest (2004)
and Guiso, Sapienza, and Zingales (2008). The data are
organized in a panel that includes information for about
two thousand households. For each member of the house-
hold that is interviewed, the DNB Household Survey
reports information such as age, education, and total
income. Our sample focuses on individuals who are older
than 18. Altogether, we consider 1763 respondents for
whom we have detailed information in multiple waves of
the survey. Table 1 reports the participation and summary
statistics for the survey data.

In most of our analysis, we use the after-tax income
from all sources to measure the correlation between
income growth and market returns. But, as part of our
robustness analysis we also use the before-tax labor
income measure. We also use a measure of after-tax total
income that does not include a special savings tax, which
g and portfolio decisions. Journal of Financial Economics
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Table 1
Summary statistics: Dutch National Bank Household Survey.

This table reports the summary statistics for the key variables used in the empirical analysis. The data are from the DNB Household Survey and cover all
the waves from 1993–2011. n is the number of individuals, and T is the average number of years in which those individuals participated in the survey. The
definitions of all variables are in Appendix Table A1.

Mean Standard Deviation
Percentiles Observations

Variable 10th 25th 50th 75th 90th N¼n� T n Average T

OwnSTK 0.120 0.325 0 0 0 0 1 15,459 1,763 8.8
PropSTK 0.036 0.135 0 0 0 0 0.0507 13,999 1,736 8.1
OwnMF 0.185 0.388 0 0 0 0 1 15,459 1,763 8.8
PropMF 0.068 0.180 0 0 0 0 0.278 13,999 1,736 8.1
OwnSTKMF 0.272 0.445 0 0 0 1 1 13,999 1,736 8.1
PropSTKMF 0.104 0.226 0 0 0 0.032 0.444 13,999 1,736 8.1
OwnGF 0.045 0.208 0 0 0 0 0 12,235 1,762 6.9
PropGF 0.015 0.087 0 0 0 0 0 10,995 1,730 6.4
Business Owner 0.019 0.138 0 0 0 0 0 9,538 1,232 7.7
Corr(Rm, dy) �0.071 0.409 �0.628 �0.382 �0.091 0.202 0.522 17,718 1,763 10.0
Corr(Rm, d(Labor Inc)) �0.054 0.439 �0.649 �0.385 �0.086 0.257 0.583 8,638 953 9.1
Cov(Rm, dy) �0.004 0.036 �0.039 �0.017 �0.003 0.008 0.030 17,718 1,763 10.0
Ln(y) 9.75 0.841 8.760 9.470 9.950 10.300 10.500 14,303 1,762 8.1
St. Dev(dy) 0.259 0.181 0.064 0.107 0.215 0.374 0.526 17,718 1,763 10.0
St. Dev(d(Labor Inc)) 0.128 0.093 0.034 0.055 0.098 0.179 0.272 8,638 953 9.1
Ln(Net Worth) 10.90 2.07 7.95 9.43 11.60 12.50 13.00 14,390 1,742 8.3
HH size 2.450 1.190 1 2 2 3 4 16,984 1,763 9.6
Age 53.9 13.7 35 44 54 64 72 17,461 1,763 9.9
Age2 181 212 3.24 22.9 98.3 273 476 17,461 1,763 9.9
Education 0.564 0.496 0 0 1 1 1 16,433 1,754 9.4
Male 0.613 0.487 0 0 1 1 1 17,461 1,763 9.9
Unemployed 0.117 0.322 0 0 0 0 1 15,470 1,763 8.8
Retired 0.284 0.451 0 0 0 1 1 15,470 1,763 8.8
Good health 3.910 0.693 3 4 4 4 5 15,396 1,763 8.7
Risk aversion 4.400 2.05 1 3 4 6 7 14,425 1,745 8.3
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is a fixed proportion of the market value of individual
stock holdings. This type of tax was introduced in 2001
and implemented in 2002.

Table 1 reports the summary statistics for the key
variable in the DNB Household Survey. Table A1 in the
Appendix provides a detailed description of all those
variables. The descriptive statistics in Table 1 show that
12% of the sample owns stocks, 19% owns mutual funds,
and total market participation, which includes owner-
ship of stocks or mutual funds or both, is about 27%.
Examining the asset allocation decisions, we find that,
on average, households invest about 10% of their finan-
cial wealth in stocks and mutual funds. However, the
households with the largest portfolios (i.e., 90th percen-
tile) invest about 44% of their wealth in stocks and
mutual funds.

In our empirical analysis, we follow Guiso, Jappelli, and
Terlizzese (1996) and Heaton and Lucas (2000a) and
measure income risk as the standard deviation of income
growth. Income is the total income after taxes, and it does
not include financial income from dividends and interest
payments.5 The summary statistics reported in Table 1
show substantial cross-sectional variation in income risk.
The standard deviation of income growth ranges from
0.064 (¼10th percentile) to 0.526 (¼90th percentile).
5 In Section 3.5, we find similar results when we use labor income
before taxes in our empirical analysis.

Please cite this article as: Bonaparte, Y., et al., Income hedgin
(2014), http://dx.doi.org/10.1016/j.jfineco.2014.05.001i
Following Massa and Simonov (2006), we investigate
how income risk comoves with market returns using the
correlation of income growth with market returns. Speci-
fically, we compute the correlation between income
growth and the return of the AEX index, which is a market
index of all stocks traded on the Amsterdam stock
exchange.6 To minimize measurement error, we follow
the literature and compute one correlation for each
respondent for the entire sample period (e.g., Vissing-
Jorgensen, 2002; and Massa and Simonov, 2006). We find
that the correlation of income growth with the market
return has substantial variation across households. It
ranges from �0.624 (¼10th percentile) to 0.522 (¼90th
percentile). Therefore, the potential of households to
mitigate their income risks using financial assets varies
considerably.

The DNB Household Survey is representative of the
Dutch population. The average age is 54, about half of the
sample participants are males, and about half of them
are college graduates. Also, one-third of the survey
participants are retired and only 10% of them are unem-
ployed. Most of the participants are in good health and
on average exhibit moderate levels of risk aversion. Over-
all, the sample covers a large cohort of investors and is
6 When we compute the correlations, we consider individuals with a
minimum of four waves of valid income growth data. We obtain similar
results if we require a minimum of ten waves of valid income growth
data. However, in the latter case we lose a large portion of our sample.

g and portfolio decisions. Journal of Financial Economics
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Table 2
Correlation matrix: DNB Household Survey.

This table reports the correlation matrix of the key variables. The data are from the 1993–2011 waves of the DNB Household Survey. The definitions of all
variables are in Appendix Table A1. The first part of the table reports the correlation coefficients for the first 11 variables, whereas the second part of the
table reports the correlation coefficients for variables 12–23.

Variable 1 2 3 4 5 6 7 8 9 10 11

1 OwnSTK 1
2 PropSTK 0.65 1
3 OwnMF 0.32 0.13 1
4 PropMF 0.13 0.03 0.71 1
5 OwnSTKMF 0.66 0.43 0.83 0.59 1
6 PropSTKMF 0.47 0.59 0.65 0.83 0.72 1
7 OwnGF 0.13 0.03 0.11 0.03 0.12 0.04 1
8 PropGF 0.08 0.00 0.04 �0.01 0.06 �0.01 0.76 1
9 Business owner �0.03 �0.02 �0.04 �0.03 �0.05 �0.03 �0.02 �0.02 1
10 Corr(Rm, dy) �0.06 �0.06 �0.05 �0.06 �0.08 �0.08 �0.02 �0.01 0.00 1
11 Cov(Rm, dy) �0.07 �0.08 �0.03 �0.03 �0.06 �0.07 0.01 0.00 �0.03 0.77 1
12 Ln(y) 0.16 0.10 0.16 0.09 0.19 0.13 0.06 0.03 �0.05 �0.02 0.05
13 St. Dev(dy) �0.02 0.06 �0.09 �0.05 �0.09 0.00 �0.04 �0.02 0.15 0.10 �0.06
14 Ln(Net Worth) 0.26 0.16 0.28 0.18 0.33 0.24 0.09 0.07 �0.03 �0.01 0.03
15 HH size 0.00 �0.02 �0.09 �0.07 �0.04 �0.07 �0.02 �0.01 0.02 0.00 �0.03
16 Age 0.08 0.08 0.11 0.11 0.11 0.14 �0.02 �0.02 �0.04 �0.02 �0.02
17 Age2 0.01 0.05 0.04 0.05 0.03 0.07 0.01 0.03 �0.04 �0.02 0.02
18 Education 0.06 0.03 0.06 0.04 0.08 0.05 0.03 0.04 0.03 �0.05 �0.02
19 Male 0.17 0.10 0.14 0.09 0.18 0.13 0.06 0.07 �0.03 0.02 0.01
20 Unemployed �0.01 �0.02 �0.01 �0.03 �0.01 �0.04 �0.02 �0.03 �0.03 0.05 0.00
21 Retired 0.04 0.08 0.06 0.09 0.05 0.12 �0.02 �0.01 �0.04 �0.05 �0.06
22 Good health 0.01 0.05 0.01 0.00 0.02 0.03 0.02 0.02 0.02 �0.04 �0.02
23 Risk aversion �0.42 �0.28 �0.38 �0.28 �0.48 �0.38 �0.10 �0.05 �0.02 0.02 0.02

Variable 13 14 15 16 17 18 19 20 21 22 23
13 St. Dev(dy) 1
14 Ln(Net Worth) �0.16 1
15 HH size 0.00 �0.01 1
16 Age 0.08 0.16 �0.34 1
17 Age2 0.07 �0.09 �0.08 �0.05 1
18 Education �0.11 0.20 0.07 �0.23 0.05 1
19 Male �0.19 0.42 0.03 0.16 �0.03 0.09 1
20 Unemployed 0.08 �0.01 �0.12 0.11 �0.18 �0.04 0.04 1
21 Retired 0.17 �0.05 �0.16 0.59 0.31 �0.18 �0.06 �0.24 1
22 Good health �0.03 0.07 0.13 �0.16 0.01 0.09 0.03 �0.19 �0.08 1
23 Risk aversion 0.06 �0.19 �0.05 0.09 �0.05 �0.08 �0.19 0.06 0.08 �0.08 1.00
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appropriate for analyzing the impact of income hedging on
portfolio decisions.

Table 2 reports univariate correlations among the key
variables used in the empirical analysis. The correlation
estimates show that the stock market participation deci-
sion is negatively correlated with the income growth-
market return correlation. This evidence suggests that as
this correlation decreases, the propensity to participate in
the stock market rises.
2.2. National longitudinal survey of the youth data

In addition to the DNB Household Survey, we use data
from the National Longitudinal Survey of the Youth to
examine the robustness of our findings. The NLSY sample
contains individuals who were 14–22 years old in 1979.
The survey respondents were followed annually from 1979
to 1994 and biannually from 1996 onward. In our analysis,
we use the data until 1994 because we want to compute
annual income growth rates using consecutive annual
income observations. To compute the return correlations
Please cite this article as: Bonaparte, Y., et al., Income hedgin
(2014), http://dx.doi.org/10.1016/j.jfineco.2014.05.001i
with income growth, we use the labor income data
provided by the NLSY.

One weakness of the NLSY is that it does not collect
detailed information about the ownership of risky assets.
From 1988 onward, it only asks respondents if they own
stocks or mutual funds or bonds, or some combination.
However, the survey includes important demographic
information such as age, gender, education, wealth, marital
status, health, and risk aversion. We use these demo-
graphic variables as control variables in our analysis.
Appendix Table A2 provides brief definitions of all these
variables.

We present summary statistics and correlation esti-
mates for the NLSY variables in Appendix Table A3. The
NLSY focuses on a younger cohort of the US population
with an average age of about 30 years. The sample is
evenly split between men and women. About 47% of the
participants are single and about one fourth of them are
college graduates. Examining the financial decisions of
NLSY respondents, we find that about 15% of them hold
stocks, bonds and mutual funds. Similar to the DNB
Household Survey, we find an unconditional negative
g and portfolio decisions. Journal of Financial Economics
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8 Conditional on participation, this economic intuition generalizes to
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correlation between income growth and the US stock
market returns.

3. Main empirical results

In this section we present our main empirical findings.
We begin with a summary of the theoretical motivation
for our empirical analysis. Then, we present baseline
results from direct and indirect market participation
regressions. We also examine the asset allocation decisions
of investors and show that the proportion of financial
wealth allocated to stocks and mutual funds is influenced
by income hedging motives.

3.1. Theoretical motivation

We develop our estimation framework using the eco-
nomic intuition from capital asset pricing models that
includes human capital (Mayers, 1972, 1973; Fama and
Schwert, 1977; Jagannathan and Wang, 1996; Campbell
and Viceira, 2002; and Eiling, 2012) and the stock market
participation literature (e.g., Vissing-Jorgensen, 2002).
Specifically, we consider the Campbell and Viceira (2002)
model of portfolio choice, which features labor income and
fixed labor supply. In their model, there is a risk-averse
investor with constant relative risk aversion preferences.
The investor cannot trade her labor income, and she has
access to a risk-free asset and a risky asset. Through a
series of log-linearizations, Campbell and Viceira (2002,
pp. 170) show that the optimal weight on the risky
portfolio is

w¼ 1
ρ

μþs2r =2
γs2r

� �
þ 1�1

ρ

� �
ðcorryrÞ

sy
sr

� �
ð1Þ

where γ is the coefficient of relative risk aversion, μ is the
expected log excess return, sy is the standard deviation of
income risk, sr is the standard deviation of the return of
the risky portfolio, corryr is the correlation between
income growth and stock market returns, and ρ is a
positive constant less than one. ρ is the steady state
portion of financial wealth to total wealth (i.e., human
and financial wealth).7

The optimal portfolio demand in Eq. (1) has two
components. The first component is related to the Sharpe
ratio of the risky asset and the level of risk aversion. This
term reflects the demand for risky assets when income
risk is idiosyncratic (i.e., corryr¼0). The second term in the
equation is the income hedging component, and it is
driven by the correlation between the return of the risky
asset and income growth. This hedging demand compo-
nent indicates that when the correlation between income
growth and financial market returns is low, stocks would

 
 

 

7 The original formulation developed in Campbell and Viceira (2002)
uses the covariance measure instead of the correlation measure. We
replace the covariance measure with the correlation term for easier
interpretation. Nevertheless, as expected, using the correlation term
instead of the covariance measure does not change our findings. In our
robustness analysis (see Sections 3.3 and 3.4), we find that the indivi-
duals with lower covariance participate more in the market and allocate
more of their wealth to risky assets.

Please cite this article as: Bonaparte, Y., et al., Income hedgin
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serve as a good hedge against income risk and invest-
ors should increase their optimal allocation to financial
assets.8

Most previous studies focus on the setting in which the
income risk is idiosyncratic (i.e., corryr is set to zero) and
asset demand is driven by the Sharpe ratio component.
The main finding from these studies is that as income risk
rises, the allocation to risky assets decreases. This finding
is consistent with the optimal allocation relation in Eq. (1)
when corryr is set to zero.9 In another related study,
Heaton and Lucas (2000a) take a different approach and
conjecture that entrepreneurial income is likely to be
correlated with stock market wealth and, thus, it might
not be idiosyncratic. Using Internal Revenue Service (IRS)
data, they demonstrate that entrepreneurs allocate a
smaller proportion of their wealth to risky assets.

In our study, we use a new data set and re-examine
whether income risk is purely idiosyncratic. Specifically,
we focus on the hedging potential of financial assets and
test whether income hedging concerns affect the partici-
pation and asset allocation decisions of investors. As
predicted by Eq. (1), when income risk is not idiosyncratic,
an increase in income risk does not necessarily lead to
lower asset demand. In fact, a higher level of income risk
could be associated with higher asset demand if the
correlation between income growth and asset returns is
negative. This key prediction is one of the hypotheses we
test in this paper.

Our data do not contain information about the stocks
held by investors and, therefore, we cannot compute the
correlation between income growth and portfolio returns.
To overcome this hurdle, we use the correlation between
income growth and the market return as a proxy for the
correlation between income growth and portfolio return.
This approximation is reasonable under the assumption
that the CAPM captures most of the systematic risks in
investor portfolios.

Beyond this theoretical argument, we use data from a
US discount brokerage house for the 1991–1996 period to
demonstrate that the mean correlation between realized
portfolio returns and market returns is 0.511.10 This
evidence of high correlation between portfolio and market
returns suggests that our assumption that households
would be sensitive to the correlation between income
growth and market returns is reasonable. Further, for
households that do not own stocks, the correlation
between income growth and market returns might be a
good signal of potential income hedging opportunities
offered by financial markets.
more realistic inter-temporal life-cycle models (e.g., Heaton and Lucas,
2000b; Haliassos and Michaelides, 2003; Cocco, Gomes, and Maenhout,
2005; and Gomes and Michaelides, 2005) in which a positive correlation
between income shocks and stock returns can lower investment in risky
assets.

9 When corryr is zero, Campbell and Viceira (2002) show (see
pp. 171–173) that as income risk sy rises, ρ increases, (1/ρÞ decreases,
and, consequently, the weight allocated to risky asset (i.e., w) decreases.

10 See Korniotis and Kumar (2011) for details about the brokerage
data.

g and portfolio decisions. Journal of Financial Economics

http://dx.doi.org/10.1016/j.jfineco.2014.05.001
http://dx.doi.org/10.1016/j.jfineco.2014.05.001
http://dx.doi.org/10.1016/j.jfineco.2014.05.001


Fig. 1. Market participation rates for low and high correlation subsam-
ples. The figure presents the average participation rates for the low and
high correlation subsamples. Low (high) is defined as bottom (top)
quartile of correlation between income growth and market returns. The
data are from the DNB Household Survey and cover all the waves from
1993–2011. The definitions of all variables are in Appendix Table A1.

11 Our t-statistics are based on robust heteroskedasticity-consistent
standard errors. When we compute clustered standard errors based on
age, gender, and education clusters, we find very similar results. See
Appendix Table A4.
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3.1.1. Importance of market participation costs
While the Campbell and Viceira (2002) framework

highlights the importance of income hedging, their model
does not explain why most households do not participate
in the stock market. The market participation costs can be
significant and related to the costs associated with getting
informed about the investment opportunities available in
the stock market, the opportunity cost of time spent to
maintain an equity portfolio, and various types of trading
costs (Vissing-Jorgensen, 2002). Participation costs could
also vary across individuals when, compared with the
general population, more resourceful investors (e.g., edu-
cated or wealthy investors) could have easier access to
financial markets and could also have lower trading costs.
An investor would compare the total (fixed and variable)
cost of participation with the expected benefit from
participation to determine whether or not to participate
in the market.

To account for the important role of these costs
associated with market participation, in our empirical
analysis, we consider a host of demographic variables that
are likely to be correlated with the cost of participation.

3.2. Graphical evidence

We begin our empirical analysis by examining graphi-
cally how market participation propensity is influenced by
the income growth-market return correlation. Fig. 1 shows
the participation rates, conditional upon the level of
income-return correlation. We present the average parti-
cipation rates for respondents with the lowest correlation
(bottom quartile) and highest correlation (top quartile).
Significant cross-sectional variation exists in the income-
return correlation levels. The average correlations for
the low and high correlation subsamples are �0.58 and
0.50, respectively. Further, we find that respondents with
low correlation participate more in the market compared
with those in the high correlation subsample. This evi-
dence is consistent with our main conjecture and suggests
that investment decisions of individuals are sensitive to
income-return correlations.
Please cite this article as: Bonaparte, Y., et al., Income hedgin
(2014), http://dx.doi.org/10.1016/j.jfineco.2014.05.001i
3.3. Baseline market participation regression estimates

Next, we estimate stock market probit participation
regressions. For this analysis, we define an indicator
function I as

I¼
1 if investor participates; or
0 if investor does not participate;

(
ð2Þ

and we estimate the propensity to participate in the stock
market, which we denote by p(I¼1). Following the related
portfolio choice literature, in our empirical analysis, we
assume that the decision to own risky assets depends
upon household-level variables such as income, wealth,
education, gender, and risk aversion. These household-
level variables would serve as a reasonable proxy for the
real and perceived market participation costs.

In Table 3, we report the marginal effects from probit
market participation regressions. The dependent variable
in these regressions is an ownership binary variable that
takes the value of one if the individual owns financial
assets and zero otherwise. We separately examine the
decision to hold stocks directly and indirectly through
mutual funds. We also examine the total market participa-
tion decisions. In Panel A, our key independent variable is
the income growth-return correlation. For robustness, in
Panel B, we replace the correlation term with the covar-
iance measure between income growth and market
returns. Our control variables are the level of income and
wealth, the standard deviation of income growth, the
household's size, the age and squared age of the respon-
dent, various dummy variables related to gender, employ-
ment and retirement status, and categorical variables
related to health and risk aversion.

Our results indicate that the correlation between in-
come growth and market returns affects the decision to
participate in the stock market. In particular, we find that
when the correlation between income growth and the
Dutch market index return is low, the market participation
propensity increases. This result is strong and statistically
significant in regressions with and without control vari-
ables. For example, in the stock ownership multivariate
regression 3 that includes all control variables, the mar-
ginal effect of the correlation is �0.338 and its t-statistic
is �6.53.11

The effect of income-return correlation remains statis-
tically significant when we look at the mutual fund
participation decisions, but the marginal effect weakens.
For example, in the multivariate regression 6, the marginal
effect of the correlation term is �0.162 and its t-statistic is
�3.72. The different estimates between the decision to
hold stocks directly and indirectly suggest that investors
are likely to consider individual stocks as more effective
instrument for hedging income risk than mutual funds. In
regression 9, we examine the decision to hold stocks
directly and indirectly through mutual funds and find a
g and portfolio decisions. Journal of Financial Economics
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Table 3
Probit participation regression estimates.

This table reports marginal effects from probit regressions. The dependent variables are the direct market participation dummy (Columns 1–3), indirect
market participation dummy (Columns 4–6), and total market participation dummy (Columns 7–9). In Panel A (B), the main explanatory variable is the
correlation (covariance) between income growth and market returns. In Panel C, we report estimates using before-tax income data. Robust t-statistics are
reported in parentheses below the coefficient estimates. The data are from the 1993–2011 waves of the DNB Household Survey. All regressions include time
(year) fixed affects. In regressions 3, 6, and 9, in Panels B and C, the coefficient estimates for the control variables (log of net worth, household size, age,
age2, education, male, unemployed, retired, good health, and risk aversion) are suppressed. The definitions of all variables are in Appendix Table A1.

Panel A: Estimates using correlation between income growth and market returns

OwnSTK (1–3) OwnMF (4–6) OwnSTKMF (7–9)

Independent Variable (1) (2) (3) (4) (5) (6) (7) (8) (9)

Corr(Rm, dy) �0.237 �0.284 �0.338 �0.156 �0.179 �0.162 �0.239 �0.255 �0.279
(�7.17) (�7.64) (�6.53) (�5.29) (�5.35) (�3.72) (�8.35) (�7.95) (�6.57)

Ln(y) 0.440 0.015 0.436 �0.012 0.410 �0.015
(15.27) (0.42) (16.75) (�0.40) (17.34) (�0.53)

St. Dev(dy) 0.571 0.182 �0.093 �0.613 0.164 �0.392
(6.81) (1.56) (�1.17) (�5.68) (2.17) (�3.84)

Ln(Net Worth) 0.256 0.255 0.288
(16.32) (20.60) (24.08)

HH size 0.019 �0.117 �0.065
(1.01) (�7.27) (�4.22)

Age 0.010 0.006 0.009
(4.04) (3.35) (5.17)

Age2�100 0.017 0.020 0.024
(1.61) (2.19) (2.77)

Education 0.014 0.140 0.116
(0.34) (3.89) (3.29)

Male 0.064 �0.031 �0.026
(1.17) (�0.71) (�0.62)

Unemployed 0.031 0.018 0.033
(0.44) (0.32) (0.58)

Retired 0.083 0.056 0.078
(1.12) (0.94) (1.34)

Good health �0.042 0.004 �0.008
(�1.41) (0.16) (�0.32)

Risk aversion �0.349 �0.237 �0.313
(�31.51) (�28.98) (�37.08)

N 15,459 13,139 9,351 15,459 13,139 9,351 13,999 11,961 9,133
pseudo R2 0.011 0.056 0.288 0.011 0.060 0.206 0.008 0.047 0.270

Panel B: Estimates using covariance between income growth and market returns
Cov(Rm, dy) �3.590 �4.654 �5.747 �1.355 �2.595 �2.564 �2.980 �3.864 �4.415

(�7.05) (�7.68) (�6.80) (�3.05) (�4.56) (�3.53) (�6.69) (�7.17) (�6.31)
Ln(y) 0.445 0.019 0.438 �0.011 0.414 �0.014

(15.40) (0.51) (16.80) (�0.36) (17.42) (�0.48)
St. Dev(dy) 0.486 0.053 �0.133 �0.661 0.103 �0.475

(5.72) (0.45) (�1.67) (�6.11) (1.36) (�4.62)
N 15,469 13,148 9,354 15,469 13,148 9,354 14,004 11,965 9,136
Pseudo R2 0.010 0.056 0.289 0.010 0.060 0.206 0.007 0.046 0.270

Panel C: Estimates using before-tax income measure
Corr(Rm, dy) �0.235 �0.273 �0.311 �0.138 �0.149 �0.125 �0.225 �0.231 �0.250

(�7.08) (�7.26) (�5.98) (�4.65) (�4.44) (�2.90) (�7.85) (�7.14) (�5.91)
Ln(y) 0.474 0.035 0.454 �0.005 0.430 �0.005

(16.03) (0.93) (17.23) (�0.15) (17.92) (�0.18)
St. Dev(dy) 0.555 0.180 �0.102 �0.617 0.159 �0.389

(6.52) (1.53) (�1.27) (�5.71) (2.08) (�3.79)
N 15,459 13,152 9,359 15,459 13,152 9,359 13,999 11,974 9,141
Pseudo R2 0.010 0.061 0.288 0.010 0.063 0.205 0.008 0.050 0.270
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negative and statistically significantmarginal effect (estimate¼
�0.279, t-statistic¼�6.57).

In economic terms, the impact of income-return corre-
lation is also significant. Based on the estimates in the
multivariate regression 3, we find that a 1 standard devi-
ation decrease in the correlation (¼0.409) is associated
Please cite this article as: Bonaparte, Y., et al., Income hedgin
(2014), http://dx.doi.org/10.1016/j.jfineco.2014.05.001i
with a 14 percentage point (¼�0.338� �0.409�100)
increase in the probability of owning stocks directly.
Similarly, the estimates from the multivariate regression
6 suggest that the probability of investing in mutual
funds increases by 7 percentage points (¼�0.162�
�0.409�100). And based on the total ownership
g and portfolio decisions. Journal of Financial Economics
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regression 9 estimates, we find that the probability of
investing in either stocks or mutual funds increases by 11
percentage points (¼�0.279� �0.409�100).

These economic significance estimates are comparable
to the economic impact of education (i.e., being a college
graduate) on participation, which is one of the most
important determinants of portfolio decisions. Specifically,
the estimates in regression 9 indicate that college gradu-
ates have an 11 percentage point higher chance of parti-
cipating in the market.

Beyond our main variables, the coefficient estimates of
the control variables are consistent with the evidence in the
existing literature. For example, older, wealthy, less risk
averse, and more educated individuals tend to participate
more in the market. We also find that individuals with high
income risk (i.e., high standard deviation of income growth)
have a higher chance of investing in individual stocks
directly. However, high income risk investors have a lower
propensity to invest in mutual funds.

For robustness, in Panel B, we replace the income-
return correlation term with the covariance between the
two measures and obtain similar results. For example, in
the multivariate probit regression 9 with the total (direct
plus indirect) participation as the dependent variable, the
marginal effect estimate of the covariance term is �1.679
and its t-statistic is �5.77. This marginal effect is not only
statistically significant but also economically significant.
A 1 standard deviation decrease in the covariance measure
(¼0.036) is associated with about a 16 percentage point
increase in the total participation propensity (¼4.415�
0.036�100).12

 
 

 

3.4. Baseline asset allocation regression estimates

Our next set of results is related to the asset allocation
decisions of households. We first estimate Tobit regres-
sions that include both equity owners and non-owners.
We also estimate Heckman (1979) regressions that focus
on only market participants where we explicitly model the
decision to participate. The basis of our asset allocation
analysis is the optimal portfolio demand Eq. (1).

In Table 4, we report estimates from Tobit regressions
in which the dependent variable is the fraction of wealth
invested in financial assets. We consider direct investment
in stocks, indirect investment in equities using mutual
funds, and total investment in equities. In Panel A, the
main independent variable is the income growth-return
correlation and in Panel B, the main independent variable
is the covariance between income growth and market
returns. Like the probit market participation regression
specifications, we consider a rich set of control variables.
The choice of these control variables is partially motiva-
ted by the optimal weight expressions in Eq. (1), which
12 The estimates of the marginal effects with the covariance term are
larger than those with the correlation term because the range of values
for the covariance is lower than the range for the correlation. For
example, the 10th percentile for the correlation (covariance) is �0.628
(�0.039) and the 90th percentile is 0.522 (0.030). Nevertheless, the
economic effects based on 1 standard deviation changes in the covariance
or the correlation terms are similar.

Please cite this article as: Bonaparte, Y., et al., Income hedgin
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suggest that income, wealth and risk aversion would be
important determinants of the asset allocation decision.

The Tobit regression estimates are broadly consistent
with the estimation results from the market participation
regressions. Specifically, in Panel A, we find that investors
with low income growth-return correlation allocate more
of their wealth to risky assets. For example, in the multi-
variate regression 3 where we consider allocations to
stocks only, the coefficient estimate of income-return
correlation is �0.110 (t-statistic¼�5.55). Similarly, in
the multivariate regression 6 where we consider alloca-
tions to mutual funds only, this estimate is �0.076
(t-statistic¼�3.74). These coefficient estimates imply that
a 11 standard deviation decrease in the correlation term
(¼0.409) is related to a 5 and 3 percentage points increase
in the wealth allocated to stocks and mutual funds,
respectively. These economic effects are meaningful rela-
tive to the average share of wealth invested in stocks (4%)
and in mutual funds (7%).

The coefficient estimates of other variables are consis-
tent with the previous evidence. For example, we find that
wealthier or older individuals with lower levels of risk
aversion allocate more of their wealth to risky assets.
Further, we find that individuals with larger income risk
(i.e., higher standard deviation of income growth) invest
more in individual stocks but allocate less of their wealth
in mutual funds. This evidence suggests that individual
investor-specific income risk might be better hedged using
individuals stocks than mutual funds.

At first glance, these finding could appear inconsistent
with the evidence in Angerer and Lam (2009), who report
that permanent income risk reduces the fraction of wealth
invested in risky assets. However, they examine the joint
decision to own stocks and mutual funds whereas we
separate the two decisions.13

In Panel B, we replace the correlation variable with the
covariance measure and find that the proportion of wealth
allocated to risky assets is higher when the income-return
covariance is lower. When the dependent variable is the
proportion of wealth allocated to individual stocks, the
coefficient estimate of covariance measure is �1.924
(t-statistic¼�7.00). This estimate implies that a 1 stan-
dard deviation decrease in the income-return covariance
(¼0.036) is associated with about a 7 percentage point
increase (¼1.924�0.036�100) in wealth allocated to
individual stocks. We obtain similar results in regression
6 where we focus on the proportion of wealth allocated to
mutual funds (estimate¼�1.125, t-statistic¼�3.32).
Overall, the results in Panel B are qualitatively similar
and suggest that hedging motives are strong determinants
of asset allocation decisions of households.
3.5. Income hedging motives or effects of taxes?

Our baseline estimates are determined by the after-tax
total income measure, which excludes any income from
13 We also show in Section 3.7 that high income risk need not be
necessarily associated with lower investment in risky assets because of
the potential hedging benefits of the market.
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Table 4
Tobit and Heckman asset allocation regression estimates.

This table reports estimates from Tobit and Heckman regressions. The dependent variables are the portfolio shares in stocks (PropSTK), mutual funds (PropMF), and stocks and mutual funds (PropSTKMF). The
control variables in regressions 3, 6, and 9 in Panels B and C are the same as in corresponding specifications in Panel A. Panel C reports estimates with before-tax income. All regressions include year fixed affects. In
regressions 3, 6, and 9, in Panels B and C, the coefficient estimates for the control variables (log of net worth, household size, age, age2, education, male, unemployed, retired, good health, and risk aversion) are
suppressed. Regressions 10 and 11 of Panel A report estimates from a Heckman model.

Panel A: Estimates using correlation between income growth and market returns

PropSTK (1–3) PropMF (4–6) PropSTKMF (7–9) PropSTKMF Heckman (10–11)

Independent variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Corr(Rm, dy) �0.124 �0.129 �0.110 �0.098 �0.103 �0.075 �0.128 �0.130 �0.102 �0.030 �0.022
(�6.52) (�6.53) (�5.55) (�5.71) (�5.54) (�3.74) (�7.75) (�7.39) (�5.82) (�5.40) (�3.86)

Ln(y) 0.191 0.011 0.190 �0.008 0.211 0.000 0.037 0.003
(13.56) (0.82) (14.19) (�0.56) (17.38) (0.03) (13.64) (0.90)

St. Dev(dy) 0.359 0.153 �0.026 �0.234 0.163 �0.075 0.069 0.028
(8.01) (3.42) (�0.62) (�4.80) (4.01) (�1.81) (5.22) (2.08)

Ln(Net Worth) 0.088 0.101 0.107 0.018
(14.93) (18.51) (22.37) (17.58)

HH size 0.005 �0.044 �0.027 �0.005
(0.70) (�6.08) (�4.45) (�2.70)

Age 0.004 0.003 0.004 0.002
(4.30) (3.92) (5.83) (6.97)

Age2�100 0.009 0.009 0.011 0.004
(2.43) (2.11) (3.21) (3.30)

Education 0.004 0.073 0.057 0.016
(0.29) (4.46) (4.03) (3.48)

Male 0.008 �0.007 �0.012 0.001
(0.39) (�0.37) (�0.69) (0.15)

Unemployed 0.012 �0.014 �0.009 �0.004
(0.49) (�0.54) (�0.39) (�0.59)

Retired 0.058 0.046 0.068 0.038
(2.26) (1.73) (3.01) (5.27)

Good health �0.006 0.006 0.005 0.006
(�0.53) (0.56) (0.56) (1.91)

Risk aversion �0.130 �0.102 �0.127 �0.036
(�27.32) (�27.38) (�38.36) (�31.62)

N 13,999 11,961 9,133 13,999 11,961 9,133 13,999 11,961 9,133 2,004 205
Pseudo R2 0.011 0.047 0.326 0.010 0.044 0.197 0.010 0.045 0.273
Lamda �0.06 �0.040

(�12.56) (�5.48)
Panel B: Estimates using covariance between income growth and market returns

PropSTK (1–3) PropMF (4–6) PropSTKMF (7–9)

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Independent variable

Cov(Rm, dy) �2.193 �2.266 �1.924 �0.966 �1.481 �1.125 �1.778 �2.081 �1.679
(�7.06) (�7.00) (�5.89) (�3.63) (�4.68) (�3.32) (�6.69) (�7.03) (�5.77)

Ln(y) 0.193 0.012 0.191 �0.007 0.213 0.001
(13.71) (0.94) (14.26) (�0.51) (17.50) (0.11)

St. Dev(dy) 0.319 0.110 �0.052 �0.257 0.129 �0.108
(7.06) (2.47) (�1.20) (�5.26) (3.17) (�2.60)

N 14,004 11,965 9,136 14,004 11,965 9,136 14,004 11,965 9,136
Pseudo R2 0.012 0.048 0.327 0.009 0.043 0.197 0.009 0.044 0.273
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financial assets. In Netherlands, a new tax law, introduced
in 2001 and implemented in 2002, required all Dutch
households to pay a tax that is a fixed proportion of the
market value of their stock holdings. Consequently, the tax
payment of all households since 2001 is inversely propor-
tional to the size of their financial portfolios. This inverse
relation implies that for households with relatively stable
income streams, the variability in after-tax income could
be driven significantly by stock market performance.

The 2001 tax change could potentially introduce a bias
in our results. In particular, individuals with larger finan-
cial portfolios would have larger taxes and the correlation
between their after-tax income growth and market returns
would be lower or even more negative. To ensure that our
results are robust to this potential reverse causality con-
cern, we obtain a new after-tax income measure that does
not include the savings tax. The new income measure is
gross income minus taxes that do not include taxes on
savings based on the 2001 law.

We estimate our participation and asset allocation
regressions with the new income measure. The estimation
results are presented in Panel C of Tables 3 and 4. We find
that the negative estimates of our key income growth-
market return correlation variable remain virtually unaf-
fected. We continue to find that income hedging motives
are strong determinants of portfolio decisions. This evi-
dence indicates that our main findings are not mechani-
cally induced by the tax changes introduced in 2001.

3.6. Asset allocation decisions of market participants

We estimate Tobit regressions using a sample of both
stockholders and nonstockholders. These Tobit regression
estimates could be driven entirely by the participation
decision of households. In this subsection, we examine
whether the Tobit regression estimates capture any addi-
tional information beyond what is reflected in the probit
regression estimates.

Specifically, we follow Vissing-Jorgensen (2002) and
Fagereng, Gottlieb and Guiso (2011), and we estimate
Heckman (1979) type models, where we simultaneously
consider the market participation and asset allocation
decisions. Like Vissing-Jorgensen (2002), the control vari-
ables in the selection model (i.e., the participation regres-
sion) are the same as the control variables used in the
asset allocation regression. We include lagged financial
wealth and lagged squared financial wealth as additional
control variables.14 We estimate the system of equations
with maximum likelihood and report the estimates of
14 Our regression specifications for the participation and asset allo-
cation regressions are motived by the economic intuition in Vissing-
Jorgensen (2002). In particular, we include lagged wealth and squared
wealth variables in the participation regression because these variables
would be associated with resourceful individuals who have already
incurred the cost of participation. Those wealthy and more resourceful
individuals are more likely to own stocks. Thus, we expect lagged wealth
to be an important determinant of participation decisions. In contrast, the
lagged financial wealth controls are excluded from the equity share
regressions because, conditional on current wealth, there is no obvious
economic reason that lagged wealth would affect the current equity share
of market participants.
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17 To define the interaction term, we do not directly interact the
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asset allocation regressions in Columns 10 and 11 of Table 4,
Panel A.15

The Heckman regression estimates show that the sub-
sample of market participants is not random because our
lambda estimate is statistically different from zero (see the
last two rows of Panel A). A lambda estimate that is
statistically indistinguishable from zero indicates that the
sample of market participants is drawn randomly from the
population and, therefore, ordinary least squares (OLS)
could be used for the estimation. In contrast, a non-zero
lambda indicates that it is more appropriate to use the
Heckman estimation method instead of the OLS because
OLS would yield biased and inconsistent estimates.

Examining the estimation results, we find that the
coefficient estimates of the correlation term are signifi-
cantly negative. For example, in regression specification 10
that includes the baseline control variables, its estimate is
�0.030 (t-statistic¼�4.40). In the regression specification
that includes all the control variables (See regression 11)
its estimate is �0.022 (t-statistic¼�3.86). Similar to the
findings in the related literature, the estimated coefficient
estimates in the asset allocation regressions are smaller
than those in the probit and Tobit regressions.16 But, this
evidence is not surprising because our sample of market
participants is relatively small. Overall, the Heckman
regression estimates suggest that market participants
allocate a greater proportion of their wealth to risky assets
when the correlation between income growth and market
returns is lower.

Examining the economic significance of the Heckman
regression estimates, we find that the predicted equity
share differential between investors with low (10th per-
centile) and high (90th percentile) income growth-return
correlation is about 3.5 percentage points in the regres-
sions with the baseline control variables and 2.5 percen-
tage points in the regressions with all control variables.
These estimates of economic significance are weaker than
those obtained using probit and Tobit regressions, but this
finding is not surprising. Other household finance studies
report similar results and demonstrate that investor char-
acteristics typically do not have a very strong impact on
the asset allocation decision when the estimation proce-
dure considers only the subsample of market participants
(e.g., Brunnermeier and Nagel, 2008; Curcuru, Heaton,
Lucas and Moore, 2009; and Malmendier and Nagel,
2011). Therefore, interpreted within the broader context
of the existing household finance literature, the economic
impact of the income growth-market return correlation is
reasonable.

 
 

 

15 One weakness of the Heckman estimation method is that the
maximum likelihood estimation (MLE) requires a large sample. Other-
wise, the MLE does not converge. To ensure convergence, we estimate the
Heckman model using only the before-tax total income measure that
provides the largest sample.

16 For example, Vissing-Jorgensen (2002), Campbell (2006), and
Malmendier and Nagel (2011) also report coefficient estimates that are
significantly smaller in the asset allocation regressions when they are
estimated using only the subsample of market participants.
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3.7. Importance of hedging when income risk is high

In this subsection, we examine how hedging motives
interact with the level of income risk to influence people's
market participation and asset allocation decisions. While
high income risk is associated with lower exposure to risky
assets (e.g., Heaton and Lucas, 2000b; Vissing-Jorgensen,
2002; and Angerer and Lam, 2009), individuals with high
income risk have more to gain by exploiting potential risk
hedging investing opportunities offered by the market.
Such investors could be more willing to invest in the
market, especially if the correlation between their income
growth and market returns is negative.

This prediction is motivated by our theoretical model.
Specifically, the model in Section 3.1 [see Eq. (1)] illustrates
how the intensity of income hedging motives depends on
the level of income risk. Specifically, the component of asset
demand related to hedging depends on the ½ðcorryrÞðsy=srÞ�
term. This expression indicates that when income risk sy is
high, the demand for risky assets would be high when the
income growth-market return correlation corryr is negative.

To examine the interaction between income risk and
the income-return correlation, we estimate expanded
regression specifications that include three additional
variables: a high income risk dummy variable that is set
to one if the standard deviation of income growth is in the
top quartile, a low correlation dummy variable that is set
to one if the income-return correlation is in the bottom
quartile, and an interaction between the high income risk
and low correlation dummy variables.17 We present these
regression estimates in Table 5.

Consistent with the previous evidence in the literature,
we find that individuals with high income risk do partici-
pate less in the market and allocate less of their wealth in
risky assets. Specifically, when we examine the decision
to directly own stocks (see Column 1), the coefficient
estimate of the high income risk dummy is �0.407
(t-statistic¼�4.78). This estimate suggests that an indivi-
dual with income risk in the highest quartile is about 8
percentage points less likely to own stocks.18 We also find
a similar effect when we examine allocations to risky
assets. For example, the estimate of the high income risk
dummy in Column 6 is �0.118 (t-statistic¼�3.97), which
implies that individuals with high income risk invest about
6.6 percentage points less in stocks and mutual funds.19
correlation measure with the income risk variable because such an
interaction would reflect the covariance between income growth and
return (by definition, covry¼corrry srsy). And, we have already shown in
Panel B of Tables 3 and 4 that the covariance is a significant predictor of
portfolio decisions. To ensure that we are not merely restating those
findings, we define the interaction term using dummy variables for high
income risk and low correlation.

18 To compute the total marginal effect for an individual with high
income risk, we take the estimate of the high income risk dummy
variable (�0.407) and add the product between the standard deviation
(0.869) and the top 25th percentile of the standard deviation of income
growth (0.374), i.e., 100� (�0.407þ0.869�0.374)¼�8.

19 The total �6.6 percentage points marginal effect for an individual
with high income risk is computed as 100� (�0.118þ0.138�0.374),
where �0.118 is the estimate of the high income risk dummy variable,
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Table 5
Participation and asset allocation regression estimates using extended specifications.

The table reports the marginal effects from extended specifications of market participation and asset allocation regressions. The regression specifications
are similar to those used in Tables 4 and 5 with the following additional explanatory variables: a dummy variable for individuals with high income risk
(standard deviation of income growth is in the top quartile), a dummy variable for individuals with low income growth-market returns correlation (bottom
quartile), and a low correlation-high income risk interaction term. Robust t-statistics are reported in parentheses below the coefficient estimates. The data
are from the DNB Household Survey and cover all the waves from 1993–2011. All regressions include time (year) fixed affects. The coefficient estimates for
the control variables (log of net worth, household size, age, age2, education, male, unemployed, retired, good health, and risk aversion) are suppressed. The
definitions of all variables are presented in Appendix Table A1.

Probit (1-3) Tobit (4-6)

OwnSTK OwnMF OwnSTKMF PropSTK PropMF PropSTKMF

Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.303 �0.174 �0.255 �0.079 �0.078 �0.086
(�3.98) (�2.66) (�4.02) (�2.73) (�2.62) (�3.32)

Low Corr�High Inc Risk 0.203 0.024 0.090 0.078 �0.016 0.034
(1.85) (0.23) (0.96) (1.83) (�0.35) (0.87)

Low Corr 0.003 �0.018 0.013 0.019 �0.001 0.013
(0.04) (�0.30) (0.23) (0.78) (�0.03) (0.57)

High Inc Risk �0.407 �0.188 �0.290 �0.165 �0.057 �0.118
(�4.78) (�2.56) (�4.04) (�5.10) (�1.66) (�3.97)

Ln(y) 0.013 �0.013 �0.017 0.009 �0.008 �0.000
(0.36) (�0.41) (�0.57) (0.72) (�0.58) (�0.03)

St. dev(dy) 0.869 �0.258 0.132 0.432 �0.116 0.138
(4.42) (�1.48) (0.78) (5.79) (�1.49) (2.02)

N 9,351 9,351 9,133 9,133 9,133 9,133
Pseudo R2 0.291 0.206 0.272 0.331 0.197 0.275
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From our perspective, more importantly, we find that
the hedging motives are stronger among individuals with
high income risk when they consider investing in indivi-
dual stocks. When we examine the decision to directly
own stocks (see Column 1), the coefficient estimate of the
interaction term between low correlation and high income
risk is 0.203 (t-statistic¼1.85). This evidence indicates that
individuals with high income risk exhibit a higher incre-
mental propensity to invest in the stock market when the
potential hedging benefits are high. These results are
similar when we examine the stock allocation decisions
(see Column 4).

This incremental effect of the income hedging motive is
economically significant. The estimate of the interaction
term in Column 1 implies that individuals with low
correlation are about 12 percentage points more likely to
own stocks while individuals with low correlation and
high income risk are about 24 percentage points more
likely to own stocks. Thus, when the hedging potential is
high, the market participation propensity increases sig-
nificantly, even when income risk is very high.20
(footnote continued)
0.138 is the estimate of the standard deviation, and 0.374 is the top 25th
percentile of the standard deviation of income growth.

20 The total 12 percentage points effect for low correlation indivi-
duals is computed as 100� (�0.303� �0.382þ0.003), where �0.303 is
the marginal effect of the correlation term, �0.382 is the bottom 25th
percentile of the correlation term, and 0.003 is the estimate of the low
correlation dummy. The 24 percentage points effect of the low correlation
and high income risk individuals is given by the 12 percentage points low
correlation total effect minus the 8 percentage points high income effect
plus the 20.3 percentage points effect from the interaction term between
low correlation and high income risk variables.
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3.8. Estimates using labor income measures

In our baseline analysis, we focus on after-tax total
income because in the canonical model of consumption
and portfolio decisions, the sum of risks from all sources of
disposal income is what should determine household
behavior. However, many previous studies focus on only
before-tax labor income (e.g., Meghir and Pistaferri, 2004;
and Betermier, Jansson, Parlour, and Walden, 2012). To
draw a better connection with this literature, we estimate
our baseline regressions using before-tax labor income
instead of total income.

We present the estimation results with labor income
growth in Table 6, Panel A. We find that a high positive
correlation between labor income growth and returns is
associated with lower stock market participation. Specifi-
cally, the coefficient estimates for the correlation between
stock market returns and labor income growth in the
probit regressions are negative. For example, the coeffi-
cient estimate on the labor income-return correla-
tion coefficient in Column 3 of Panel A is �0.171
(t-statistic¼�3.25). Similarly, the labor income-return
correlation coefficient estimates in Tobit regressions
reported in Columns 4–6 are also negative. In particular,
the estimate of the labor income-return correlation coeffi-
cient in the stocks and mutual funds asset allocation
regression is �0.089 (t-statistic¼�4.06).

The statistical significance of estimates with before-tax
labor income are slightly weaker compared with those
with total after-tax income reported in Panel A of Tables 3
and 4. This is especially true when the dependent variable
is the direct ownership in stocks. The estimates associated
with the ownership of mutual funds are similar regardless
of the definition of income. A potential reason for the
g and portfolio decisions. Journal of Financial Economics

http://dx.doi.org/10.1016/j.jfineco.2014.05.001
http://dx.doi.org/10.1016/j.jfineco.2014.05.001
http://dx.doi.org/10.1016/j.jfineco.2014.05.001


23 The specification chosen for defining the deterministic component
of income growth is supported empirically. We find that all chosen
variables in the income growth decomposition regression are statistically
significant. The only exception is the education dummy and its interac-
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lower significance is that the subsample of respondents
with labor income is substantially smaller (only about nine
hundred respondents) compared with the total sample of
about 17 hundred respondents with valid total income
data.21

Nevertheless, the implied economic significance of the
estimates obtained using the labor income data is high.
Specifically, in the participation regressions, a 1 standard
deviation decrease in the labor income risk-return correla-
tion (0.439) is related to a 4.56 (0.104�0.439�100), 5.84
(0.133�0.439�100) and 7.51 (0.171�0.439�100), per-
centage point increase in the ownership of stocks, mutual
funds, and stocks or mutual funds or both, respectively.
These effects are comparable to the economic impact of
labor risk. A 1 standard deviation decrease in the labor
income growth standard deviation (0.093) is associated
with a 7.54 (0.807�0.093�100), 9.13 (0.977�0.093�
100) and 10.38 (1.111�0.093�100) percentage point
increase in the ownership of stocks, mutual funds, and
stocks or mutual funds or both, respectively. Overall, these
findings suggest that the income hedging motive is strong
even when we focus exclusively on labor income.

3.9. Estimates using components of labor income

Next, motivated by the literature on the Permanent
Income Hypothesis (PIH), we estimate participation and asset
allocation regressions using various components of labor
income. The main finding from the PIH literature (e.g., Hall,
1978) is that the labor income shocks that should matter the
most for investment decisions are the permanent income
shocks. Similarly, Hall and Mishkin (1982) find that tempor-
ary income shocks might affect consumption decisions but
their effect is smaller than that of permanent shocks. More
recently, Heaton and Lucas (2000a), Haliassos and
Michaelides (2003), Cocco, Gomes and Maenhout (2005),
and Gomes and Michaelides (2005) argue that a positive
correlation between permanent labor income shocks and
stock returns can decrease the asset allocation to equity.

Following the PIH literature, we decompose labor income
growth into deterministic and stochastic components. The
stochastic component can be further decomposed into
permanent and temporary components.22 Motivated by the
labor income literature going back to Ben-Porath (1967) and
Griliches (1977), we assume that deterministic income
growth can be predicted by age, education, and gender.
Specifically, we measure deterministic income growth with

 
 

 

21 In the NLSY data set, we have a substantially larger sample of
respondents with valid labor income data and we find that the impact of
the labor-income growth-market return correlation is always statistically
significant. Please see Panel A of Table 8.

22 We use the income decomposition method that is standard in the
literature and has been previously used by Gomes and Michaelides
(2005). Specifically, the evolution of income Y is based on two laws of
motion: Yt¼PtUt and Pt¼exp[(f(t, Xt))Pt�1Nt]. The function f(t, Xt) is a
deterministic function of household demographic characteristics Xt. The
process Pt is a permanent component with innovation Nt and Ut is a
transitory component. This specification implies that the log difference in
income (Δ log Yt) has three components: the deterministic component f(t,
Xt), the transitory component Δ log Ut, and the permanent component
Δ log Nt. We define the stochastic component of income growth as the
sum of Δ log Ut and Δ log Nt.
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the explained part from a regression of income growth on
survey year (time trend), age, age2, age3, age4, male dummy,
education (college dummy), the interaction term between
the male dummy and education, and the interactions of the
male dummy with age, age2, age3, and age4. 23 The stochastic
component of labor income is the residual labor income
growth from this regression.

We further decompose stochastic labor income growth
into permanent and temporary (transitory) components.
Typically, such decompositions are based on structural
models that require a long time-series of labor income
data for estimation (e.g., Carroll, 1992, 1997; and Meghir
and Pistaferri, 2004). Instead, we follow Kopczuk, Saez,
and Song (2010), who propose measuring permanent
shocks using moving averages.24 Specifically, our measure
of the permanent component of income growth in year t is
the equal weighted average of the stochastic income
growth rates in years (t�1), t, and (tþ1). The transitory
component at year t is the difference between the year t
stochastic labor income growth and the permanent com-
ponent of income growth at year t. We follow the Kopczuk,
Saez, and Song (2010) approach because its nonparametric
nature does not involve specifying a fully structural model
of income shocks that might not be appropriate for all
respondents in our sample.25

After we decompose the labor income growth measure,
we compute correlations between the components of
labor income growth and stock returns. We then estimate
the baseline market participation and asset allocation
regressions with the new correlations. We present these
results in Panels B and C of Table 6.

Our estimates are consistent with the theoretical pre-
dictions. Examining the probit regression estimates in
Panel B, we find that the correlation of returns with the
deterministic component of labor income growth is not
significant in explaining the decision to own stocks (in
regression 2, its estimate is �0.028 and its t-statistic is
�0.53). In contrast, the estimate of the correlation
between returns and stochastic labor income growth is
negative and relatively more significant (in regression 3,
its estimate is �0.078 and its t-statistic is �1.61). And,
when we estimate the participation regression using the
tion with the male dummy. We still keep these two variables in the
model because intuitively being a college graduate should be important
for the income process.

24 DeBacker, Heim, Panousi and Vidangos (2013) compare the struc-
tural approach to decomposing income shocks as in Gottschalk and
Moffitt (1994, 2009) with the nonparametric approach of Kopczuk, Saez,
and Song (2010). They find that the two methodologies produce very
similar empirical results because mathematically the two methods are
almost identical.

25 We use one lag and one lead growth rate to compute the per-
manent income growth rate due to data constraints. In this case, we are
considering only respondents that have valid labor income information
for five consecutive surveys. If we add another lead and lag growth rate
terms in the definition of the permanent income variable, we have to
focus on respondents that have valid labor income information for
seven consecutive surveys, a requirement that decreases our sample size
significantly.
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Table 6
Participation and asset allocation regression estimates using components of labor income.

The table reports marginal effects from market participation and asset allocation regressions using components of before-tax labor income. The
specifications are similar to those used in Tables 4 and 5. We exclude respondents who are retired or unemployed. Robust t-statistics are reported in
parentheses below the coefficient estimates. The data are from the DNB Household Survey. In Panels B and C, we decompose labor income growth into
deterministic and stochastic components and then decompose the stochastic component into transitory and permanent components. All regressions
include time fixed effects. In Panel A, the coefficient estimates for the control variables (log of net worth, household size, age, age2, education, male,
unemployed, retired, good health, and risk aversion) are suppressed. In Panels B and C, we present only the coefficient estimates related to the correlation
terms. All regressions in Panels B and C include all the controls as in Panel A.

Panel A: Baseline estimates

Probit (1–3) Tobit (4–6)

OwnSTK OwnMF OwnSTKMF PropSTK PropMF PropSTKMF

Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.104 �0.133 �0.171 �0.036 �0.089 �0.089
(�1.61) (�2.45) (�3.25) (�1.51) (�3.59) (�4.06)

Ln(y) 0.053 0.093 0.107 �0.003 0.028 0.021
(0.72) (1.68) (1.97) (�0.13) (1.13) (0.93)

St. Dev(dy) �0.807 �0.977 �1.111 �0.141 �0.317 �0.291
(�2.23) (�3.20) (�3.77) (�1.05) (�2.22) (�2.33)

N 4,835 4,835 4,730 4,730 4,730 4,730
Pseudo R2 0.279 0.183 0.242 0.304 0.183 0.245
Panel B: Income risk decomposition and participation decisions

OwnSTKMF

Independent variable (1) (2) (3) (4) (5) (6) (7)

Corr(Rm, Total dy) �0.171
(�3.25)

Corr(Rm, Deterministic dy) �0.028 �0.018
(�0.53) (�0.34)

Corr(Rm, Stochastic dy) �0.078 �0.080
(�1.61) (�1.66)

Corr(Rm, Transitory dy) �0.035 �0.053
(�0.92) (�1.35)

Corr(Rm, Permanent dy) �0.081 �0.081
(�2.16) (�2.10)

N 4,730 4,729 4,728 3,898 3,898 4,728 3,898
Pseudo R2 0.242 0.237 0.240 0.251 0.250 0.240 0.253
Panel C: Income risk decomposition and asset allocation decisions

PropSTKMF

Independent variable (1) (2) (3) (4) (5) (6) (7)

Corr(Rm, Total dy) �0.089
(�4.06)

Corr(Rm, Deterministic dy) �0.026 �0.025
(�1.19) (�1.18)

Corr(Rm, Stochastic dy) �0.057 �0.058
(�2.83) (�2.89)

Corr(Rm, Transitory dy) 0.001 �0.004
(0.07) (�0.27)

Corr(Rm, Permanent dy) �0.025 �0.022
(�1.71) (�1.43)

N 4,730 4,729 4,728 3,898 3,898 4,728 3,898
Pseudo R2 0.245 0.240 0.243 0.260 0.259 0.243 0.261
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correlations between market returns and both the deter-
ministic and stochastic components of labor income
growth, we find that the correlation with the stochastic
component has a higher and more significant estimate
(see regression 6).

Next, we separate stochastic income growth into transi-
tory and permanent components. Consistent with the
theoretical predictions, we find that the correlation with
Please cite this article as: Bonaparte, Y., et al., Income hedgin
(2014), http://dx.doi.org/10.1016/j.jfineco.2014.05.001i
the temporary component has a weaker impact on participa-
tion decisions than the impact of the correlation with
the permanent component. Specifically, in regression 4, the
estimate of the correlation with the temporary component is
�0.035 and its t-statistic is �0.92. In regression 5, the
estimate of the correlation with the permanent component
is �0.081 and its t-statistic is �2.16. We find similar results
in regression 7 that includes both correlation terms.
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In Panel C of Table 6, we present estimates from Tobit
asset allocation regressions in which we vary the compo-
nent of labor income growth used to define the correlation
with market returns. We find that the impact of return
correlation with deterministic income growth is small and
insignificant (in regression 2, its estimate is �0.026 and its
t-statistic is �1.19). In contrast, the impact of the return
correlation with stochastic income growth is strong and
significant (in regression 3, its estimate is �0.057 and the
t-statistic is �2.83). Also, the return correlation with
transitory income growth is small and insignificant (in
regression 4, its estimate is �0.001 and the t-statistic is
0.07), while the return correlation with permanent income
growth is negative and significant (in regression 5, its
estimate is �0.025 and the t-statistic is �1.71).

Overall, the findings from our market participation and
asset allocation regressions suggest that individuals are likely
to consider the joint dynamics between their income and the
stock market returns when making financial decisions.
Individuals whose income grows when the stock market
returns are low exhibit a higher propensity to participate in
the market and allocate more of their wealth to risky assets.
It is likely that these individuals recognize that risky assets
could serve as a good hedge against their labor income risk.

4. Additional empirical evidence

In this section, we report additional evidence to sup-
port our main finding that the income-return correlation is
an important determinant of portfolio decisions.

4.1. Estimates using restricted Dutch sample

In our baseline analysis, we impose minimal restric-
tions on the data so that we have the largest possible
sample, which allows us to exploit the richness of our data
set more effectively. However, this raises the potential
concern that some of our results could be driven by
extreme outliers. To ensure that our results are robust to
this potential concern, we restrict our sample using several
standard filters. All our choices are motivated by the
selection criteria used in the Angerer and Lam (2009)
study. Specifically, we exclude all individuals who are
unemployed or reported income of less than 100 euros.
We also remove individuals from the sample if the
standard deviation of their income growth is above 3.
Last, we focus only on individuals who have income
growth data for at least ten years.26

The results from market participation probit and asset
allocation Tobit regressions with the restricted sample are
presented in Table 7. Not surprisingly, the sample size
decreases significantly when we apply the various filters.
Specifically, in the multivariate regressions the sample size
decreases from about 91 hundred observations to about 15
hundred. In spite of this severe reduction in the sample
size, our key results remain unaffected. Consistent with

 
 

 

26 Angerer and Lam (2009) require having at least 14 years of income
growth data. When we impose this restriction we lose almost all
households in the sample and cannot estimate any of our regressions
meaningfully.
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our baseline estimates, we find that the lower is the
correlation between income growth and market returns,
the higher is the individual's propensity to participate in
the market and the higher is the allocation to risky assets.

4.2. Estimates using the NLSY data

In the next set of tests, we use data from the 1979 NLSY
and examine whether our main conclusions derived using
the Dutch data generalize to US households. The choice of
the NLSY data is motivated by Angerer and Lam (2009),
who use them to examine the significance of income risk
for portfolio decisions.

In Panel A of Table 8, we report the estimates from
market participation and asset allocation regressions using
the NLSY data. The main independent variable is the
correlation between income growth and stock market
returns. The income measure is the before-tax labor
income. The control variables are log of income, log of
net worth, age and age squared, education (college grad-
uate dummy variable), male dummy, single dummy, health
proxy, and risk aversion.

The NLSY estimates show that individuals with lower
labor income-return correlations are more likely to parti-
cipate in the market and allocate a larger proportion of
their wealth in stocks, mutual funds, and bonds. Specifi-
cally, the marginal probability estimate for labor income-
return correlation in Column 3 is �0.058 (t-statistic¼
�2.09). This estimate implies that a 1 standard deviation
decrease in correlation (¼0.372) is associated with about a
2 percentage point (¼0.058�0.372�100) increase in the
market participation propensity. Relative to the mean
participation rate of 15 percentage points, this represents
more than a 13 percentage point increase.

We find similar estimates in the Tobit asset allocation
regressions. For example, the estimate of labor income-
return correlation in regression 6 is �0.018 (t-statistic¼
�2.42). This estimate implies that a 1 standard deviation
decrease in labor income-return correlation (¼0.372)
leads to an increased allocation in stocks, mutual funds,
and bonds by about 0.67 percentage points (¼0.372�
0.018�100). Compared with the mean allocation of 1.66
percentage points, this represents an increase of about 40
percentage points [¼100� (0.67/0.0166)].

4.3. Labor income decomposition using the NLSY data

The income measure in the NLSY data is the before-tax
labor income. We follow the PIH literature and decompose
labor income growth into deterministic and stochastic
components. For this income decomposition, we follow
the same approach as in Section 3.9. We recompute the
income-return correlations using these labor income com-
ponents and report the regression estimates in Panels B
and C of Table 8.

In the market participation probit regressions in Panel
B, the coefficient estimate of the return correlation with
the deterministic component of labor income growth is
insignificant (in regression 2, its estimate is �0.042 and
its t-statistic is �0.67). In contrast, the coefficient esti-
mate of the market return correlation with the stochastic
g and portfolio decisions. Journal of Financial Economics
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Table 7
Participation and asset allocation regression estimates using a restricted sample.

The table reports the marginal effects from market participation and asset allocation regressions. The regression specifications are similar to those used
in Tables 4 and 5. We restrict the sample by excluding individuals who make less than 100 euros, are unemployed, have a standard deviation of income
growth higher than 3, and have valid income growth data for less than ten years. We suppress the estimates for the control variables that include log net
worth, age, age squared, education, male, unemployed, and retired dummy variables, good health index, and risk aversion index. Robust t-statistics are
reported in parentheses below the coefficient estimates. The data are from the DNB Household Survey and cover all the waves from 1993 to 2011. The
coefficient estimates for the control variables (log of net worth, household size, age, age2, education, male, unemployed, retired, good health, and risk
aversion) are suppressed. The definitions of all variables are in Appendix Table A1.

Probit (1–3) Tobit (4–6)

OwnSTK OwnMF OwnSTKMF PropSTK PropMF PropSTKMF

Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.517 �0.831 �1.059 �0.177 �0.355 �0.402
(�3.31) (�6.29) (�7.88) (�4.00) (�6.85) (�8.86)

Ln(y) �0.150 �0.171 �0.099 �0.047 �0.063 �0.050
(�1.41) (�2.16) (�1.17) (�1.57) (�1.95) (�1.71)

St. Dev(dy) �0.191 �1.861 �1.320 0.108 �0.665 �0.387
(�0.41) (�4.49) (�3.25) (0.90) (�4.05) (�2.86)

N 1,561 1,556 1,549 1,549 1,549 1,549
Pseudo R2 0.366 0.226 0.294 0.465 0.224 0.313
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component of labor income growth is significant (in
regression 3, its estimate is �0.058 and its t-statistic is
�3.37). When we estimate a regression with both return
correlation measures, we find the stochastic labor income
growth-return correlation has a larger and more signifi-
cant estimate (see regression 6).

Next, we separate the stochastic labor income growth
measure into transitory and permanent components.
Consistent with the theoretical predictions, we find that
the correlation with the temporary component of labor
income growth has a weaker impact on participation
decisions than the impact of the correlation with the
permanent component. In regression 4, for instance, the
coefficient estimate of the market return correlation with
temporary income growth is �0.017 and its t-statistic is
-1.58. In regression 5, however, the coefficient estimate of
the return correlation with permanent income growth
rises to �0.038 and its t-statistic is �3.48. The Tobit asset
allocation regressions presented in Panel C yield very
similar results. Overall, consistent with our evidence using
the DNB Household Survey, we confirm that what matters
for portfolio decisions is the correlation between stochas-
tic labor income growth and market return, especially the
correlation with the permanent component of labor
income growth.

4.4. Frequency of participation decisions

In our next test, we examine whether income hedging
motives influence people's propensity to stay in the
market. If individuals participate in the market motivated
by the potential income risk hedging opportunities offered
by the market, they should exhibit a lower propensity to
exit the market and should always allocate some of their
wealth in risky assets.

In our frequency of participation test, we count the
number of survey years in which respondents reported
owning stocks or mutual funds or both. Table 9 reports the
Please cite this article as: Bonaparte, Y., et al., Income hedgin
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estimates from cross-sectional Poisson regressions where
the number of periods in which an individual owned
stocks is the dependent variable. Our estimation results
show that individuals whose income growth is more
negatively correlated with market returns participate in
the market more often. For example, in the multivariate
regression 6, the coefficient estimate of the income-return
correlation is negative (¼�0.305) and statistically signifi-
cant (t-statistic¼�4.34). This evidence provides addi-
tional support to our key conjecture.

4.5. Evidence from other tests

In our final set of tests, we examine several auxiliary
hypotheses and conduct additional tests to examine the
robustness of our findings. For brevity, these results are
summarized in Appendix Tables A5 and A6 and discussed
in Appendix Sections A.1–A.5.

In the first set of tests, we compare our findings more
closely with the evidence in Angerer and Lam (2009) and
show that our results are different from theirs because of
the stricter sample selection criteria used in their study.
Second, we examine whether income risk reduction
motives are more important during periods when inves-
tors are more risk averse. When we focus on subperiods
when the respondents report to be the most risk averse
across the various waves of the DNB Household Survey, we
find that the income-return correlation is an even stronger
determinant of stock market participation decisions. In the
third test, we show that our results do not capture the
known effects of entrepreneurial risk on portfolio deci-
sions (Heaton and Lucas, 2000a). In the next set of results,
we show that the choice of income hedging instruments
depends crucially on the income-return correlation.

Last, we demonstrate that our main findings are not
driven by the behavior of very young and the very old
investors. This test is motivated by the evidence in Agarwal,
Driscoll, Gabaix, and Laibson (2009) and Korniotis and
g and portfolio decisions. Journal of Financial Economics
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Table 8
Market participation and asset allocation regression estimates using the National Longitudinal Survey of the Youth.

The table reports the marginal effects from market participation and asset allocation regressions using the NLSY data. In Panel A, we present estimates
from regressions in which the main explanatory variable is the correlation between labor income growth and stock market returns. In the probit (Tobit)
regressions 1–3 (4–6), the dependent variable is a dummy variable for owning (equity share in) stocks, or mutual funds, or bonds, or some combination. In
the multivariate regressions 3 and 6, we suppress the estimates for the control variables (log net worth, age, age squared, education, male, unemployed,
and retired dummy variables, good health index, and risk aversion index). In Panels B and C, we decompose labor income growth into a deterministic and a
stochastic component and then decompose the stochastic component into a transitory and permanent component. Robust t-statistics are reported in
parentheses below the coefficient estimates. All the regressions include time (year) fixed effect. The definitions of all variables are in Appendix Table A2. In
regressions 3 and 6 in Panel A, the coefficient estimates for the control variables (log of net worth, age, age2, education, male, single, number of health
problems, and risk aversion) are suppressed. In Panels B and C, we present only the coefficient estimates related to the correlation terms. All regressions in
Panels B and C include all the controls as in the multivariate regressions 3 and 6 in Panel A.

Panel A: Baseline estimates

Probit (1–3) Tobit (4–6)

Own STKMFB Own STKMFB Own STKMFB Prop STKMFB Prop STKMFB Prop STKMFB

Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.037 �0.055 �0.058 �0.021 �0.026 �0.018
(�2.09) (�2.59) (�2.09) (�3.74) (�4.02) (�2.42)

Ln(y) 0.363 0.156 0.106 0.044
(25.53) (10.54) (22.86) (10.49)

St. Dev(dy) �0.099 �0.104 �0.027 �0.025
(�5.49) (�4.40) (�4.88) (�4.07)

N 50,224 43,746 29,526 49,705 43,260 29,554
Pseudo R2 0.001 0.050 0.127 0.002 0.077 0.148
Panel B: Income risk decomposition and participation decisions

OwnSTKMFB

Independent variable (1) (2) (3) (4) (5) (6) (7)

Corr(Rm, Total dy) �0.058
(�2.09)

Corr(Rm, Deterministic dy) �0.042 �0.011
(�0.67) (�0.16)

Corr(Rm, Stochastic dy) �0.058 �0.056
(�3.37) (�3.26)

Corr(Rm, Transitory dy) �0.017 �0.022
(�1.58) (�2.08)

corr(Rm, Permanent dy) �0.038 �0.040
(�3.48) (�3.69)

N 29,526 29,739 29,011 19,851 19,851 29,011 19,851
Pseudo R2 0.127 0.127 0.126 0.115 0.115 0.127 0.116

Panel C: Income risk decomposition and asset allocation decisions

PropSTKMFB

Independent variable (1) (2) (3) (4) (5) (6) (7)

Corr(Rm, Total dy) �0.018
(�2.42)

Corr(Rm, Deterministic dy) �0.019 �0.016
(�1.18) (�0.98)

Corr(Rm, Stochastic dy) �0.012 �0.011
(�2.62) (�2.55)

Corr(Rm, Transitory dy) �0.005 �0.006
(�1.79) (�2.21)

Corr(Rm, Permanent dy) �0.008 �0.009
(�3.02) (�3.27)

N 29,554 29,767 29,038 19,863 19,863 29,038 19,863
Pseudo R2 0.148 0.148 0.148 0.138 0.138 0.148 0.139

Y. Bonaparte et al. / Journal of Financial Economics ] (]]]]) ]]]–]]]18

 
 

 

Kumar (2011), who find that middle-age respondents are
financially more sophisticated. It is possible that only those
sophisticated middle-aged investors would engage in income
risk hedging. We find very similar results when we focus on
the middle-age cohort, i.e., individuals who are between the
ages of 36 and 64.
Please cite this article as: Bonaparte, Y., et al., Income hedgin
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Taken together, the results from these additional sets of
tests further demonstrate that individuals are sensitive to
the interaction between their income growth and market
return when they make their financial decisions. These
results in conjunction with our baseline evidence provide
strong support for our key conjecture, which posits that
g and portfolio decisions. Journal of Financial Economics
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Table 9
Frequency of market participation: Poisson regression estimates.

This table reports the marginal effects from cross-sectional Poisson regressions. The dependent variable is the number of waves in which a respondent
reported investing in stocks (N periods STK), mutual funds (N periods MF), and stocks or mutual funds or both (N periods STKMF). The control variables are
averaged across all the waves. Robust t-statistics are reported in parentheses below the coefficient estimates. The data are from the DNB Household Survey
and cover all the waves from 1993–2011. The definitions of all variables are in Appendix Table A1.

N periods STK N periods MF N periods STKMF N periods STK N periods MF N periods STKMF

Indep. variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.513 �0.348 �0.393 �0.437 �0.256 �0.305
(�4.14) (�3.92) (�4.90) (�3.80) (�3.14) (�4.34)

Ln(y) 0.943 0.772 0.734 �0.032 �0.123 �0.099
(8.25) (8.71) (9.68) (�0.30) (�1.36) (�1.32)

St. Dev(dy) 1.182 0.241 0.539 0.043 �0.750 �0.433
(4.27) (1.07) (2.75) (0.16) (�3.31) (�2.42)

Ln(Net Worth) 0.330 0.374 0.340
(7.44) (11.54) (12.30)

HH size 0.043 �0.134 �0.069
(0.75) (�3.24) (�1.95)

Age 0.011 0.010 0.009
(1.52) (2.08) (2.09)

Age2�100 �0.000 �0.000 �0.000
(�1.19) (�0.59) (�0.97)

Education 0.026 0.218 0.145
(0.23) (2.40) (1.91)

Male �0.079 �0.055 �0.082
(�0.47) (�0.49) (�0.85)

Unemployed 0.445 0.246 0.297
(1.72) (1.29) (1.88)

Retired 0.631 0.253 0.382
(2.48) (1.34) (2.31)

Good health �0.103 �0.014 �0.031
(�0.92) (�0.21) (�0.51)

Risk aversion �0.662 �0.351 �0.407
(�18.36) (�14.15) (�18.47)

N 1,762 1,762 1,762 1,716 1,716 1,716
Pseudo R2 0.082 0.071 0.075 0.392 0.275 0.327
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income hedging motives are among the most important
determinants of stock market participation and asset
allocation decisions of households.

5. Summary and conclusion

Limited stock market participation is one of the most
pervasive features of household portfolio decisions. In this
study, we investigate whether the decision to participate
in the stock market and other related portfolio decisions
are influenced by income hedging motives. Standard
economic theory predicts that the market participation
propensity should be higher if the correlation between
income growth and stock market returns is strongly
negative. Surprisingly, limited empirical support exists
for this income hedging motive in market participation
and asset allocation decisions.

Using a rich, unique Dutch data set and the NLSY data
from the US, we show that when the income-return
correlation is more negative, individuals exhibit a greater
propensity to participate in the market. And conditional
upon participation, they allocate a larger proportion of
their wealth to risky assets. Even when the income risk is
high, individuals exhibit a higher propensity to partici-
pate in the market when the hedging potential is high.
These findings suggest that income hedging is an impor-
tant determinant of stock market participation and asset
Please cite this article as: Bonaparte, Y., et al., Income hedgin
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allocation decisions. Our evidence complements existing
studies on household finance and highlights the impor-
tance of income hedging in participation and asset alloca-
tion decisions.

One limitation of our study is that we do not observe
the composition of investor portfolios. To hedge their
income risk more effectively, investors could choose spe-
cific portfolios that are more negatively correlated with
their income process. With the availability of better data
sets, we might be able to better quantify the impact of
income hedging on the composition of investor portfolios.
Further, the hedging induced demand shifts could influ-
ence asset prices, where assets that are more effective for
income hedging could demand higher prices when
hedging-induced demand is high. We hope to explore
these questions in our future research.
Appendix A

In this appendix we present tables that include detailed
definitions of all the variables we use in the paper as well
as results from auxiliary tests. The variable definitions are
in Tables A1 and A2. Summary statistics for the NLSY data
set are in Table A3 and estimation results using clustered
standard errors are in Table A4.
g and portfolio decisions. Journal of Financial Economics
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A.1. Comparisons with previous evidence using the
NLSY data

For robustness, we compare our results with previous
evidence in the related portfolio choice literature. In
particular, Angerer and Lam (2009) use the NLSY data
and estimate asset allocation regressions similar to ours. In
some of their asset allocation regression specifications
they include the covariance between income growth and
the US market return as an explanatory variable and
find that it has a negative but insignificant coefficient
estimate. Their evidence could appear inconsistent with
our findings.

A potential explanation for this lack of statistical sig-
nificance in their study is the restrictions they impose on
their sample. Specifically, in the Appendix of their paper,
Angerer and Lam (2009) mention that the base sample has
12,687 respondents, but they use only 1909 individuals in
their empirical analysis. Because their objective was to
separate income risk into permanent and idiosyncratic
components using a structural model of income risk, strict
sample selection criteria were necessary. But such strict
sample selection criteria are not necessary for our study.

Nevertheless, to allow for proper comparisons between
our results, we estimate our baseline regression specifica-
tions using a restricted sample that is very similar to the
Angerer and Lam (2009) study. In particular, we consider a
sample of individuals with reported income over 100
dollars, income growth standard deviation less than 3,
and valid income growth data for at least 14 waves. We

 
 

 

Table A1
Variable definitions: Dutch National Bank (DNB) Household Survey.

Variable Definition

OwnSTK One if own stocks and zero otherwise.
PropSTK Value of stock holdings to total financial wealth.
OwnMF One if own mutual funds and zero otherwise.
PropMF Value of mutual fund holdings to total financial wealth.
OwnSTKMF One if own stocks or mutual funds and zero otherwise.
PropSTKMF Value of stocks and mutual fund holdings to total financial w
OwnGF One if own mutual funds that reinvest distributions (i.e., div
PropGF Value of growth mutual funds to financial wealth. Growth fu
OwnSTKnotMF One if own stocks but does not own mutual funds and zero
PropSTKnotMF Value of stock holdings to total financial wealth of those wh
Business Owner One if reported business income and zero otherwise.
Ln(y) Log of total after tax income excluding interest and dividend
dy Income growth rate. Income is total after tax income exclud
Corr(Rm, dy) Correlation between Dutch market return (based on the AEX

that a respondent has at least four years of income growth d
measurement error we compute one correlation estimate pe
compute the covariance between income growth and marke

Cov(Rm, dy)

St. Dev(dy) Standard deviation of income growth. To compute the stand
income growth data. If not, then the standard deviation valu
standard deviation estimate per respondent using the full sa

Ln(Net Worth) Log of net worth (assets minus liabilities).
HH size Household size.
Age Years old.
Education One if graduated from college and zero otherwise.
Male One if male and zero otherwise.
Unemployed One if unemployed and zero otherwise.
Retired One if retired and zero otherwise.
Good health Health rating from 1–5, with 5 being very healthy.
Risk aversion Perception of risk related to investing from 1–7 where 7 is b
High RA One if risk aversion is in the top 75th percentile and zero ot
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report these estimates in Table A5, Panel A. These results
are similar to the evidence reported in the Appendix of
Angerer and Lam (2009). The coefficient estimates of the
key labor income-return correlation variable are negative,
but they are statistically insignificant. This evidence indi-
cates that the difference between our findings is primarily
due to the filters used to define the sample.

To examine the sensitivity of these results to various
sample restrictions, we relax one of the restrictions used in
Angerer and Lam (2009) and require valid income growth
data for at least ten waves instead of 14. We still require
income to be higher than 100 dollars and income growth
standard deviation to be less than 3. The estimation results
are reported in Panel B of Table A5. In this slightly less
restrictive sample, we find that the coefficient estimates of
the labor income-return correlation are negative and
statistically significant. Compared with the statistical sig-
nificance in Panel A, the significance of coefficient esti-
mates in Panel B rises considerably. This evidence indicates
that the strict sample restriction is the main reason for the
difference in the findings between our study and those
reported in the Appendix of Angerer and Lam (2009).
A.2. Impact of time-varying risk aversion

Our main conjecture is that investors with income
growth that is low or negatively correlated with market
returns should exhibit a higher propensity to invest in the
stock market. An auxiliary hypothesis is that income risk
reduction motives would be more important in periods
ealth.
idends and capital gains) and zero otherwise.
nds reinvest all distributions (i.e., dividends and capital gains).
otherwise.
o own only individual stocks but no mutual funds.

payments.
ing dividend and interest payments.
index) and income growth rate. To compute the correlation, we require
ata. If not, then the correlation value is set to missing. To minimize
r respondent using the full sample. We use the same approach to
t returns.
ard deviation, we require that a respondent has at least four years of
e is set to missing. To minimize measurement error, we compute 1
mple.

elief that investing is very risky.
herwise.
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Table A2
Variable definitions: National Longitudinal Survey of the Youth (NLSY).

Variable Definition

OwnSTKMFB One if own stocks or mutual funds or both and zero otherwise. Only available in 1988, 1989, 1990, 1992, 1993 and 1994.
PropSTKMFB Value of stock, bond, and mutual fund holdings to total financial wealth. Available in 1988, 1989, 1990, 1992, 1993 and 1994.
Ln(y) Log of annual labor income.
dy Income growth rate. Income is annual labor income.
Corr(Rm, dy) Correlation between US market return (based on value-weighted index of all stocks listed on Center for Research Securities

Prices) and income growth rate. To compute the correlation, we require that a respondent has at least four years of income
growth data. If not, then the correlation value is set to missing. To minimize measurement error, we compute one correlation
estimate per respondent using the full sample.

St. Dev(dy) Standard deviation of income growth. To compute the standard deviation, we require that a respondent has at least four years
of income growth data. If not, then the standard deviation value is set to missing. To minimize measurement error, we
compute 1 standard deviation estimate per respondent using the full sample.

Ln(Net Worth) Log of net worth (assets minus liabilities).
Age Years old.
Education One if graduated from college and zero otherwise.
Male One if male and zero otherwise.
Number of health

problems Number of health conditions that the respondent suffers from including heart disease and diabetes.

Risk aversion The risk aversion proxy is based on three hypothetical lotteries. In the first lottery (lottery 1), the respondents are given a 50/
50 chance to double their family income or reduce their family income by one-half. If they accept lottery 1, they are offered a
riskier lottery (lottery2) with a 50/50 chance they can double their family income or reduce their family income by one third.
If they reject lottery 1, they are offered a less risky lottery (lottery 3) with a 50/50 chance they can double their family income
or reduce their family income by 20%. Based on these responses, we generate a risk aversion proxy that takes a value of two if
the respondent rejects lotteries 1 and 3; a value of one if she accepts lottery 1 but rejects 2 or rejects 1 but accepts 3; and a
value of zero if she accepts lotteries 1 and 2.
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when investors report being more risk averse compared
with the average level of risk aversion across the survey
years. Specifically, when risk aversion rises, investors who
choose a high equity share must be those with the highest
hedging potential. The high hedging potential must be
strong enough to counteract the potential adverse impact
of an increase in risk aversion on allocation to risky assets.

We test the conditional risk aversion hypothesis in
Panel A of Table A6, when we add the interaction between
income-return correlation and a high risk aversion dummy
variable to the baseline specifications. The high risk aver-
sion dummy variables identifies the survey years in which
the respondents report being the most risk averse (i.e., the
respondent's risk aversion is in the top quartile across all
survey years). The interaction term measures the addi-
tional significance of the hedging motive in periods when
investors are most risk averse.

We find that the interaction term has a negative and
statistically significant estimate. For example, when we
examine the decision to invest in stocks or mutual funds,
the estimated results in Column 3 indicate that the marginal
probability estimate of the interaction term is �0.510
(t-statistic¼�2.54). This estimate suggests that in the
years when investors are most risk averse, a 1 standard
deviation decrease in the correlation (¼0.409) is associated
with about 30% increase in market participation propensity
[¼�(0.241þ0.510)�0.409�100)]. We find similar results
for the asset allocation decisions. In particular, when we
examine the decision to allocate wealth to stocks and mutual
funds (see Column 6), the coefficient estimate of the inter-
action term is �0.243 (t-statistic¼�2.80). This estimate
implies that when investors are very risk averse, a 1 standard
deviation decrease in the income-return correlation term
(¼0.409) is associated with about 14% increase in wealth
allocation to risky assets [¼�(0.085þ0.243)�0.409�100].
Please cite this article as: Bonaparte, Y., et al., Income hedgin
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Overall, our evidence is consistent with the hypothesis that
more risk averse investors have a stronger motivation to
hedge their income risk and, therefore, the income-return
correlation is a more important determinant of their portfo-
lio decisions.

A.3. Control for entrepreneurial risk

Next, we examine whether our results somehow cap-
ture the known effects of entrepreneurial risk on portfolio
decisions. Heaton and Lucas (2000a) find that business
owners tend to allocate less of their wealth to risky assets
because entrepreneurial risk is typically positively corre-
lated with financial risk. To account for this potential
channel on participation and asset allocation decisions,
we estimate our baseline regressions by adding a business
owner dummy variable as a control variable. The results
are reported in Panel B of Table A6. We find that the
addition of the business owner dummy variable does not
significantly affect the statistical and economic signifi-
cance of the income-return correlation variable.

A.4. Hedging motives and the choice of hedging instruments

Our baseline results suggest that individuals are likely to
find stocks to be better income hedging instruments as
compared with mutual funds. This evidence is consistent
with the conjecture that riskier assets serve as more effective
hedging instruments. In the next set of tests, we examine
how the income-return correlation affects the choice of
riskier financial assets. First, we examine whether a negative
income growth-return correlation affects the decision of
investors to specialize in stocks only. This set contains
investors who report owning stocks but not mutual funds.
We also examine the decision to own riskier mutual funds
g and portfolio decisions. Journal of Financial Economics
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Table A3
Summary statistics of key variables in the National Longitudinal Survey of the Youth.

This table reports summary statistics and the correlation estimates for the key variables in the 1979 NLSY data set. The sample covers the waves from 1979–1994. The definitions of all variables are in Appendix
Table A2.

Panel A: Univariate summary statistics

Mean
Standard Deviation

Percentile
N

Variable 10th 25th 50th 75th 90th

OwnSTKMFB 0.153 0.360 0 0 0 0 1 54,510
PropSTKMFB 0.017 0.077 0 0 0 0 0.0162 53,984
Corr(Rm, dy) 0.009 0.372 �0.484 �0.254 0.020 0.271 0.479 155,141
Ln(y) 0.800 0.502 0.271 0.432 0.688 1.058 1.473 155,141
St. Dev(dy) 8.930 1.297 7.090 8.294 9.210 9.852 10.310 118,706
Ln(Net Worth) 9.477 1.784 7.090 8.294 9.596 10.740 11.580 41,891
Age 30.630 3.110 26 28 31 33 35 68,667
Education 0.190 0.393 0 0 0 0 1 54,571
Male 0.509 0.500 0 0 1 1 1 68,667
Single 0.469 0.499 0 0 0 1 1 54,667
Number of health problems 0.064 0.388 0 0 0 0 0 47,597
Risk aversion 1.214 0.818 0 0 1 2 2 50,332
Panel B: Correlation matrix

Variable 1 2 3 4 5 6 7 8 9 10 11

1 OwnSTKMFB 1
2 PropSTKMFB 0.54 1
3 corr(Rm, dy) �0.01 �0.01 1
4 Ln(y) �0.08 �0.04 �0.04 1
5 St. Dev(dy) 0.18 0.11 0.01 �0.36 1
6 Ln(Net Worth) 0.28 0.04 0.01 �0.16 0.32 1
7 Age 0.04 0.01 0.01 �0.05 0.17 0.23 1
8 Edu 0.23 0.15 �0.03 �0.01 0.24 0.23 0.03 1
9 Male 0.01 0.03 �0.02 �0.11 0.25 �0.01 �0.01 �0.04 1
10 Single �0.10 0.01 �0.02 0.09 �0.06 �0.37 �0.13 �0.02 0.03 1
11 Number of health problems �0.01 �0.01 0.02 0.05 �0.04 �0.03 �0.02 0.01 �0.09 0.01 1
12 Risk aversion �0.01 �0.01 0.00 �0.02 �0.01 0.02 0.03 �0.05 �0.09 �0.09 0.00
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Table A4
Estimation results based on clustered standard errors.

The table reports marginal effects frommarket participation and asset allocation regressions using total after-tax income. The specifications are similar to
those used in Tables 4 and 5. The definitions of all variables are presented in Appendix Table A1. The main explanatory variable is the correlation between
income growth and stock market returns. In Columns 1–3, we present probit regression estimates. In Columns 4–6, we present Tobit regression estimates.
The t-statistics of the regression estimates, reported in parentheses beneath the estimates, are based on clustered standard errors. The clusters are defined
based on age, gender, and education. The data are from the 1993–2011 waves of the DNB Household Survey. All regressions include time fixed effects. The
coefficient estimates of the control variables (log of net worth, household size, age, age2, education, male, unemployed, retired, good health, and risk
aversion) are suppressed.

Probit (1–3) Tobit (4–6)

OwnSTK OwnMF OwnSTKMF PropSTK PropMF PropSTKMF

Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.338 �0.162 �0.279 �0.110 �0.075 �0.102
(�6.87) (�3.50) (�6.60) (�5.61) (�3.70) (�5.84)

Ln(y) 0.015 �0.012 �0.015 0.011 �0.008 0.000
(0.41) (�0.38) (�0.49) (0.85) (�0.54) (0.03)

St. Dev(dy) 0.182 �0.613 �0.392 0.153 �0.234 �0.075
(1.46) (�5.17) (�4.13) (2.93) (�4.49) (�1.89)

N 9,351 9,351 9,133 9,133 9,133 9,133
Pseudo R2 0.288 0.206 0.270 0.326 0.197 0.273

Table A5
Market participation and asset allocation regression estimates using restricted National Longitudinal Survey of the Youth.

The table reports marginal effects from probit and Tobit regressions. In Panel A (B), the sample excludes those with income less than 100 dollars, income
growth standard deviation higher than 3, and valid income growth data for less than 14 (ten) waves. In regressions 3 and 6, the coefficient estimates for
control variables (net worth, age, squared age, male, single, number of health problems, and risk aversion) are suppressed. Robust t-statistics are reported
in below the coefficient estimates. All regressions include time fixed effects.

Panel A: Estimates using a sample with at least 14 years of labor income growth data

Probit (1–3) Tobit (4–6)

OwnSTKMFB OwnSTKMFB OwnSTKMFB PropSTKMFB PropSTKMFB PropSTKMFB

Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.024 �0.033 �0.042 �0.014 �0.017 �0.006
(�0.51) (�0.69) (�0.79) (�1.25) (�1.47) (�0.57)

Ln(y) 0.496 0.239 0.110 0.054
(16.45) (7.45) (14.65) (7.08)

St. Dev(dy) �0.094 �0.219 �0.023 �0.055
(�2.19) (�4.28) (�2.17) (�4.94)

N 10,964 10,910 9,167 10,864 10,808 9,173
Pseudo R2 0.002 0.049 0.119 0.004 0.078 0.154

Panel B: Estimates using a sample with at least 10 years of income growth data
Corr(Rm, dy) �0.062 �0.055 �0.061 �0.027 �0.025 �0.015

(�2.36) (�1.97) (�1.82) (�3.48) (�3.16) (�1.78)
Ln(y) 0.437 0.208 0.120 0.058

(23.85) (11.04) (21.50) (11.21)
St. Dev(dy) �0.085 �0.138 �0.015 �0.028

(�3.40) (�4.50) (�2.02) (�3.63)
N 31,945 30,704 22,739 31,596 30,353 22,758
Pseudo R2 0.001 0.049 0.116 0.002 0.074 0.134
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that re-invest all their distributions. These funds are identified
in the DNB Household Survey as growth funds.

We report the probit and Tobit regression estimates for
these two scenarios in Panel C of Table A6. Consistent
with our previous results, we find that the income growth-
market return correlation has a negative and statisti-
cally significant estimate in both the probit and Tobit
regressions. Specifically, in probit regression 2 where we
study the decision to hold stocks only, the marginal
probability estimate of the correlation variable is �0.288
Please cite this article as: Bonaparte, Y., et al., Income hedgin
(2014), http://dx.doi.org/10.1016/j.jfineco.2014.05.001i
(t-statistic¼�5.00). Similarly, in probit regression 4 where
we study the decision to hold growth funds, this marginal
probability estimate is �0.167 (t-statistic¼�2.45).

These marginal effects indicate that a 1 standard
deviation decrease in the correlation term (¼0.409) is
associated with about a 12 percentage point (¼�0.288�
�0.409�100) increase in the sole ownership of stocks
and about a 7 percentage point (¼�0.167� �0.409�
100) increase in the ownership of growth funds. The Tobit
regression estimates in Columns 5–8 portray a similar
g and portfolio decisions. Journal of Financial Economics
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Table A6
Participation and asset allocation regression estimates: additional robustness checks.

The table reports marginal effects frommarket participation and asset allocation regressions. The estimation details are similar to those in Tables 4 and 5.
In Panel A, High RA Period takes the value of one in survey years when the individual reported to be the most risk averse across all survey years. In Panel B,
the Business Owner Dummy takes the value of one for individuals with positive entrepreneurial income. In Panel C, we focus on two subsamples: investors
who participate in the stock market only directly (i.e., own stocks but not mutual funds) and investors in the middle-age cohort. Robust t-statistics are
reported in parentheses below the coefficient estimates. The data are from the 1993–2011 waves of the DNB Household Survey. The definitions of all
variables are in Appendix Table A1. All regressions include time fixed effects. The coefficient estimates of the control variables (log of income, standard
deviation of income growth, log of net worth, household size, age, age2, education, male, unemployed, retired, good health, and risk aversion) are
suppressed.

Panel A: High risk aversion periods

Probit (1–3) Tobit (4–6)

OwnSTK OwnMF OwnSTKMF PropSTK PropMF PropSTKMF

Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.305 �0.016 �0.142 �0.094 �0.013 �0.050
(�4.62) (�0.31) (�2.73) (�3.98) (�0.55) (�2.41)

N 6,456 6,456 6,305 6,305 6,305 6,305
Pseudo R2 0.307 0.202 0.271 0.340 0.199 0.274

Panel B: Role of entrepreneurial risk

Probit (1–3) Tobit (4–6)

OwnSTK OwnMF OwnSTKMF PropSTK PropMF PropSTKMF
Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.439 �0.207 �0.387 �0.144 �0.085 �0.135
(�6.92) (�3.79) (�7.26) (�6.66) (�3.87) (�6.88)

Business owner dummy �0.296 �0.067 �0.277 �0.128 0.039 �0.036
(�1.66) (�0.43) (�1.78) (�2.28) (0.59) (�0.60)

N 6,771 6,771 6,648 6,648 6,648 6,648
Pseudo R2 0.297 0.237 0.300 0.352 0.246 0.318

Panel C: Type of risk assets (only direct ownership and growth funds) and middle-aged subsample

Probit (1–2) Tobit (3–4) Probit Tobit

OwnSTKnotMF OwnGF PropSTKnotMF PropGF OwnSTKMF 35oageo65 PropSTKMF 35oage 65
Independent variable (1) (2) (3) (4) (5) (6)

Corr(Rm, dy) �0.288 �0.167 �0.147 �0.078 �0.142 �0.050
(�5.00) (�2.45) (�4.14) (�1.90) (�2.73) (�2.41)

N 9,351 7,024 9,133 6,850 6,305 6,305
Pseudo R2 0.152 0.123 0.165 0.122 0.271 0.274
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picture. The proportions of wealth allocated to stocks and
growth funds are higher when the income-return correla-
tion is lower. Together, these results are consistent with
our main conjecture, which posits that income-return
correlation influences the market participation and asset
allocation decisions of individuals.

A.5. Estimates for the middle-age cohort

Our sample is representative of the Dutch population,
and it includes respondents between the ages of 18–93.
But, Agarwal, Driscoll, Gabaix, and Laibson (2009) and
Korniotis and Kumar (2011) find that middle-age respon-
dents are financially more sophisticated. Therefore, to
ensure that our main findings are not driven by the very
young and the very old, in our final test, we focus on the
middle-age cohort, i.e., individuals who are between the
ages of 36 and 64.

Panel C of Table A6 reports the estimates from market
participation and asset allocation regressions. We find
Please cite this article as: Bonaparte, Y., et al., Income hedgin
(2014), http://dx.doi.org/10.1016/j.jfineco.2014.05.001i
that the effect of income hedging motives on portfolio
decisions among the subsample of relatively more sophis-
ticated middle-age cohort of investors is similar to those
in the full sample. Specifically, investors whose income
growth is negatively correlated with the market return
invest more in individual stocks and allocate more of their
wealth to individual stocks.

Further, in contrast to our full sample estimates, we
find that the decision to invest in mutual funds is not
related to the income-return correlation. The coefficient
estimate of the income-return correlation is insignif-
icant in both probit and Tobit regression specifications.
This evidence is consistent with our observation that
sophisticated investors are likely to recognize that
mutual funds could have limited ability to hedge
investor-level income risk, which can be highly idiosyn-
cratic. Another possibility is that middle-aged investors
hold mutual funds as part of their retirement account
and, thus, in their private portfolios they shy away from
mutual funds.
g and portfolio decisions. Journal of Financial Economics
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Taken together, the results from the additional set of
tests further demonstrate that individuals are sensitive to
the interaction between their income growth and market
return when they make their financial decisions. These
results in conjunction with our baseline evidence strong
support for our key conjecture, which posits that income
hedging motives are among the most important determi-
nants of market participation and asset allocation deci-
sions of individuals.
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