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Abstract 

I use data from the Survey of Consumer Finances from 1964 to 2010 to 

show that American household heads that experienced higher stock market 

volatility during their lifetimes are less likely to participate in the stock 

market, and invest a lower fraction of their liquid assets in stocks when they 

do participate. Among the market portfolio experience variables, 

experienced volatility is the best predictor of the share of liquid assets 

invested in stocks by stock market participants. My evidence suggests that 

experienced volatility influences investors’ portfolio choices by way of their 

beliefs, rather than preferences. I also construct a time series of average 

experienced volatility in the investor population and show that it is strongly 

and negatively correlated with the valuation of the aggregate stock market 

and that it positively forecasts annual excess returns. Overall, the evidence 

suggests that households’ volatility experiences have a significant effect on 

portfolio choice and on stock market prices. 
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1. Introduction 

In this paper, I present evidence that experiences of volatility in financial markets affect 

households’ demand for stocks and that these changes in demand impact asset prices. 

Specifically, I show that American household heads that experienced higher stock market 

volatility during their lifetimes are less likely to participate in the stock market, and invest a lower 

fraction of their liquid assets in stocks when they do participate. I use this micro-econometric 

result to construct a time series of average experienced volatility across households and show 

that this time series is strongly and negatively correlated with the price-earnings and price-

dividend ratios of the aggregate stock market, and that it positively forecasts annual real excess 

returns on the market both over the next year and over the next three years. These micro-

econometric and aggregate results suggest that experiences of volatility are an important, but 

hitherto unrecognized, determinant of household investment decisions and even of asset prices.  

Traditional theories of belief formation cannot explain the observed cross-sectional 

variation in households’ demand for stocks. There is significant variation, across stock market 

participants, of the share of liquid assets in stocks, and not every household participates in the 

stock market. Moreover, this cross-sectional variation changes over time. Under the rational 

expectations or Bayesian learning paradigms, every investor in the cross-section will have the 

same beliefs. Indeed, most of the literature in household finance assumes that households share 

common beliefs, and focuses on other characteristics, such as risk preferences or stock market 

participation costs, to explain different in portfolios across households (Guiso and Sodini, 2012). 

However, the assumption of common beliefs is a strong one since there is evidence that 

investors’ beliefs differ (e.g. Dominitz and Manski, 2004) and that households do not process 

information as well as other investors (Campbell, 2006).   

Research in psychology suggests that experiences condition belief formation under 

uncertainty (Tversky and Kahneman, 1973). I therefore assess whether or not households take 

lifetime experiences of volatility into account when choosing their portfolios. I study the 

portfolio choices of households in the U.S. during the last five decades using repeated cross-

sections from the Survey of Consumer Finances (SCF). I use annual time series of volatility to 

estimate several flexibly weighted averages of the realizations of volatility during each household 

head’s lifetime.1 These indices are my main explanatory variable, but I also control for time 

effects, age effects and other household demographic and financial characteristics. The 

                                                
1 Malmendier and Nagel (2011) create this index to study the effects of experiences of returns. 
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dependent variables are stock market participation and the share of liquid assets invested in 

stocks by stock market participants. Identification is possible because different cohorts have 

different lifetime experiences in a given cross-section and because these differences change over 

time as a result of new experiences, creating variation within cohorts.  

I find that households that experienced higher volatility in the stock market during their 

lifetimes are less likely to participate in the stock market, and invest a lower fraction of their 

liquid assets in stocks when they do participate. The means of both portfolio choice variables 

decrease approximately 4% if experienced volatility is one standard deviation higher. This is an 

economically important magnitude because 41% of the households in my sample are stock 

market participants and the average share of liquid assets they have invested in stocks is equal to 

57%. The liquid assets of the average stock market participant are more than twice the liquid 

assets of the average household; thus, the impact of experienced volatility on the average 

household demand for stocks that is due to the negative effect of experienced volatility on the 

share of liquid assets invested in stocks is economically more important than the impact of 

experienced volatility that is due to its negative effect on stock market participation. 

Malmendier and Nagel (2011) find that households that experienced high stock market 

returns are more likely to participate in the stock market and invest a higher share of liquid assets 

in stocks when they do participate. I show that the higher a household’s experienced excess 

return and Sharpe ratio, the more likely the household is to participate, and the higher is its 

exposure to stocks conditional on participation. I compare the explanatory power of experienced 

excess returns and Sharpe ratios to my experiences of volatility indices. Experienced excess 

returns and Sharpe ratios are the best predictors among the experience variables of stock market 

participation: they have a quantitatively larger impact on this risk taking measure than 

experienced volatility has. But experienced volatility is the best predictor of the share of liquid 

assets invested in stocks. When I include all three experience variables simultaneously in a 

regression specification, I find that experienced volatility is the only statistically significant 

predictor of the share of liquid assets invested in stocks, while it is not statistically different from 

zero in the case of stock market participation. In every case, more recent experiences have a 

stronger effect on portfolio choices, particularly for younger household heads, and for the 

experienced volatility variable.  

Taken together, these results are consistent with traditional portfolio choice models 

modified to allow households to form beliefs based, at least in part, on lifetime experiences. The 
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positive correlation documented by Malmendier and Nagel (2011) between experienced excess 

returns and the share of liquid assets invested in stocks could potentially be explained by 

portfolio inertia (Brunnermeier and Nagel, 2008; Calvet, Campbell and Sodini, 2009): if past 

returns are higher and households do not adjust their stock holdings, their exposure to stocks is 

relatively higher than if past returns are lower. However, portfolio inertia cannot explain my 

experienced volatility results: if past volatility is higher and households do not adjust their stock 

holdings, their average exposure to stocks should be approximately the same as if past volatility 

is lower. One alternative hypothesis that avoid explain my results is that experienced volatility 

affects household preferences, rather than beliefs. I am able to test this hypothesis because the 

SCF includes elicited risk aversion, a proxy for risk preferences, for each household in the 

sample measured every three years from 1983 to 2010, except for 1986. I show that my results 

are robust to the inclusion of the elicited risk aversion as a control variable. This suggests that 

experienced volatility affects portfolio choices by influencing beliefs rather that preferences.  

I also investigate whether changes in households’ beliefs due to experienced volatility 

have an impact on asset prices. I use my previous micro-econometric results to construct annual 

time series of the population average experienced volatility, excess returns, and Sharpe ratios. 

Malmendier and Nagel (2011) show that population average experienced excess returns are 

positively correlated with the price-earnings ratio of the aggregate stock market. In this paper, I 

find that experienced volatility is negatively correlated with both the price-earnings ratio and the 

price-dividend ratio. This negative correlation is robust to controlling for experienced excess 

returns and other time series related to the business cycle such as the unemployment rate and the 

short and long term interest rates. In addition, experienced volatility positively forecasts annual 

real excess returns over the next year and over the next three years, and more strongly so in the 

latter case. The negative correlation of population average lifetime experienced volatility with 

valuation ratios and its positive correlation with future excess returns on the aggregate stock 

market suggest an alternative hypothesis for return predictability: extrapolation from experiences, 

particularly experiences of volatility, pushes the price of the aggregate stock market away from 

fundamental value, a deviation that is then slowly corrected over time.  

This paper is related to different strands of the financial economics literature but is 

particularly related to the work of Malmendier and Nagel (2011). They use five decades of SCF 

data to show that household heads that experienced higher stock market returns during their 

lifetimes report a higher willingness to take financial risk, are more likely to participate in the 
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stock market, and invest a higher fraction of their liquid assets in stocks when they do 

participate. They also show that the lifetime experienced real returns of 10-year Treasury bonds 

predict bond market participation. In each case, a flexible weighting function of experienced 

returns indicates that household heads weight recent experiences more heavily than earlier ones. 

Malmendier and Nagel (2011) use their estimated weighting function and the UBS/Gallup 

survey from 1998 to 2007 to show that household heads that experience higher stock market 

returns expect relatively higher returns on both the stock market and their own portfolios. 

Finally, they report that the population average experienced return is positively correlated with 

the price-earnings ratio of the aggregate stock market. Overall, their findings are consistent with 

a portfolio choice model where households form beliefs about future aggregate returns based, at 

least in part, on lifetime experiences of returns.  

My results for experienced volatility provide further evidence for the view that beliefs are 

affected by experiences. In some ways, my experienced volatility results provide even stronger 

evidence than do Malmendier and Nagel (2011)’s results on experienced returns. I find that 

experienced volatility is an even stronger predictor of the share of liquid assets invested in stocks 

by stock market participants, of the valuation of the aggregate stock market, and of future annual 

excess returns than experienced excess returns. Moreover, my results are harder to explain based 

on alternative hypotheses like portfolio inertia or preferences that are affected by experiences. 

A number of studies analyze the link between investors’ behavior and their experiences 

or reported beliefs about the future. Some studies apply the framework of extrapolation of 

beliefs from experiences to analyze retail and professional investors’ portfolio choices. 2  In 

particular, Choi et al. (2009) use a panel of beneficiaries from a large benefits record-keeping 

firm to document that, first, investors who experience higher returns on their 401(k) investments 

increase their 401(k) savings rate more than investors who experience lower returns; and second, 

investors who experience higher volatility in their 401(k) investments reduce their 401(k) savings 

rate more than investors who experience lower volatility.  Another set of papers supports the 

hypothesis of extrapolation from experiences: they find that past experiences correlate positively 

with reported beliefs. Moreover, they show that the reported beliefs correlate with portfolio 

choices, as theory predicts.3 However, these studies do not use many cross-sections of investors 

                                                
2 See, for example, Fagereng, Gottlieb and Guiso (2011), Barber et al. (2011), Glaser and Weber (2009), Hung et al. 
(2009), or Kaustia and Knüpfer (2008) in the case of retail investors; and, in the case of professional investors, see, 
for example, Greenwood and Nagel (2009), Malmendier and Tate (2005, 2009), or Graham and Narasimhan (2004). 
3 See, for example, Dominitz and Manski (2004 and 2005), Vissing-Jorgensen (2003), Hurd, Van Rooij and Winter 
(2009), Amromin and Sharpe (2009), Malmendier and Nagel (2011), Nagel (2012) or Graham and Harvey (2003). 
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over a long time horizon to capture different experiences over time, as Malmendier and Nagel 

(2011) and I do.  

Finally, many papers show that investors’ reported return expectations are positively 

correlated with the price levels of asset markets.4 In particular, Greenwood and Shleifer (2013) 

show that beliefs measured from surveys are positively correlated with the price-dividend ratio of 

the aggregate stock market and negatively forecast excess returns, particularly at longer horizons. 

Malmendier and Nagel (2011) report a result consistent with Greenwood and Shleifer (2013): the 

time series of population average experienced returns is positively correlated with the price-

earnings ratio. In this paper, I show that population average experienced volatility correlates 

negatively with the valuation ratios even after controlling for experienced excess returns and 

business cycle characteristics, and positively forecasts annual excess returns. 

In the next section, I discuss my theoretical framework using a simple portfolio choice 

model and introduce the micro-econometric strategy and household data. In Section 3, I present 

the household portfolio choice results. In Section 4, I analyze the impact of average experienced 

volatility on asset prices. I conclude in Section 5.   

 

2. Micro-econometric Empirical Strategy and Data  

2.1. Theoretical Overview 

 In this section, I propose a simple model of portfolio choice to discuss the role of beliefs 

about the market portfolio, in particular beliefs about its volatility. The household head in my 

model lives for two periods and consumes only in the second period. In the first period, she has 

to decide how to split her initial wealth between the market portfolio and the risk free asset. She 

holds beliefs about the market portfolio’s average return and risk of returns. I discuss three 

different theories of how the household head may form her beliefs: rational expectations, 

Bayesian learning and learning from experiences. 

A household � in year � with financial wealth ��,� chooses her portfolio, ��,�, in order to 
maximize future consumption ��,�	
 knowing the risk free rate ��,�	
 and the normal distribution 
of the market portfolio’s rate of return �,�	
~���,�	
, �,�	
� �. Following Vissing-Jorgensen 
                                                
4 See, for example, Greenwood and Shleifer (2013), Case, Shiller and Thompson (2012), Malmendier and Nagel 
(2011), Bacchetta, Mertens, and Wincoop (2009), Shiller, Fumiko and Tsutsui (1996), Frankel and Froot (1987), or 
Dominguez (1986). 
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(2003), I also include a constant entry cost to the stock market ��,�  to explain the lack of 
participation in the stock market of many households observed in the data. Thus, the 

household’s portfolio choice problem is: 

max��,� 		����,����,�	
�  
Subject to: ��	
 = ��,��,�	
 + �1 − ��,����,�	
 

																									��,�	
 ≤ ��,�&1 + ��	
' − ��,�(���,� > 0  , 
(���,� > 0 = 1 if ��,� > 0 and (���,� > 0 = 0 otherwise. If, for simplicity, I rule out short 
positions, ��,� ≥ 0, an empirically reasonable assumption (Campbell, 2006),  and assume ��,� to 
be a utility function with constant absolute risk aversion equal to ,�,�, I have: 

max��,�-. 					max/��1 − 01�,��2�,�&
	3�45'67�,�� ; 1 − 01�,�2�,��
	39,�45�:. 
Therefore, if I define ,<�,� = ,�,���,� , the relative risk aversion, the household head chooses: 

��,�∗ = 0 if  ��,���,�	
 − ��,�	
� − ��,�� >?�,�@ �,�	
� ≤ 7�,�2�,� 		∀	��,� ≥ 0 
��,�∗ = BC,�45639,�45

>?�,�DC,�45@  if  ��,�∗ ��,�	
 − ��,�	
� − ��,�∗�>?�,�@ �,�	
� > 7�,�2�,�		. 
The first equation is the usual entry condition: the household head participates in the stock 

market if the expected excess return discounted by a risk correction is higher than the entry cost. 

The second equation establishes a standard result in finance (see for example, Merton 1969): the 

more attractive the trade-off between expected excess return and risk, the higher the exposure to 

the risky asset the household chooses. This basic portfolio choice model gives me clear 

predictions about the effect of volatility expectations: the higher the volatility, the less likely the 

household is to participate in the stock market, and the lower the share of its portfolio invested 

in stocks. Higher excess return expectations predict the opposite behaviors.  

I now discuss the information the household has access to in order to form these 

expectations and emphasize that this information is irrelevant under the rational expectations 

paradigm. Assume that the economy begins in a period � . Then, when the household head 
chooses her portfolio, the historical time series of realizations of the market portfolio’s return is 

��̂,� , … , �̂,� . Under the assumption of rational expectations, this time series will not provide 
useful information to the household head because she already knows �,�	
 and �,�	
� . This 
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assumption is adopted in most financial economic theory. Since its origins, the financial 

economics literature has assumed the rational expectations hypothesis, according to which every 

household has the same expectations, which are equal to the expected values of the stochastic 

process which generates the returns (Sharpe, 1964). 

But if I now consider the Bayesian learning paradigm as Sargent (1993) does, I assume 

that household heads calculate their estimates of the parameters of interest using all the historical 

data available, but that every household head performs the same calculations. In the beginning, 

when � is not substantially higher than � , every new observation will impact significantly the 
household heads’ estimates. But, as in the case of rational expectations, this framework does not 

explain why different households differ in their calculations. Moreover, in the long run, when � is 
sufficiently higher than �, no new observation makes a significant difference to the estimated 
parameters of the distribution because the Law of Large Numbers dictates that the agents have 

already learned the true parameters of the distribution. Both of these paradigms therefore need 

to appeal to cross-sectional differences of other model parameters, such as relative risk aversion 

or participation costs, to explain cross-sectional differences in stock market participation and the 

share of liquid assets invested in stocks. 

On the other hand, if different households have different experiences, they probably 

differ in their estimates of the market portfolio’s return and in how they react to each new piece 

of information.  Experiences may influence beliefs because of availability bias, formulated by 

Tversky and Kahneman (1973), which points that people tend to rely more heavily on the 

information that is readily available when they make judgments. Other researchers show that 

personal experiences, particularly recent ones, exert a greater influence on decisions and 

assessments than statistical summary information learned from books or education (Nisbett and 

Ross, 1980; Weber et al, 1993; Hertwig et al. 2004). Specifically, Kareev and Horwitz-Zeliger 

(2002) show that people misperceive variability because they use sample variability, uncorrected 

for sample size, as representative of sample variance. For example, if a household � experienced 
��̂,�G, … , �̂,�6
  with �. > �  and a household �′  experiences ��̂,�GI , … , �̂,�6
  with �.J > �. , 
households �  and �′  would have different estimates of �,�� :  �K,�,�� ���̂,�G, … , �̂,�6
 � ≠
�K,�,�J� ���̂,�GI ,… , �̂,�6
 �. If returns were highly volatile in the period from �.  to �.J − 1, it 
would probably be true that �K,�,�� ���̂,�G, … , �̂,�6
 � > �K,�,�J� ���̂,�GI , … , �̂,�6
 � .  

Furthermore, the effect of �̂,� on their estimates of  �,�	
�  would also differ: �̂,�would have a 
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stronger effect on �K,�	
,�J� ���̂,�GI , … , �̂,� �  than on �K,�	
,�� ���̂,�G , … , �̂,� �  because 
households with fewer experiences would be using a smaller sample to calculate their 

expectations. This theoretical approach offers some predictions about the cross-sectional 

variation which I will study in the data: different experiences determine different beliefs in the 

cross-section of households, and beliefs change with new experiences. 

2.2. Data and Micro-Econometric Empirical Strategy 

2.2.1. Data Sources 

The Board of Governors of the Federal Reserve System publishes the Survey of 

Consumer Finances (SCF) every three years from 1983 to 2010. The SCF over-samples high 

income households who tend to hold more diverse financial assets than households with average 

income. In order to control for this bias, and as well as for non-response bias, the SCF uses 

weights to make the sample representative of the whole population. I normalize the sample 

weights so that the sum of the weights in each year is the same. For the two previous decades, 

the 1960s and 1970s, I use the predecessor of the SCF which I obtained from the Inter-

university Consortium for Political and Social Research at the University of Michigan; it covers 

the years 1964, 1967, 1968, 1969, 1970, 1971 and 1977. I discard previous years because the 

sample-unit is not the “family-unit”, as in the more recent data, but the “spending-unit”. Thus, 

the household data covers five decades. In my main empirical exercise, I will work with a 

reduced sample, as is standard practice with the SCF data: I include in my sample households 

whose heads are older than 24 and younger than 75; whose liquid assets are more than $100; and 

whose real income is more than $1,000 (both in 2007 dollars). This sample selection is similar to 

that of Malmendier and Nagel (2011).  

The analysis of lifetime experiences requires monthly returns all the way back to birth for 

every household in the SCF dataset – back to 1886 in the case of my main sample. I use the S&P 

500 stock market index from Shiller (2005) to measure market portfolio returns, and the total 

return index of Treasury Bills from Global Financial Data to measure excess return. All the 

indices are deflated into November 2011 dollars using the Consumer Price Index from Shiller 

(2005). 

2.2.2. Portfolio Choice Variables 

The first portfolio choice variable in the household data is stock market participation, 

which indicates whether a household in the sample holds more than zero dollars of stocks; in the 
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model, it is (���,�∗ > 0 . I include as stock holdings: directly held stocks, even stocks held 
through investment clubs; the equity portion of mutual fund holdings; and stocks held in 

retirement accounts. Prior to 1989, I do not have enough information to identify the stock 

portion of mutual fund holdings. Since money-market mutual fund and tax-free mutual fund 

holdings are reported separately in 1983 and 1986, I consider the other mutual fund holdings to 

be equity. The old SCF data does not separate mutual fund holdings, but I consider them as 

equity because other types of mutual funds were not popular before the 1980s. In order to 

measure the equity portion of retirement accounts, I follow the information and procedures 

published by the Board of Governors of the Federal Reserve System for the years from 1989 to 

2010 and the median stock portion of 1989 (50%) to calculate the stock portion of 1986 and 

1983 waves. The old SCF data does not separate out retirement accounts. I do not consider 

retirement accounts before 1983 because these accounts were not as common as they are later in 

the sample, and some types, like individual retirement accounts (IRA) and 401(k) defined 

contribution plans, did not even exist. Thus, I have a binary variable Ρ�� 	 ∈ O0,1P that takes the 
value Ρ�� = 1  if the household �  in year �  holds more than zero dollars of stocks. Its 
unconditional sample probabilities are Q�&Ρ�� = 0' = 58.81%, which is the share of households 
in the sample that do not participate in the stock market, and Q�&Ρ�� = 1	' = 41.19%, the 
percentage of stock holder households in the sample, as seen in Panel A of Table 1. The table 

shows the sizable cross-sectional variation and its evolution over past decades. Participation in 

the stock market has increased steadily during the last five decades. Every decade, the share of 

stock market participants grows by approximately 10% of the population.  

The second portfolio choice variable is the share of liquid assets invested in stocks, 

measured as the ratio of the stock holdings over the liquid assets for those households that 

participate in the stock market; in my model, ��,�∗  for those households with (���,�∗ > 0 = 1. As 
before, stock holdings include directly held stocks, the equity portion of mutual fund holdings, 

and stocks held in retirement accounts. Liquid assets are the sum of stock holdings, bond 

holdings and short-term instruments. Bond holdings are composed of: government bonds, 

corporate bonds, tax-free mutual fund holdings, and the bond share of non-money market 

mutual funds, which can be measured only for the more recent SCF data from 1983 to 2010 for 

the reasons discussed above. Short-term instruments are: cash, money in checking and savings 

accounts, money market mutual funds, and certificates of deposits. For those households for 

which Ρ�� = 1 and for all the years except for 1971, when I cannot measure separately stock and 
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bond holdings, I construct a variable Α�� which is the share of liquid assets invested in stocks by 
household � in year �. Its unconditional sample mean, �&Α��|Ρ�� = 1', is 57.49%, as is shown in 
Panel B of Table 1. As in the case of stock market participation, cross-sectional variation is 

evident. It is clear that stock market participants have higher incomes and hold larger liquid 

assets than the general population. It is also evident that the average share of liquid assets 

invested in stocks decreases over the first three decades, only to rebound towards the maximums 

seen in the 1990s and the 2000s. 

2.2.3 Experience Variables and Main Empirical Models 

I now introduce the independent variables. I am most interested in households’ lifetime 

experiences. This index is similar to that developed by Malmendier and Nagel (2011).5 I will use 

the annual time series Z� to calculate the lifetime experience index,  [��, of household � in year �: 
[��&\' = ∑ �̂�&_, \'Z�6`abc��6
`d
   with �̂�&_, \' = &abc��6`'e

∑ &abc��6`'efgh��i5jk5
		,           &1' 

where \ is a parameter that determines the weights for each realization of  Z� from the first year 
of life until � − 1 . 6  [��&\'  is not necessarily an equally weighted average of Z� 	during the 
household lifetime. The parameter \ plays two roles. First, within each household, \ determines 
the comparative weight of recent and previous experiences. Figure 1 shows that, in the case of 

50-year-old household head, if \ is zero, every year in the lifetime is equally weighted in the 
index. When \ is positive, more recent experiences are weighted more heavily. The higher the 
parameter \, the higher the weighting of recent experiences. The second role \ plays is between 
subjects, as shown in Figure 2. If I compare the case of a 25-year-old household head to that of a 

50-year-old, I observe that last year’s experience has a stronger marginal effect for the younger 

individual; the construction of the index imposes this.  The effect is stronger when the parameter 

\ is higher. Thus, when	\ is higher, the cross-sectional difference of a new piece of information 
on the experience variables is higher, as the brackets in Figure 2 show. 

In this paper, I focus on experienced volatility with Z�  equal to a measure of the 
dispersion of monthly returns during year � . The first time series I consider is the standard 
deviation of the monthly real returns of the S&P 500 index in year � , Zl� = 
                                                
5 In results not reported here, I also consider a decomposition of lifetime experiences into three equally weighted 
averages, one for each third of the lifespan, instead of using only one experience index, and show that my results are 
robust. 
6 In results not reported here, I consider 5 and 10 years before and after birth as the starting point of the realizations 

of Z�  in the experience index and find consistent results. 
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m 


� ∑ �n�,o − np���
�od
  where np� = 



� ∑ n�,o
�od
  where n�,o  is the monthly real return of the S&P 
500 index in month q of year � . With only twelve observations, the standard deviation may 
overweight outliers. I therefore also use a second measure of volatility, the range between the 

80th percentile and 20th percentile of the monthly real returns of the S&P 500 index in year �, 
nr� = n�,o,s.�t − n�,o,�.�t 	where Q��n�,o ≤ n�,o,u�t� = v%.7 Even this measure of volatility is 
sensitive to small sample size. Hence, I also consider a five year moving average of both previous 

time series: Zl�w = m 

x. ∑ ∑ �ny,o − np�w��
�od
�yd�6z  with np�w = 


x. ∑ ∑ ny,o
�od
�yd�6z ; and 

nr�w = n�,o,s.�tw − n�,o,�.�tw  where Q��n�6`,o	∀`d.,..,z ≤ n�,o,u�tw � = v%.  
Since portfolio choice theory suggests that volatility is not the only parameter whose 

expectations could be affected by lifetime experience, and since Malmendier and Nagel (2011) 

show that experienced returns affect households’ risk taking, I also consider the time series of 

excess returns. �[pppp� = np� − n{pppp�  is the average monthly excess return in year � , where np� =



� ∑ n�,o
�od
 , and n�,o  is the monthly real return of the S&P 500 index in month q of year � and 
n{pppp� = 



� ∑ n{�,o
�od
  where n{�,o  is the monthly real return of Treasury Bills in month q of year �. 
I consider the trade-off between returns and volatility using the time series of Sharpe ratios: 

Zn� = |}pppp�~�� . I also calculate the five year moving averages of the two measures, where np�w =


x. ∑ ∑ ny,o
�od
�yd�6z  replaces np�  and n{pppp�w = 


x. ∑ ∑ n{y,o
�od
�yd�6z , n{pppp� . Figure 3 presents the 
time series of  Zl�w and �npppp�w = np�w − n{pppp�w. 

I propose a probit model for the stock market participation variable and, for the sample 

of households that participate in the stock market, a non-linear model for the share of liquid 

assets invested in stocks.8 Thus, I have: 

Q��Ρ�� = 1|v��, [��&\�}'� = ����}[��&\�}' + , J�}v���			 and 
Α�� = ��}[��&\�}' + , J�}v�� + ���,�} , 

                                                
7 In results not reported here, I select this particular range within other ranges using standard model selection 
criteria. All the results are robust to the use of similar ranges such as the interquartile range. 
8 In results not reported here, I consider also a logit model as an alternative discrete choice model and a tobit model 
to correct for the censored dependent variable in the case of the share of liquid assets invested in stocks and find 
consistent results. 
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where [�� is the lifetime experience index in equation (1) using each of the time series I discussed 
before, and v�� are the cross-sectional controls that I discuss in the next subsection. I consider 
linear combinations of two or three different experience variables with a common \ as well: 
instead of only �}[��&\}', I also consider specifications that use �}[��&\}�' + �����&\}�' and 
�}[��&\}��' + �����&\}��' + �����&\}��'.9 

I identify the relation between lifetime experiences and portfolio choices within each 

model and analyze whether the results of the different models are consistent with the portfolio 

choice model described above. The identification of the effect of [�� in each model is due to 
cross-sectional differences in each portfolio choice variable and in [�� , and from changes in 
those cross-sectional differences over time as new experiences are incorporated. The point 

estimates of \ should be similar across models because households are learning from experience 
about the same variable. The point estimates of �} in the different models, after controlling for 
the variables in v��, should have signs consistent with the portfolio choice theory: significantly 
negative for experienced volatility, and positive for experienced excess returns and Sharpe ratios.  

In order to double check my hypothesis’s explanatory power, I test for model selection 

using the Akaike Information Criterion (AIC) between the described models including each of 

the possible [��  and a model that does not include the experience variables but includes the 
remaining cross-sectional controls, v�� . I consider the more stringent Bayesian Information 
Criterion (BIC) as well because it is more sensitive to over-fitting.  The AIC and BIC shed light 

on the importance of experienced volatility relative to experienced excess returns. As I noted 

above, I include two or three of the experience variables to answer this same question, but it is 

worth bearing in mind the limitations of the data. The experience indices vary only by cohort and 

within cohorts over time and not across all households. Therefore, there may not be enough 

cross-sectional variation to accurately estimate the marginal effect of a combination of two or 

three experience variables and their common \ parameter in the same model.  
Finally, the estimates of [��&\}' provide an empirical distribution of experiences that I 

use to measure the economic impact of experiences on my portfolio choice variables. Using the 

point estimate of �} , I calculate the change in average stock market participation or share of 
liquid assets invested in stocks if [��&\}' is one or two standard deviations larger.  The relative 
                                                
9 I do not consider a particular \ for each experience variable, as in �}[��&\}' + �����&\�', because the likelihood 
function is too flat to estimate them. Malmendier and Nagel (2011) report a similar problem in estimating the 

starting point of return experiences, which they pick to be the first year of life as I do, and \ simultaneously. 
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size of these changes offers another way to compare the explanatory power of each experience 

index. 

2.2.4 Control Variables and Confounds 

I use many cross-sectional variables as controls. The controls v�� in each model include: 
time and age effects; household income and liquid assets; demographic characteristics of the 

household head such as gender, education, race, marital status, occupational status and number 

of children; retirement assets and benefits controls. I restrict the sample to the SCF data from 

1983 to 2010 (except for 1986) so that I can also include the binary variables that identify each of 

the categories in the elicited risk aversion variable. 

The variables in v�� include both time effects that control for aggregate factors and age 
effects that control for life cycle factors. First, time fixed effects capture the effects of the two 

competing expectation formation hypotheses. They capture all the information available in the 

case of rational expectations, and the historical data and the incorporation of new information in 

the case of Bayesian learning models. Second, the average investor risk tolerance, identified by 

,<�,� in my simple model, may be time-varying for reasons other than the experience effect (as in 
Gordon and St-Amour, 2000). Life cycle changes in risk aversion also cause similar identification 

problems, which the age effects address (e.g. Poterba and Samwick, 2001). Since the experience 

indices developed by Malmendier and Nagel (2011) do not only vary across cohorts but also 

within cohorts over time, I am able to control for both time and age effects without having the 

problem of collinearity that a regression with cohort effects would have (Heckman and Robb, 

1985).  

The logarithm of real liquid assets and its square interacted with time effects are also 

important control variables because financial wealth has been shown to predict both of my 

portfolio choice variables (Calvet, Campbell and Sodini, 2007 and 2009a). In my model, higher 

wealth allows the household to pay the stock market entry cost, ��,� . I interact these wealth 
measures with time effects because the entry cost may decrease over the sample period because 

of technological developments. For example, the internet allows investors to gather information 

more easily, while the rise of mutual funds and retirement accounts, such as individual retirement 

accounts (IRA) and 401(k) defined contribution plans, makes stock market participation more 

feasible for households. Moreover, the household finance literature documents that relative risk 

aversion, ,<�,� , is a negative function of wealth (Calvet and Sodini, 2011). The higher the 
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household’s wealth, the higher its risk tolerance; its participation in the stock market increases as 

does its exposure to stocks increases when it participates. 

I use income and education as controls for financial sophistication. Calvet, Campbell, and 

Sodini (2007) use Swedish government records from 1999 to 2002 to show that proxies for 

financial sophistication, such as income and education, predict higher levels of participation, 

higher volatility in risky portfolios, and higher Sharpe ratios. Their hypothesis for non-

participation is that less sophisticated households anticipate their poor performance and avoid 

the stock market; in other words, these households have a higher entry cost in my model due to 

a lack of information processing capacity. These same capacities allow more sophisticated 

households to bear greater risks when they participate, either because they are more risk tolerant 

or because they are better at choosing their portfolios. Following this evidence, I control for the 

logarithm of a household’s real income, its square and two dummy variables for education, one 

for a completed high school education and another for a completed college education. 

Many other demographic characteristics may correlate with households’ risk taking. 

Bigger households may dislike risk (Love, 2010), i.e. may have a higher ,<�,� in my simple model, 
due to future liquidity needs for unexpected expenditures. Thus, I include in my empirical 

models the number of children and its square. I also include a dummy variable to identify 

married household heads due to the possibility of more complex decision making. The 

psychology literature shows that men tend to be more overconfident than women; they may 

therefore display lower risk aversion or be more optimistic about the future. Since several papers 

in the household finance literature document that this gender difference predicts differences in 

risk taking (e.g. Odean and Barber, 2001), I add to the regressors a dummy variable that 

identifies male household heads. Finally, the last demographic characteristic that I include is a set 

of dummy variables to identify the race of the household head. 

It is possible that households behave differently when investing in retirement accounts or 

when they are retired because of tax advantages, employer contributions, or different investment 

horizons. I control for assets in retirement accounts and future benefits which may bias the 

households’ financial decisions: a dummy that identifies households that have retirement assets 

or benefits; and the percentage of liquid assets invested in IRAs, Keoghs, thrift-type accounts, 

and future and current account-type pensions. These are cross-sectional controls. As noted 

above, time effects capture the effect of the introduction of these investment vehicles on the 
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average household.10 Finally, a binary variable controls for households whose head is retired 

because their financial decisions may be different from active households.  

Background risk influences the portfolio choices of households (e.g. Calvet and Sodini, 

2011) in ways that my simple model does not capture. Households may avoid the stock market 

because other assets they hold are positively correlated with it, or they may invest more in the 

stock market if these assets do not correlate with it to gain from diversification. I include a 

dummy variable to identify self-employed household heads because the presence of private 

business wealth decreases risk taking (Heaton and Lucas, 2000).11  

In the next section, I show that experienced volatility impacts portfolio choice. A natural 

question is whether experienced volatility impact behavior by affecting beliefs or preferences. I 

implement an empirical test of the preferences channel.  The SCF data contain a variable that 

captures the risk preferences of households: the elicited risk tolerance. It is available only from 

1983 to 2010 (except for the year 1986). All the households in the SCF select which of the 

following statements comes closest to describing the amount of financial risk that they are 

willing to take when they save or make investments: (1) not willing to take any financial risk; (2) 

take average financial risks expecting to earn average returns; (3) take above average financial 

risks expecting to earn above average returns; (4) take substantial financial risks expecting to earn 

substantial returns. I restrict my sample to the time periods in which this variable is available and 

show that neither the sample restriction nor the inclusion of a set of dummy variables identifying 

each of the four groups of elicited risk tolerance changes my main results. 

2.2.5 Estimation 

 The estimation of the results follows the empirical strategy described above. The point 

estimate ���}  of the parameter vector ��} = /��} , \�} , ,J�}:  	 is estimated by Maximum 
Likelihood (ML): 

max���� ��}����}� = 5� ∑ � (OΡ�� = 1P log/�����}[���\��}� + ,K�}J v���	: +&1 − (OΡ�� = 1P' log/1	 − �����}[���\��}� + ,K�}J v���	:���     &2', 

                                                
10 In results not reported here, I calculate the same portfolio choice variables excluding retirement assets and show 
that my results are robust to this new definition of portfolio choices. 
11 In results not reported here, I reduce my sample to the SCF from 1989 to 2010 to include as repressors the 
logarithm of real total assets and its square interacted with time effects and test if their inclusion biases my estimates. 
I do the same for real total debts as well. In every case, I confirm my main results. 
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where �  is the number of households in the whole sample. The point estimate ���}  of the 
parameter vector ��} = ���} , \�} , ,K�}J � in the other model is estimated by Non Linear Least 
Squares (NLLS):  

min���� ��}����}� = 5�@ ∑ �Α�� − ���}[���\��}� − ,K�}J v������|���d
 	    &3', 
where �� is the number of households such that Ρ�� = 1. In both cases, [���\��}� and [���\��}� 
provide an empirical distribution of experiences. As previously stated, I use these distributions to 

compute the economic impact of changes in experiences on average portfolio choices. 

Moreover, I compare these distributions across the different models as well.  

Finally, I calculate robust standard errors and correct the estimations for multiple 

imputations in the recent years of SCF. Standard errors of the point estimates are calculated 

using a robust “sandwich” asymptotic covariance matrix estimator (Hansen, 2012).12 The SCF 

since 1989 employs a multiple imputation technique to impute missing values from other 

information in the survey and to disguise observations that could potentially reveal the identity 

of the respondent (Kennickell, 1998). Thus, I correct the point estimates, their asymptotic 

variance-covariance matrices for multiple imputations following Rubin (1987). In the case of the 

model selection criteria, AIC and BIC, I will select the model that includes one or many 

experience variables over the model without them, only if the criterion selects it for each of the 

imputations. 

 

3. Household Portfolio Choice Results 

 In this section, I present the results of the empirical strategy described in the previous 

section. Table 2 presents my main results. It reports statistically significant and economically 

important negative correlations of the various measures of experienced volatility with the two 

portfolio choice variables.  

 Panel A presents the results for stock market participation. In column (1), the estimated 

slope of the experienced volatility index, calculated using the annual time series of monthly 

standard deviation of the real returns on the S&P 500, ���}  in equation (2), is -35.99 and 
statistically significant at the 1% level. The weighting parameter, \��} , is 4.02 and similarly 
                                                
12 In results not reported here, I show that if I clustered the standard errors by cohort and/or year, I would not 
change substantially my standard errors. 
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significant. The fact that this parameter is positive means that recent experiences are more 

heavily weighted than older ones. The parameters imply that the average experienced monthly 

volatility is 3.11% with a standard deviation of 0.33%. If I assume that stock market participation 

is initially the population average of Ρ�� in Table 1, 41.19%, a change of [���\��}� equal to its 
standard deviation, 0.33%, implies a reduction of average stock market participation by 4.52%.  

This reduction is more than 10% of the population average of Ρ��. The reduction is twice as 
much if the change in experiences or beliefs, under my hypothesis, is equal to two standard 

deviations. The AIC selects the model that includes [���\��}� over the model without it but the 
more stringent BIC does not.  

When I use the range between the 80th percentile and 20th percentile of the monthly real 

returns of the S&P 500 to construct [�� as in the column (2), the quantitative results are similar 
and slightly stronger than those in column (1). But now the BIC selects the model with [���\��}� 
over the model without it. This result suggests that the experienced standard deviation is a 

noisier measure of experienced volatility. Columns (3) and (4) confirm this hypothesis for the 

same monthly volatility measures computed with a five year moving average instead of an annual 

sample. The economic effects are stronger than in the previous two columns and both model 

selection criteria select the model with experienced volatility indices in both columns. The main 

difference in the case of the five year moving average indices is the higher estimated value of 

\��} . The two roles of the index weighting parameter may explain this difference. First, within 
each household, the five year moving average indices include information before the birth of the 

household head for the first four years of the household head’s volatility experiences that may be 

underweighted with the higher \��} . Second, the fact that the time series now incorporates less 
new information each year means that a higher \��} is needed to explain the same cross-sectional 
variation in stock market participation. 

 Panel B of Table 2 presents the results for the case of the share of liquid assets invested 

in stocks by stock market participants as in the model in equation (3). The estimated slope ���} is 
significantly negative and the weighting parameter, \��} , is significantly positive for every 
measure of experienced volatility, as in Panel A. These results imply fairly similar empirical 

distributions of the corresponding different experience volatility indices. The economic effects 

present similar numerical values but they are economically more important because they 

represent a higher impact on the overall demand for stocks of the average household. As shown 
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in Table 1, the average liquid assets of the stockholder households are more than twice the 

average liquid assets for the entire sample. Thus, the impact of a change in the share of liquid 

assets invested in stocks on the overall household sector demand for stocks is twice as large as 

the impact of the same change in stock market participation.13 Both model selection criteria 

selects the model with experienced volatility over the model without it for every measure of 

experienced volatility. 

 In summary, households that experience higher stock market volatility during their 

lifetimes participate less in the stock market and invest a higher share of their liquid assets in 

stocks when they participate. These results are consistent with my hypothesis that experience 

affects behavior. They are consistent with other results in the literature as well, as I discuss in the 

Introduction. Reported beliefs about future volatility correlate negatively with my portfolio 

choice variables (Hurd, Van Rooij and Winter, 2009; Guiso and Sodini, 2012; Amromin and 

Sharpe, 2009). Choi et al. (2009) document that 401(k) savings rate are higher for investors who 

experience relatively lower volatility in their 401(k) portfolio and that this variance avoidance 

behavior diminishes with the age of the investor. However, both results are derived from short 

time samples, never longer than five years. I contribute to these results by showing that 

extrapolation from lifetime experiences of volatility can explain, at least in part, the cross-

sectional variation in beliefs using five decades of household behavior.  

 Experiences of returns can also influence portfolio choices (Malmendier and Nagel, 

2011): I report results consistent with this in Table 3. Panel A of Table 3 presents the results for 

stock market participation and the experienced real excess returns and Sharpe ratios. Panel B 

presents results for the share of liquid assets invested in stocks by stock market participants. The 

positive and statistically significant slopes and weighting parameters are consistent with my 

theoretical framework and previous findings, but their quantitative implications are different 

from the case of experienced volatility. The experienced real excess returns have a stronger 

economic impact on stock market participation than experienced volatility and a smaller impact 

on participants’ exposure to stocks. The model selection criteria confirm the difference: AIC 

selects the model with experienced excess returns in both panels but the more stringent BIC 

selects the model with experienced excess returns over the model without it only in the case of 

participation, in Table 3. These results are the opposite of what is observed for experienced 

                                                
13 The fact that the positive correlation of financial wealth with stock market participation is stronger than the 
positive correlation of financial wealth with the share of liquid assets invested in stocks exacerbates this difference. 
A shock to participation increases participation within less wealthy households more. This asymmetry reduces its 
relative impact on the household sector demand for stocks. 
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standard deviation in column (1) of Table 2. In column (3) of Table 3, the five year moving 

average time series of monthly average excess returns confirm the previous results with slightly 

stronger economic effects and a higher weighting parameter, as in the case of experienced 

volatility indices. The results for the experienced Sharpe ratios in columns (2) and (4) are very 

similar to those in columns (1) and (3), respectively. The addition of the tradeoff with standard 

deviation increases the economic effect of the experienced Sharpe ratios respect to the 

experienced excess returns.  

The weighting parameters for the index of the experienced Sharpe ratios, \��} or \��} , lie 
between the weighting parameters for experienced volatility and the weighting parameters for 

experienced excess returns. In each case, the weighting parameters for experienced volatility in 

Table 2 are the highest of the various weighting parameters. This indicates that recent 

experiences of volatility have a stronger impact on portfolio choice than recent experiences of 

excess returns or Sharpe ratios.  In the case of the experienced Sharpe ratios, \��} and \��}  are 
similar in each of the two panels: they are approximately 2 in columns (2) of Table 3 and around 

3 in columns (4). Thus, a weighting parameter, \, equal to 2 is the most empirically reasonable 
guess in the case of the experience indices calculated with the annual time series when we focus 

on the tradeoff between excess returns and volatility. Figure 2 presents the weighting function 

for \ = 2 and \ = 0 in the case of 25-year-old and a 50-year-old household head. For both ages, 
the previous year’s experience is weighted three times more in the case of \ = 2 than in the case 
of \ = 0  – if \ = 0 , the index weights equally each experience during the lifetime of the 
household. When \ = 2 for a 50-year-old household head, 50% of the index is explained by the 
experiences of the previous 10 years and the other 50% by the earlier 39 years of lifetime. On the 

other hand, when \ = 2 for a 25-year-old household head, 50% of the index is explained by the 
experiences of the past 5 years and the other 50% by the earlier 19 years of lifetime.  

Malmendier and Nagel (2011) document a positive correlation between experienced 

returns and stock market participation and the share of liquid assets invested in stocks by stock 

market participants, a relationship that I confirm. I use experienced average monthly real excess 

returns instead of annual real returns. Excess returns are closer to what the portfolio choice 

model suggests, but, given the high correlation between inflation and the Treasury bill rate, it is 

not surprising that my point estimates are close to those in their paper.14 The economically 

                                                
14 The corresponding weighting parameters, \, in their paper are 1.325 [0.209] and 1.166 [0.299] and the slopes, �, 
10.627 [1.403] and 1.668 [0.395].  The slopes are close to mine in columns (1) of Table 3 divided by twelve because I 
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stronger impact of experienced Sharpe ratios that I report in Table 3 are consistent with 

Malmendier and Nagel (2011) as well but indicate that experienced volatility also explains 

household portfolio choice, as my theory predicts. 

In contrast to my results, Malmendier and Nagel (2011) do not find a statistically 

significant correlation between experienced volatility and the two portfolio choice variables. 

There are two reasons for this. First, they do not include experienced volatility in a regression by 

itself. Second, they do not estimate a separate weighting parameter for it, as I do. Instead, they 

regress the portfolio choice variables on their measure of experienced volatility along with the 

experienced real returns with the weighting parameters \��} and \��} fixed at the values estimated 
in a specification that includes only experienced real returns. By contrast, as is plausible, I allow 

the parameters \��}  and \��} to differ across the different regressions. This leads to very different 
results: I find statistically significant evidence that American household heads that experienced 

higher stock market volatility during their lifetimes are less likely to participate in the stock 

market and invest a lower fraction of their liquid assets in stocks when they do participate. 

Moreover, I show that experienced volatility has a larger economic impact on stock market 

participants’ exposure to stocks than any other experience variable. In every case, the weighting 

parameters for the experienced volatility indices are higher than the corresponding ones for the 

experienced excess returns indices. Since Malmendier and Nagel (2011) constrained these 

parameters to be equal, this likely explains the lack of correlation of portfolio choice and 

experienced volatility in their results.  

 In Table 4, I combine my volatility experience indices with the experienced excess 

returns and Sharpe ratios in the same model to present more evidence that supports my previous 

results. In Panel A, I include as independent variables the indices from the first two columns of 

Tables 2 and 3 with a common weighting parameter \��} . Column (1) combines experienced 
standard deviation and excess returns; column (2) adds experienced Sharpe ratios; column (3) 

and (4) are the same as (1) and (2), but experienced volatility is calculated using the range 

between the 80th percentile and 20th percentile of monthly real returns of the S&P 500. In 

columns (1) and (3) of Panel A, experienced excess returns have a similar coefficient ���}  to 
those in Table 3. When I add the experienced Sharpe ratios, the slope of both experienced excess 

returns and Sharpe ratios from columns (2) and (4) of Panel A are positive but smaller than in 

                                                                                                                                                  

am using monthly instead of annual experienced rates. My samples are not exactly the same: they include the years 
1960, 1962 and 1963 in their analysis and I included the year 2010. 
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Table 3 and statistically insignificant. The slope for the experienced volatility index is statistically 

indistinguishable from zero in every case. In contrast, Panel B presents the opposite result: 

experienced volatility is negative and statistically significant in every column with similar slopes, 

���} , to the ones in Table 2. As in the case of the models with only one experience index, 
experienced volatility index does a better job predicting the share of liquid assets invested in 

stocks by stock market participants, while experienced excess returns and Sharpe ratios better 

predict stock market participation. As in the case of the Sharpe ratios in column (2) of Table 3, 

the weighting parameters \��}  and \��}  in both panels are similar across the different 
combinations of experience indices and approximately equal to 2 as well. In every case, both 

model selection criteria select the model with the experience indices. 

 Panels C and D in Table 4 repeat the previous exercise using five year moving average 

time series to calculate the experience indices. In this case, the main difference is that the 

experienced Sharpe ratios prevail over experienced excess returns; they have the only statistically 

significant and positive slope, ���} , in columns (2) and (4) of Panel C. But the index for 
experienced excess returns has a negative and slightly statistically significant slope, which is 

inconsistent with my model’s predictions. This compensates for the economically too large slope 

of the experienced Sharpe ratio index. Co-linearity between these two experience indices may 

explain this result and the insignificant slopes in the analogous models in columns (2) and (4) of 

Panel A. In Panel D, the experienced Sharpe ratio index appears with a negative slope, ���} , but 
is not statistically significant. In any case, experienced volatility does not have a slope that is 

statistically different to zero (���}) in any of the four columns in Panel C. On the other hand, 
���} for experienced volatility are negative and statistically significant in the model with the share 
of liquid assets invested in stocks for stock market participants in Panel D. Once again, as in the 

case of the experienced Sharpe ratios in column (4) of Table 3, both panels’ weighting 

parameters, \��} and \��} , are similar across the different combinations of experience indices and 
approximately equal to 3.   

 The combination of many indices in Table 4 confirms the conclusions from the 

comparison of Tables 2 and 3. Lifetime experienced excess returns and Sharpe ratios are the best 

experience variables for explaining stock market participation, but experienced volatility is the 

best one for explaining the share of liquid assets invested in stocks by stock market participants. 

Malmendier and Nagel (2011) show that lifetime experienced real returns positively predict this 

last variable. However, I find that the index of experienced volatility correlates even more 
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strongly with the share of liquid assets invested in stocks than the other experience variables. 

This is an important result because it is hard to find any household characteristic that correlates 

significantly with the exposure to stocks of American households who invest in the stock 

market.  

 Experienced volatility could affect investors’ beliefs about future volatility or their 

preferences. To distinguish between these two channels, I test if my results are robust to the 

inclusion of stated risk preferences. The SCF data from 1983 to 2010 (except for 1986) include 

an elicited risk aversion variable.  Guiso and Sodini (2012) argue that, among the different ways 

in which the literature measures risk preferences, the best predictors of risk taking behavior are 

qualitative measures of risk aversion like the elicited risk aversion that I use here. The SCF asks 

all the households to select which of the following statements comes closest to describing the 

amount of financial risk that they are willing to take when they save or make investments: (1) not 

willing to take any financial risk (the excluded category in my regressions); (2) take average 

financial risks expecting to earn average returns; (3) take above average financial risks expecting 

to earn above average returns; (4) take substantial financial risks expecting to earn substantial 

returns. The higher this index, the lower the elicited risk aversion. 

 My main results are robust to both the restriction of the time span of the sample and the 

inclusion of elicited risk aversion as an explanatory variable. In Panel A of Table 5, I observe that 

the restriction of the sample does not affect my main results for stock market participation:  ���}  
has the expected sign in every case, negative for experienced volatility in columns (1) and (3) and 

positive for experienced excess returns in columns (2) and (4); also,	\̂Ρ[ 	is significantly positive 
in every case and is larger in the case of the five year moving average time series in the last two 

columns. Once I add a set of dummy variables to identify each of the elicited risk aversion 

categories, the point estimates of  ���} and \��} in Panel B are essentially unaffected. The higher 
the category, the higher the positive slopes on each of the binary variables, indicating that stock 

market participation is higher when the elicited risk aversion is lower, but the results are not 

strongly significant. The slope for the second category is statistically indistinguishable from zero 

and the remaining two are statistically significant only at the 10% level. In Panel A of Table 6, 

the results for the share of liquid assets invested in stocks by stock market participants are also 

robust to sample reduction. In Panel B, ���}  and \��} are not affected once I include the binary 
variables, as in the case of stock market participation. But, in this case, the estimated slopes on 

these dummies are positive and statistically significant. Moreover, the higher is the elicited risk 



    24 

 

aversion category, the higher the dummies’ slopes. This evidence is strong and consistent with 

previous findings (Sahm, 2007). Lower risk aversion increases exposure to stocks. Regardless of 

this last result, the correlations of portfolio choices with my experience indices are unchanged 

after controlling for elicited risk aversion. 

 My results for experienced volatility and the robustness of my results to controlling for 

elicited risk aversion are further evidence in favor of the view that experiences affects portfolio 

outcomes though beliefs rather than preferences. As noted before, Malemendier and Nagel 

(2011) use micro data on stock return expectations from the UBS/Gallup survey from 1998 to 

2007 and a fixed weighting parameter \ to show that household heads that experienced higher 
stock market returns expect higher returns from both the stock market and their own portfolios. 

This empirical evidence is important in suggesting that experienced returns affect portfolio 

choices through beliefs rather than preferences; after all, past returns could increase risk seeking 

(Thaler and Johnson, 1990) instead of changing beliefs about future returns. The changing 

preferences theory does not provide clear predictions for the correlation between experienced 

volatility and portfolio choices. Thus, my results for experienced volatility further support the 

belief channel. 

 Finally, while portfolio inertia is an important alternative hypothesis  to consider when 

evaluating Malmendier and Nagel (2011)’s results on experienced returns, it cannot explain my 

results on experienced volatility.15 If households experience relatively higher volatility and do not 

adjust their portfolios, this has no clear prediction for the fraction of liquid assets held in stocks: 

past higher returns lead to a higher share of liquid assets invested in stocks and past lower 

returns lead to the opposite. This is not consistent with the strong and negative correlation of 

the share of liquid assets invested in stocks by stock market participants with experienced 

volatility that I document in this section. 

 

 

                                                
15 Malmendier and Nagel (2011) develop an Overlapping Generations model with households that sometimes do 
not adjust their portfolios. They show that the outcome of their model is consistent with a positive correlation of 
experienced returns and the share of liquid assets invested in stocks if they do not control for time effects. After 
controlling for time effects, they find a negative correlation between experienced returns and the share of liquid 
assets invested in stocks. They attribute this result to the new generations that are not subject to portfolio inertia and 
experience the most recent returns. When they experience higher returns they pick a lower share of liquid assets 
than those that are already in the market and suffer portfolio inertia. In results not reported here, I use this same 
model and show that experienced volatility does not correlate with the share of liquid assets invested in stocks after 
controlling for experienced returns and/or time effects. 
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4. Asset Pricing Results 

 In this section, I use the household portfolio choice results to construct an annual time 

series of the population average of lifetime experiences, and show that average experienced 

volatility negatively correlates with valuation ratios of the aggregate stock market and positively 

correlates with future excess returns, particularly at long time horizons. Under my model of 

portfolio choice where households form their beliefs, at least in part, from lifetime experiences, I 

expect the household sector demand for stocks to be higher when the average experienced 

excess returns are higher or the average experienced volatility is lower. If the remaining investors 

in the stock market do not completely undo these changes in the household sector demand for 

stocks, I expect the population average experienced returns and volatility to have an impact on 

asset prices.16 In particular, the level of stock prices relative to fundamentals should correlate 

positively with average experienced returns and negatively with average experienced volatility. 

These “mispricings” should eventually disappear and, therefore, future excess returns should 

correlate negatively with average experienced returns and positively with average experienced 

volatility. I show that this is the case, and that the correlations for average experienced volatility 

are even stronger and more robust than the correlations for the average experienced excess 

returns. 

 In equation (1), I observe that, given the age of the household head ¡¢0�� in year �, I can 
calculate the experience index [��&¡¢0��, \' . In the last section, I showed that \ = 2  is an 
empirically reasonable assumption in the case of the annual time series because it is 

approximately the estimated weighting parameter for the experienced Sharpe ratios for both 

portfolio choice variables in columns (2) of Table 3. It is also approximately equal to the 

weighting parameter when I use many experience variables in combination to explain the 

portfolio choice variables in Panels A and B of Table 4. Then, I consider the following time 

series of population average experiences: 

[� = ∑ ^0&¡¢0��'[��&¡¢0�� , 2'£zabc��d�w  , 

where ^0&¡¢0��' = ¤2��&abc��'∑ ¤2��&¥¦|��'§©̈ª«��k@¬   is the share of the total liquid assets in the SCF sample 

held by households with age ¡¢0��. The total liquid assets for each age of the household head are 

                                                
16  Other participants in the stock market may be governmental institutions, non-profit organizations, financial 
companies, insurance institutions, and foreigners.  
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���&¡¢0��' = ∑ � �̂���|abc��  ∀	25 ≤ ¡¢0�� ≤ 74, where � �̂� are the liquid assets held by each 
household � in each year � in the SCF.  
 Table 7 presents summary statistics for the time series that I use in this section, mainly 

the population average experiences.  The first section in Table 7 shows the summary statistics for 

the time series of population averages of experienced monthly standard deviations, the range 

between the 80th percentile and 20th percentile of the monthly real returns of the S&P 500 index, 

average monthly excess returns, and average Sharpe ratios from 1946 to 2012.17 The second 

section reports summary statistics for the time series of the logarithm of various valuation ratios, 

which relate the price level of the stock market to fundamentals such as earnings or dividend 

payments, taken from monthly data in Shiller (2005). I consider the price-earnings (PE) ratio and 

the price-dividend (PD) ratio. I observe that alternative definitions of the ratios have similar 

summary statistics. At the bottom of the table, I show summary statistics for other variables 

which I use to control for macroeconomic conditions, such as the unemployment rate, the 

average monthly earnings growth rate, the T-bill rate, and the 10 year Treasury Bond rate. The 

earnings data is from Shiller (2005) and the other time series are from the Federal Reserve 

Economic Data. Finally, I use the real annual excess returns time series to evaluate if the 

different time series of population average experiences forecast future real annual excess returns.  

Table 8 shows that the valuation ratios correlate positively with average experienced 

excess returns and negatively with average experienced volatility. I report that the average 

experienced excess returns time series is strongly and positively correlated with the average 

experienced Sharpe ratios time series. As Malmendier and Nagel (2011) show, experienced 

returns are strongly correlated with the PE ratio for every definition. The correlations of the 

average experienced excess returns and Sharpe ratios with the PD ratio are not as strong as in the 

case of the PE ratio. Nevertheless, my main result is that both valuation ratios correlate strongly 

and negatively with both of the experienced volatility time series.  

Under the assumption that the previous results are due to the direct relationship between 

the time series of population average experiences and expectations of the household sector that 

determines its demand for stocks, I expect a positive � and a negative , in the following model: 
®¢¯n� = � + �n� + , �̄ + °±���� + ��  , 

                                                
17 The time series start in 1946 because the first year for which I have information to calculate the experience indices 
is 1872. 
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where ®¢¯n�  is the time series of the logarithm of one of the first two valuation ratios 
presented in Table 7, n² is the time series of experienced excess returns, and �̄ is the time series 
of experienced standard deviation. ±���� is a set of macroeconomic control variables introduced 
in the last part of Table 7.18 Table 9 presents the results of the estimation of this equation for 

each ®¢¯n�. In column (1), the PE ratio is the dependent variable and the model does not 
include control variables (° = 0). I include these control variables in column (2). Columns (3) 
and (4) replicate the same models for the PD ratio. Columns (1) and (3) of Table 9 show that � 
and , are statistically significant and have the expected signs: the point estimate of � is positive, 
indicating that higher experienced excess returns imply higher valuation ratios; and the point 

estimate of , is negative, indicating that higher experienced volatility implies lower valuation 
ratios. The estimates are economically significant as well. A change of one standard deviation in 

any of the experience time series causes approximately half a standard deviation change in each 

of the valuation ratios. I correct the standard errors following Newey and West (1987), using 5 

years of lags. The Bonferroni confidence intervals, calculated as in Campbell and Yogo (2006), 

reject the null of the slopes being equal to zero.19 Once I include the macroeconomic control 

variables in columns (2) and (4), the slope coefficient on experienced excess returns becomes 

indistinguishable from zero, but the point estimate of  , is now higher, in absolute value, and still 
significantly different from zero. It is possible that � is equal to zero due to the correlation of 
experienced excess returns and the business cycle. A booming economy is anticipated by rising 

stock market prices. The evidence that experienced volatility affects asset prices is even stronger 

than for experienced returns: it is robust to macroeconomic controls. 

Malmendier and Nagel (2011) note that their result – the positive correlation between the 

PE ratio and the average experienced real returns – could be subject to an inverse causality 

critique: when stock prices rise, average experienced returns go up, by definition, leading to the 

observed positive correlation. It is more difficult to apply this critique to the negative correlation 

between valuation ratios and average experienced volatility. Nonetheless, I propose a simple test 

to check if there is evidence of mechanical inverse causality. I propose the following Vector 

Autoregressive Model:  

                                                
18 The results are robust to the use of different valuation ratios and experienced volatility time series and to the 
inclusion of current excess returns and volatility time series as control variables.  
19 Statistical significance is a controversial issue in these types of models because the time series are highly persistent. 
I could not reject the presence of unit roots in any of the time series using the Dickey-Fuller test. However, the 
regression is valid because the time series are not cointegrated according to the Engle-Granger test.  
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³®¢¯n�n�̄
�

´ = �′ + µ
 ³®¢¯n�6
n�6

�̄6


´ + µ� ³®¢¯n�6�n�6�
�̄6�

´ + ��J , 
where  ®¢¯n�, n²  and �̄ are the same time series as in the previous model.20 If it is the case 
that the positive correlation between the valuation ratios and experienced excess returns is due to 

mechanical inverse causality, the lags of the valuation ratios will forecast experienced excess 

returns. In Table 10, Panel A shows the PE ratio as ®¢¯n�  and Panel B, the PD ratio. In both 
cases, the only strong rejection to the null hypothesis of non-Granger causality is for the 

valuation ratios with respect to experienced real excess returns. In other words, both time series 

of log valuation ratios strongly forecast the time series of experienced real excess returns. This 

result indicates the mechanical inverse causality, suggested by Malmendier and Nagel (2011). In 

the case of experienced volatility, it is not clear why rising stock prices would make experienced 

volatility go up and there is no evidence that any of the valuation ratios forecast average 

experienced volatility.  

Campbell and Shiller (1988) and many others (see, for example, Cochrane, 2005) show 

that the valuation ratios negatively predict future returns, particularly for longer time horizons 

(Fama and French, 1988). One possible explanation of this finding is that valuation ratios 

correlate with aggregate risk taking. The previous results and a natural extension of my 

theoretical framework may explain this result as well. High experienced volatility pushes down 

valuation of the aggregate stock market as I showed above. In the short run prices do not return 

to fundamentals rapidly because of the persistence of beliefs formed from experiences, and 

because there may be limits to arbitrage due to the risk of prices diverging even more from 

fundamentals (Shleifer and Vishny, 1997). In Table 11, I test this mechanism by estimating: 

�n� = �′′ + �′n�6` + ,′ �̄6` + ��JJ , 
where  �n�  is the annual excess returns time series introduced in Table 7 and n�6` and �̄6` are 
lags of the time series I used before with _ = 1 or 3. I expect a negative �′ and a positive  ,′: 
excessive demand for stocks due to high experienced excess returns or low experienced volatility 

causes current stock prices to increase above fundamentals. Moreover, the point estimates 

should be larger and more statistically significant for _ = 3  than for _ = 1 , because return 
predictability should be stronger at longer horizons.  

                                                
20 I selected the number of lags using the Akaike Information Criterion. The results are robust to the use of different 
valuation ratios and experienced volatility time series.  
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In Table 11, consistent with the above discussion, I observe negative point estimates of 

�′ and positive point estimates for ,′ that are larger and more statistically significant for _ = 3 
than for _ = 1. Experienced volatility has economically larger and statistically more significant 
effects. The regressions in Table 11 raise tricky econometric issues (Cochrane, 2007). Campbell 

and Yogo (2006) develop a correction for the confidence intervals that takes into account the 

high persistence of the predictor variables and the problems that this may cause for statistical 

inference in small samples. We observe in Table 11 that, in the case of experienced excess 

returns, whose innovations are highly correlated with excess returns, the Q-test strongly rejects 

the negative sign of the estimated �′  while it does not reject the positive sign of ,′ . My 
experience variables, more robustly in the case of experienced volatility, present evidence of a 

slow moving mean-reverting time series that predict future returns due to microeconomic 

foundations.21   

 My findings suggest that households extrapolate from past experiences when forming 

beliefs about future volatility and that this leads to deviations from fundamentals reflected in 

valuation ratios and excess return predictability. Other theories, such as those that posit changes 

in the price of risk over time due to changes in investor risk aversion as the habit formation 

models (Cochrane and Campbell, 1999) or long-run risks models (Bansal and Yaron, 2004) can 

also explain these long term cyclical variations in stock prices. These models assume forward 

looking agents and are not necessarily consistent with my findings. My results suggest a model of 

the stock market where some agents extrapolate volatility from experience. This behavior has yet 

to be incorporated into a formal asset pricing model. 

 

5. Conclusion 

 In this paper, I present empirical results consistent with the view that, when choosing 

portfolios, households draw on their experiences to form expectations for the parameters of the 

market portfolio distribution, in particular, for its volatility. I show that experienced volatility 

negatively predicts households’ stock market participation and the share of liquid assets invested 

in stocks for stock holders. This behavior impacts asset prices: the time series of average 

experienced volatility is strongly and negatively correlated with the valuation of the aggregate 

                                                
21  The valuation ratios are different slow mean-reverting time series that forecast excess returns. In results not 
reported here, I include them as controls and find robust results.  
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stock market, even after controlling for experienced excess returns and for business cycle 

covariates; moreover, it positively forecasts annual excess returns, particularly at longer horizons. 

Malmendier and Nagel (2011) show that experienced returns positively predicted risk 

taking of the households and that time series of average experienced returns is positively 

correlated with the valuation of the aggregate stock market. I confirm their household results: 

experienced excess returns and Sharpe ratios positively predict the households’ stock market 

participation and the share of liquid assets invested in stocks for stock holders. In this case as in 

the case of experienced volatility, recent experiences have a stronger effect on portfolio choices, 

particularly for younger household heads. Among these experienced market portfolio variables, 

experienced excess returns and Sharpe ratios are the best predictors of stock market participation 

while experienced volatility is the best predictor of the share of liquid assets invested in stocks. 

Taken together, these results are consistent with traditional portfolio choice models 

modified to allow households to form beliefs about excess returns and volatility based, at least in 

part, on lifetime experiences of returns and volatility. This highlights the need for a model of the 

stock market in which at least some agents extrapolate returns and volatility from experience. 
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Figure 2: The weighting function for a 50 and a 25-year-old household  
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Table 1: Summary Statistics 

A. Population 
 Percentile 

Mean 
Standard 
Deviation 

 
25th 50th 75th 

Liquid Assets $ 2,751.17 $ 12,507.88 $ 56,599.75 $ 106,780.52 $ 827,524.96 
Income $ 38,212.39 $ 61,683.36 $ 94,963.61 $ 85,830.98 $ 260,556.22 
Number of Observations 45,853 

Participation, Ρ��  0 0 1 41.19% 49.22% 
- 1960s 0 0 0 20.82% 40.60% 
- 1970s 0 0 1 30.46% 46.03% 
- 1980s 0 0 1 40.67% 49.13% 
- 1990s 0 1 1 51.61% 49.98% 
- 2000s 0 1 1 60.89% 48.80% 

B. Stock Market Participants, Ρ�� = 1 
 Percentile 

Mean 
Standard 
Deviation 

 
25th 50th 75th 

Liquid Assets $16,428.20 $51,492.55 $161,153.54 $231,658.80 $ 1,289,836.00 
Income $55,026.32 $82,480.09 $126,480.08 $124,198.70 $ 396,812.08 
Number of Observations 22,847 
Share of liquid assets in 

stocks, Α�� 30.47% 61.64% 86.53% 57.49% 31.19% 

- 1960s 20.45% 49.98% 80.00% 51.11% 31.60% 
- 1970s 17.48% 41.76% 74.12% 45.96% 31.21% 
- 1980s 15.49% 35.86% 63.10% 40.99% 29.00% 
- 1990s 40.11% 70.02% 89.42% 62.92% 29.57% 
- 2000s 47.13% 75.48% 91.29% 66.90% 28.41% 

Note: I include in my sample households whose heads are older than 24-year-old and younger than 75-year-old and whose 
liquid assets, which include stock and bond holdings and short-term instruments, are more than $100 and whose real income 
is more than $1,000 (both in 2007 dollars). Sample weights make the sample representative of the American population. The 
1960s include the samples from 1964, 1967, 1968 and 1969; the 1970s, the samples from 1970, 1971 (not included in panel B) 
and 1977; the 1980s includes the samples from 1983, 1986 and 1989; the 1990s, the samples from 1992, 1995 and 1998; and, 
finally, the 2000s include the samples from 2001, 2004, 2007 and 2010. 
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Table 2: Experienced Volatility 

A. Participation, Ρ�� 
 

Standard 
Deviation 

(1) 

Range 
 80th-20th 
Percentile 

(2) 

Standard 
Deviation - 5 year 
moving average 

(3) 

Range 80th-20th 
Percentile - 5 year  
moving average 

(4) 

��Ρ} -35.995** -29.402** -70.065** -35.996** 
[10.400] [6.789] [14.592] [7.206] 

\�Ρ} 4.017** 3.114** 6.109** 5.064** 
[0.300] [0.280] [0.363] [0.349] 

Experience Variable:     
- Mean 3.110% 4.786% 3.366% 5.076% 
- Standard Deviation 0.328% 0.436% 0.284% 0.460% 

Change of Average 
Participation after:     

- One Standard 
Deviation Shock 

-4.519% -4.907% -7.529% -6.298% 

- Two Standard 
Deviations Shock -8.860% -9.598 -14.453% -12.205% 

Model selected over the model 
without any experience 
variable according to:     

- AIC YES YES YES YES 
- BIC NO YES YES YES 

Number of Observations 45,853 

B. Share of liquid assets in stocks, Α��|Ρ�� = 1 
 

Standard 
Deviation 

(1) 

Range  
80th-20th 
Percentile 

(2) 

Standard 
Deviation - 5 year 
moving average 

(3) 

Range 80th-20th 
Percentile - 5 year 
moving average 

(4) 

��Α} -15.179** -11.197** -17.659** -11.532** 
[2.858] [2.057] [3.425] [2.079] 

\�Α} 2.661** 2.213** 3.816** 3.324** 
[0.273] [0.256] [0.397] [0.313] 

Experience Variable:     
- Mean 3.163% 4.865% 3.432% 5.186% 
- Standard Deviation 0.260% 0.378% 0.222% 0.365% 

Change of Average Share 
after:     

- One Standard 
Deviation Shock -3.944% -4.236% -3.929% -4.206% 

- Two Standard 
Deviations Shock -7.888% -8.473% -7.857% -8.411% 

Model selected over the model 
without any experience 
variable according to:     

- AIC YES YES YES YES 
- BIC YES YES YES YES 

Number of Observations 22,847 
Note: The sample is the same as in Table 1. The point estimates in the first and second rows in Panel A are estimated by 
Maximum Likelihood and the ones in Panel B, by Non-Linear Least Squares. Robust standard errors in brackets. I correct 
point estimates and standard errors for multiple imputations. ** indicates that the results is statistically significant at the 1% 
level and * indicates that the results is statistically significant at the 5% level. Each column corresponds to one annual time 
series to calculate the experience indices: (1) standard deviation of monthly real returns of the S&P 500 index for each year; 
(2) the range between the 80th and 20th percentile for each year; (3) standard deviation of monthly real returns of the S&P 
500 index for each year and the four years before; (4) the range between the 80th and 20th percentile for each year and the 
four years before. Controls in each model include: time and age effects; household income and liquid assets; demographic 
characteristics of the household head such as gender, education, race, marital status, occupational status and number of 
kids; retirement assets and benefits controls. The intermediate four rows are calculated using the estimated empirical 
distribution of the experience variables. The model selection criteria in the next two rows are Akaike (AIC) and Bayesian 
Information Criterion (BIC).  
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Table 3: Experienced Excess Returns or Sharpe Ratios 

A. Participation, Ρ�� 
 

Excess 
Returns 
(1) 

Sharpe 
Ratios 
(2) 

Excess Returns –  
5 year moving 
average 
(3) 

Sharpe Ratios –  
5 year moving 
average 
(4) 

��Ρ} 117.897** 2.421** 131.617** 4.295** 
[14.543] [0.303] [17.012] [0.544] 

\�Ρ} 1.180** 2.323**  2.903** 3.108** 
[0.239] [0.238] [0.277] [0.252] 

Experience Variable:     
- Mean 0.258% 18.230% 0.299% 10.327% 
- Standard Deviation 0.227% 12.290% 0.247% 7.848% 

Change of Average 
Participation after:     

- One Standard 
Deviation Shock 

10.598% 11.794% 12.865% 13.364% 

- Two Standard 
Deviations Shock 21.070% 23.329% 25.311% 26.224% 

Model Selected over the 
model without any experience 
variable according to:     

- AIC YES YES YES YES 
- BIC YES YES YES YES 

Number of Observations 45,853 

B. Share of liquid assets in stocks, Α��|Ρ�� = 1 
 

Excess 
Returns 
(1) 

Sharpe 
Ratios 
(2) 

Excess Returns –  
5 year moving 
average 
(3) 

Sharpe Ratios –  
5 year moving 
average 
(4) 

��Α} 14.604** 0.310** 13.936** 0.468** 
[4.189] [0.088] [4.708] [0.148] 

\�Α} 1.610** 1.952** 2.563** 2.790** 
[0.249] [0.265] [0.384] [0.389] 

Experience Variable:     
- Mean 0.254% 17.949% 0.288% 9.994% 
- Standard Deviation 0.224% 11.937% 0.242% 7.737% 

Change of Average Share 
after:     

- One Standard 
Deviation Shock 3.263% 3.705% 3.373% 3.619% 

- Two Standard 
Deviations Shock 6.527% 7.409% 6.747% 7.238% 

Model Selected over the 
model without any experience 
variable according to:     

- AIC YES YES YES YES 
- BIC NO NO NO NO 

Number of Observations 22,847 
Note: The sample is the same as in Table 1. The point estimates in the first and second rows in Panel A are estimated by 
Maximum Likelihood and the ones in Panel B, by Non-Linear Least Squares. Robust standard errors in brackets. I correct 
point estimates and standard errors for multiple imputations. ** indicates that the results is statistically significant at the 1% 
level and * indicates that the results is statistically significant at the 5% level. Each column corresponds to one annual time 
series to calculate the experience indices: (1) average monthly excess returns of the real S&P 500 index over the total real 
return index of T-bills for each year; (2) the Sharpe ratios, the previous excess returns over the standard deviation in column 
(1) of Table 2, for each year; (3) average monthly excess returns of the real S&P 500 index over the total return index of T-
bills for each year and the four years before; (4) the Sharpe ratios, the previous excess returns over the standard deviation in 
column (3) of Table 2. Controls in each model include: time and age effects; household income and liquid assets; 
demographic characteristics of the household head such as gender, education, race, marital status, occupational status and 
number of kids; retirement assets and benefits controls. The intermediate four rows are calculated using the estimated 
empirical distribution of the experience variables. The model selection criteria in the next two rows are Akaike (AIC) and 
Bayesian Information Criterion (BIC). 
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Table 4: Many Experience Variables per Model 

A. Participation, Ρ�� 
 

(1) (2) (3) (4) ��Ρ}     

- Standard Deviation 
6.6314 11.145   
[7.900] [9.559]   

- Range 80th-20th 
Percentile 

  5.666 9.882 
  [7.173] [8.713] 

- Excess Returns 
122.77** 60.632 125.47** 63.887 
[15.802] [45.598] [17.568] [44.608] 

- Sharpe Ratios 
 1.407  1.444 
 [1.027]  [1.043] 

\�Ρ} 1.736** 1.957** 1.737** 1.964** 
[0.226] [0.244] [0.238] [0.257] 

Model selected over the model 
without any experience 
variable according to:     

- AIC YES YES YES YES 
- BIC YES YES YES YES 

Number of Observations 45,853 

B. Share of liquid assets in stocks, Α��|Ρ�� = 1 
 

(1) (2) (3) (4) ��Α}     

- Standard Deviation 
-12.78** -14.13**   
[2.929] [3.022]   

- Range 80th-20th 
Percentile 

  -10.67** -12.60** 
  [2.472] [2.608] 

- Excess Returns 
5.972 24.096* 1.711 26.229* 
[4.216] [12.43] [4.747] [13.06] 

- Sharpe Ratios 
 -0.422  -0.589 
 [0.281]  [0.301] 

\�Α} 2.289** 2.0616** 2.143** 1.809** 
[0.304] [0.339] [0.273] [0.332] 

Model selected over the model 
without any experience 
variable according to:     

- AIC YES YES YES YES 
- BIC YES YES YES YES 

Number of Observations 22,845 

 
 
 
 
 
 

The table continues in the next page. 
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C. Participation, Ρ��, 5 year moving average time series 
 

(1) (2) (3) (4) ��Ρ}     

- Standard Deviation 
0.065 18.225   
[9.314] [12.927]   

- Range 80th-20th 
Percentile 

  -5.212 5.246 
  [7.128] [9.309] 

- Excess Returns 
131.67** -425.18* 126.16** -337.86* 
[18.460] [207.91] [19.407] [203.15] 

- Sharpe Ratios 
 18.168**  15.177** 
 [6.771]  [6.657] 

\�Ρ} 2.907** 3.284** 3.038** 3.396** 
[0.231] [0.365] [0.249] [0.310] 

Model selected over the model 
without any experience 
variable according to:     

- AIC YES YES YES YES 
- BIC YES YES YES YES 

Number of Observations 45,853 

D. Share of liquid assets in stocks, Α��|Ρ�� = 1, 5 year moving average time series 
 

(1) (2) (3) (4) ��Α}     

- Standard Deviation 
-15.89** -17.07**   
[3.972] [4.130]   

- Range 80th-20th 
Percentile 

  -11.46** -13.21** 
  [2.555] [2.927] 

- Excess Returns 
3.625 39.072 0.312 70.433 
[5.675] [62.495] [5.901] [67.864] 

- Sharpe Ratios 
 -1.133  -2.254 
 [1.980]  [2.178] 

\�Α} 3.556** 3.428** 3.318** 2.941** 
[0.387] [0.462] [0.344] [0.405] 

Model selected over the model 
without any experience 
variable according to:     

- AIC YES YES YES YES 
- BIC YES YES YES YES 

Number of Observations 22,845 
Note: The sample is the same as in Table 1. The point estimates in the first five rows in Panels A and C are estimated by 
Maximum Likelihood and the ones in Panels B and D, by Non-Linear Least Squares. Robust standard errors in brackets. I 
correct point estimates and standard errors for multiple imputations. ** indicates that the results is statistically significant at 
the 1% level and * indicates that the results is statistically significant at the 5% level. Each of the four columns in each panel 
corresponds to a combination of two or three annual time series to calculate the experience indices whose marginal effects 
are in the first four rows as in Table 2 and 3 with a common weighting parameter in the fifth row: Panels A and B for each 
year; Panels C and D for each year and the four years before. Controls in each model include: time and age effects; 
household income and liquid assets; demographic characteristics of the household head such as gender, education, race, 
marital status, occupational status and number of kids; retirement assets and benefits controls. The model selection criteria 
in the next two rows are Akaike (AIC) and Bayesian Information Criterion (BIC). 
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Table 5: Elicited Risk Aversion and Participation, Ρ�� 
A. Without Elicited Risk Aversion 

 

Standard 
Deviation 

(1) 

Excess 
Returns  
(2) 

Standard 
Deviation –  
5 year moving 
average 
(3) 

Excess Returns –  
5 year moving 
average  
(4) 

��Ρ} -80.59** 109.35** -140.05** 127.99** 
[21.15] [16.74] [23.554] [20.822] 

\�Ρ} 2.603** 1.857** 3.734** 3.399** 
[0.272] [0.267] [0.344] [0.476] 

Number of Observations 30,299 

B. With Elicited Risk Aversion 
 

Standard 
Deviation 

(1) 

Excess 
Returns  
(2) 

Standard 
Deviation –  
5 year moving 
average 
(3) 

Excess Returns –  
5 year moving 
average  
(4) 

��Ρ} -78.67** 102.68** -131.96** 116.80** 
[21.968] [16.964] [24.262] [21.233] 

\�Ρ} 2.509** 1.846** 3.623** 3.393** 
[0.291] [0.263] [0.347] [0.292] 

Elicited Risk Aversion:     
- Average financial 

risks to earn average 
returns 

0.268 0.301 0.288 0.299 
[0.284] [0.278] [0.280] [0.277] 

- Above average 
financial risks to earn 
above average 
returns 

0.436 0.466* 0.453 0.464* 
[0.286] [0.279] [0.282] [0.278] 

- Substantial financial 
risks to earn  
Substantial returns 

0.435 0.460 0.448 0.458 
[0.289] [0.283] [0.285] [0.282] 

Number of Observations 30,299 
Note: The sample includes the SCF of 1983 and from 1989 to 2010. The point estimates in the first two rows in Panels A 
and the first five rows in Panel B are estimated by Maximum Likelihood. Robust standard errors in brackets. I correct point 
estimates and standard errors for multiple imputations. ** indicates that the results is statistically significant at the 1% level 
and * indicates that the results is statistically significant at the 5% level. Each of the four columns in each panel corresponds 
to one annual time series as in the first column in Tables 2 and 3 to calculate the experience indices whose marginal effects 
are in the first two rows and the weighting parameter in the next two: Columns (1) and (2) for each year; Columns (3) and 
(4) for each year and the four years before. Panel B includes the slopes on binary variables which identify each of the 
categories in the elicited risk aversion variable which identifies if the households declared to be: (1) not willing to take any 
financial risk (excluded); (2) take average financial risks expecting to earn average returns; (3) take above average financial 
risks expecting to earn above average returns; (4) take substantial financial risks expecting to earn substantial returns. 
Controls in each model include: time and age effects; household income and liquid assets; demographic characteristics of 
the household head such as gender, education, race, marital status, occupational status and number of kids; retirement assets 
and benefits controls.  
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Table 6: Elicited Risk Aversion and Share of liquid assets in stocks, Α��|Ρ�� = 1 
A. Without Elicited Risk Aversion 

 

Standard 
Deviation 

(1) 

Excess 
Returns  
(2) 

Standard 
Deviation –  
5 year moving 
average 
(3) 

Excess Returns –  
5 year moving 
average  
(4) 

��Α} -11.20* 11.50** -15.595** 18.570** 
[5.266] [3.423] [5.076] [5.235] 

\�Α} 3.181** 3.662** 5.978** 6.232** 
[0.569] [0.500] [0.750] [0.668] 

Number of Observations 19,040 

B. With Elicited Risk Aversion 
 

Standard 
Deviation 

(1) 

Excess 
Returns  
(2) 

Standard 
Deviation –  
5 year moving 
average 
(3) 

Excess Returns –  
5 year moving 
average  
(4) 

��Α} -12.44** 9.871** -13.57** 17.012** 
[5.577] [3.263] [5.037] [5.189] 

\�Α} 3.296** 4.093** 6.541** 7.009** 
[0.760] [0.579] [0.924] [0.870] 

Elicited Risk Aversion:     
- Average financial 

risks to earn average 
returns 

0.064** 0.063** 0.063** 0.063** 
[0.027] [0.028] [0.027] [0.028] 

- Above average 
financial risks to earn 
above average 
returns 

0.124** 0.123** 0.122** 0.122** 
[0.028] [0.028] [0.028] [0.028] 

- Substantial financial 
risks to earn  
Substantial returns 

0.134** 0.133** 0.133** 0.132** 
[0.030] [0.030] [0.030] [0.030] 

Number of Observations 19,040 
Note: The sample includes the SCF of 1983 and from 1989 to 2010. The point estimates in the first two rows in Panels A 
and B are estimated by Non-Linear Least Squares. Robust standard errors in brackets. I correct point estimates and 
standard errors for multiple imputations. ** indicates that the results is statistically significant at the 1% level and * indicates 
that the results is statistically significant at the 5% level. Each of the four columns in each panel corresponds to one annual 
time series as in the first column in Tables 2 and 3 to calculate the experience indices whose marginal effects are in the first 
two rows and the weighting parameter in the next two: Columns (1) and (2) for each year; Columns (3) and (4) for each year 
and the four years before. Panel B includes the slopes on binary variables which identify each of the categories in the 
elicited risk aversion variable which identifies if the households declared to be: (1) not willing to take any financial risk 
(excluded); (2) take average financial risks expecting to earn average returns; (3) take above average financial risks expecting 
to earn above average returns; (4) take substantial financial risks expecting to earn substantial returns. Controls in each 
model include: time and age effects; household income and liquid assets; demographic characteristics of the household head 
such as gender, education, race, marital status, occupational status and number of kids; retirement assets and benefits 
controls.  
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Table 7: Summary Statistics – Time Series from 1946 to 2012 

 
Mean 
(1) 

Standard 
Deviation 

(2) 
Min 
(3) 

Max 
(4) 

Experienced:      

- Standard Deviation (SD) 3.532% 0.546% 2.951% 4.976% 
- Range 80th - 20th Percentile 5.322% 0.666% 4.447% 7.102% 
- Excess Returns (ER) 0.271% 0.178% -0.026% 0.580% 
- Sharpe Ratios 17.785% 8.856% 3.678% 34.107% 

Valuation Ratios:     
- Log Average Cyclically Adjusted Price 
Earnings (PE) Ratio 

2.827 0.400 1.994 3.740 

- Log Average Cyclically Adjusted Price 
Dividends (PD) Ratio 

3.528 0.446 2.806 4.507 

- Log December Cyclically Adjusted PE 
Ratio 

2.824 0.412 2.058 3.789 

- Log December Cyclically Adjusted PD 
Ratio 

3.529 0.459 2.774 4.536 

- Log Average PE Ratio 2.742 0.449 1.861 4426 
- Log Average PD Ratio 3.453 0.432 2.680 4.478 

Other Variables:     
- Unemployment rate+ 5.833% 1.657% 2.700% 10.800% 
- Average Earnings Growth rate 0.360% 2.736% -10.789% 15.084% 
- T-bill Rate 1.456% 1.023% 0.000% 5.163% 
- 10 Year Treasury Rate 5.765% 2.833% 1.803% 13.911% 
- Real Excess Returns 3.691% 16.039% -41.879% 40.209% 

Note: For each year, I calculate the experience variables for the ages from 25 to 74-year-old using the annual time series for each 

year with weighting parameter, \, equal to 2. Then, I calculate the population average experience variable weighting each age 
experience index by the liquid assets held by each age group in the main SCF sample in Table 1. Cyclically adjusted ratios have as 
denominator the ten year moving average of the corresponding variable. Average ratios are the average of the monthly 
observations of the corresponding ratio for each year. + Unemployment rate is available from 1948. 

 

 

Table 8: Pairwise Correlations – Time Series from 1946 to 2012 

 
  Experienced  

 
Excess 
Returns 
(1) 

Standard 
Deviation 

(2) 

Sharpe 
Ratios 
(3) 

Range  
(80th–20th) 

(4)  
Experienced Standard Deviation      0.137     

Experienced Sharpe Ratios      0.947** 0.037    

Experienced Range (80th – 20th)      0.057 0.983** -0.019   

  Log Average Cyclically Adjusted PE Ratio      0.469** -0.370** 0.391** -0.493**   

Log Average Cyclically Adjusted PD Ratio      0.312* -0.523** 0.234 -0.640**  

Log December Cyclically Adjusted PE Ratio      0.437** -0.361** 0.356** -0.482**   

Log December Cyclically Adjusted PD Ratio      0.286* -0.508** 0.206 -0.621**  

Log Average PE Ratio      0.342** -0.457** 0.262* -0.546**   

Log Average PD Ratio      0.223 -0.604** 0.178 -0.794**  

Note: Variables as in Table 7. ** indicates that the results is statistically significant at the 1% level and * indicates that the results is 
statistically significant at the 5% level. 
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Table 9: Valuation Ratios 
     

 Log PE ratio 
(1) 

Log PE ratio 
(2) 

Log PD ratio 
(3) 

Log PD ratio 
(4) 

Experienced ER 
123.586**  
[38.168] 

-0.463 
[21.927] 

101.089*   
[40.758] 

-31.793   
[26.39] 

- Q-Test (90% CI) (84.211, 171.481) (-25.985, 36.765) (67.256, 150.035) (-57.919, 15.085) 

Experienced SD 
-36.456** 
[10.963] 

-70.706**    
[7.17] 

-49.15** 
[12.31] 

-86.507**    
[8.36] 

- Q-Test (90% CI) (-52.228, -23.482) (-80.226, -62.767) (-68.728, -37.504) (-97.778, -77.395) 

Unemployment 
 -11.972** 

[2.612]  
 -10.618** 

[2.980] 

Earnings Growth 
 0.288 

[0.472] 
 -0.269 

[0.405] 

Risk Free Rate 
 -15.956** 

[3.534] 
 -19.375**    

[2.719] 

10 Year Rate 
 -5.736** 

[1.360] 
 -6.672** 

[1.756] 

Constant 
3.771**   
[0.460] 

6.580** 
[0.419] 

4.985**     
[0.502] 

7.953**  
[0.491] 

Years 65 65 65 65 
Note: Variables as in Table 7. ** indicates that the results is statistically significant at the 1% level and * indicates that the results is 
statistically  significant at the 5% level. Dependent variables in columns and one model per column. Newey-West corrected standard 
errors in brackets, using 5 years of lags. 90% Bonferroni confidence intervals for the slopes of the experience variables Q-Test as in 
Campbell and Yogo (2006) in parenthesis; bold numbers indicate the null of the slope being equal to zero is rejected. The valuation 
ratios are the first ones presented in Table 7: Log Average Cyclically Adjusted PE Ratio and Log Average Cyclically Adjusted PD 
Ratio.  
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Table 10: Vector Autoregressive Model  
 

A. Price Earnings Ratio, � 
 Log PE ratio 

(1) 
Experienced ER 

(2) 
Experienced SD 

(3) � − 1:    

- Log PE ratio 
1.151** 
[0.123] 

0.00318**    
[0.00056] 

-0.00120  
[0.00066] 

- Experienced ER 
-12.653 
[29.148] 

0.90444**    
[0.13391] 

-0.19647 
[0.15730] 

- Experienced SD 
-31.042  
[24.904] 

0.08493  
[0.11441] 

1.07871** 
[0.13448] � − 2:    

- Log PE ratio 
-0.199 
[0.144] 

-0.00238**  
[0.00066] 

0.00123    
[0.00078] 

- Experienced ER 
3.173 
[23.040] 

-0.05979 
  [0.10585] 

0.11759 
[0.12448] 

- Experienced SD 
31.396   
[24.518] 

-0.03464    
[0.11264] 

-0.12524 
[.13239] 

Constant 
0.150    
[0.255] 

-0.00363**    
[0.00117] 

0.00158  
[0.00137]   

Years 65 

B. Price Dividends Ratio, � 
 Log PD ratio 

(1) 
Experienced ER 

(2) 
Experienced SD 

(3) 

� − 1:    

- Log PD ratio 
1.111**  

  [0.123]  
0.0034087**     
[.00057] 

-0.00137*  
[0.00066] 

- Experienced ER 
-20.582  
[27.812] 

0.96175** 
[0.12847] 

-0.22880    
[0.15012] 

- Experienced SD 
-24.993  
[24.776] 

0.08291 
[0.11444] 

1.07096**    
[0.13374] � − 2:    

- Log PD ratio 
-0.135 
[0.139] 

-0.00283**    
[0.00064]  

0.00151*    
[0.00075] 

- Experienced ER 
6.230 
[22.853] 

-0.06751    
[0.10556] 

0.13243    
[0.12336] 

- Experienced SD 
27.052    
[24.578] 

-0.03633    
[0.11353] 

-0.11016    
[0.13267] 

Constant 
0.065 
[0.290] 

-0.00342*    
[0.0013] 

0.00098    
[0.00157] 

Years 65 
Note: Variables as in Table 7. ** indicates that the results is statistically significant at the 1% level and * indicates that the results is 
statistically significant at the 5% level. This is a Vector Auto Regressive model with dependent variables in columns and lags of 
the different variables in rows. Newey-West corrected standard errors in brackets, using 5 years of lags. Bold numbers indicate 
rejection of the non-Granger causality null hypothesis with the 1% level of statistical significance. The valuation ratios are the 
first ones presented in Table 7: Log Average Cyclically Adjusted PE Ratio and Log Average Cyclically Adjusted PD Ratio. 
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Table 11: Forecasts of Real Excess Returns, � 
  _ = 1   _ = 3   

 (1) (2) (3) (4) (5) (6) � − _:       

- Experienced ER 
-0.071 
[9.054] 

 -4.337 
[7.453] 

-12.53 
[8.282] 

 -16.64* 
[7.708] 

-- Q-Test (90% CI) 
(-16.157,      
17.996) 

 (-28.942,       
13.048) 

(-32.995,     
6.534) 

 (-36.620,        
1.899) 

- Experienced SD 
 6.846* 

[2.941] 
7.284**    
[2.837] 

 7.484** 
[2.236] 

8.503**    
[2.270] 

-- Q-Test (90% CI) 
 (4.950,        

23.641) 
(4.823,           
23.897) 

 (4.798,      
19.653) 

(7.935, 
23.869) 

Constant 
0.038 
[0.030] 

-0.198*     
[0.109] 

-0.201* 
[0.107] 

0.073* 
[0.030] 

-0.224*    
[0.086] 

-0.213* 
[0.081] 

Years 60 60 60 60 60 60 
Note: Variables as in Table 7. ** indicates that the results is statistically significant at the 1% level and * indicates that the 
results is statistically significant at the 5% level. Dependent Variables in columns and independent variables in rows. In the 
first three columns, the forecast is for one year in the future, and, in the next three columns, the forecast is for three years in 
the future real annual excess returns. Newey-West corrected standard errors in brackets, using 5 years of lags. 90% 
Bonferroni confidence intervals for the slopes of the experience variables Q-Test as in Campbell and Yogo (2006) in 
parenthesis; bold numbers indicate the null of the slope being equal to zero is rejected. 

 

 


