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1. Introduction

How much financial information should investorsleot? And what is the effect of
information on portfolio performance? These questiare currently at the heart of the
debate about the determinants of wealth inequdlitgt emphasizes the critical
importance of heterogeneity in returns to wealte Benhabib and Bisin (2018) for a
recent review. And heterogeneity in investors infation has, since Arrow (1987), been
argued to be a potentially key ingredient in getegeheterogeneity in returns (Best and
Dogra, 2017; Kacperczyk et al. 2018).

In models with rational investors the answer to thbBove questions is
straightforward. Investors should spend time anaegyacollecting financial information
up to the point where the marginal benefit of dosiegexceeds the marginal cost. Since
investors acquire more information only if theiilitit increases, information improves
portfolio performance. Indeed, Peress (2004), imgldbn the seminal work by Arrow
(1987), shows that the portfolio expected retura &harpe ratio of rational agents
increase with the amount of information they optlgneollect.

But other models deliver different predictions. Wnag on a large body of evidence
from experimental cognitive and psychological reskeaone class of models argues that
many investors are overconfident when they makanfiral decisions. Overconfident
investors collect too much private informationgdganore and take more risk than agents
with unbiased perceptions. As a result, they mag bagher average portfolio returns as
compensation for risk but attain poorer portfolerfprmance, as measured by the Sharpe
ratio. In a model with endogenous information asiign, Odean (1998a) shows that
overconfident investors are more likely to be infed and obtain lower utility than
rational investors who choose to remain uninformdsing a survey of accounts at a
discount broker, Odean (1998b) and Barber and O¢E280, 2001) find that investors
make unprofitable trades in the sense that thdsaisey buy tend, on average, to under-

perform the assets they sell, resulting in negainadits from trading even before trading



costs are accounted for. In addition, men - arguaibre overconfident than women
according to the experimental psychology literaturegade more often and therefore
perform less well than women.

The hypothesis underlying the overconfidence magl#hat investors overestimate
the value of the private signals and, for this e@aspend too much money and time
acquiring information. In turn, overconfidence leao inefficient portfolio allocations
and trades, the more so the more information isiieed,. This suggests that a proper test
of this departure from rationality requires data forancial information and portfolio
performance.

In this paper we provide such test. We contrastréte®nal and overconfidence
models studying the determinants of informationugsition and the correlation between
information and portfolio performance. Peress (308dows that the portfolio Sharpe
ratio of rational investors - who maximize expecttity and process information
correctly - is positively correlated with the amowf private information acquired.
Indeed, it is precisely the expected benefit addiaihg a higher Sharpe ratio that induces
investors to incur the cost of acquiring informatio

Overconfident investors face the same incentives.gd/en that they overestimate
the value of information, the Sharpe ratio theyaobis lower than the Sharpe ratio they
think they would obtain based on the wrong assessmoé the precision of their
information. Most importantly, we show that if irsters are sufficiently overconfident,
their portfolio Sharpe ratio is negatively correltwith the amount of information they
collect, and that this negative correlation is rstger when overconfidence increases. Our
test distinguishes the two models relying on vdeslbhat are observable and measurable.

To implement the test, we use data from two survefysnvestors randomly
sampled from customers of a leading Italian bankh wlata on time people spend
acquiring financial information, risk attitudesading and socioeconomic variables.
Detailed financial data allow us to construct a suea of the portfolio expected return

and volatility for each investor. Given the assuoni required to estimate the expected

! Biais et al. (2005) reach similar conclusions inexperimental setting, where they relate direttigling
performance to a measure of overconfidence obtamiEpendently as part of the experiment.



Sharpe ratio, we check the robustness of the sesuding alternative measures
constructed from historical returns and volatibythe actual investors’ portfolios.

In a first part of our analysis, we find that intreent in financial information
increases with wealth and risk tolerance, and gatieely associated with proxies of the
cost of information. The findings are consistentthwboth the rational and the
overconfidence models, as both predict that investeho benefit more from extra
information (the wealthy and the risk tolerant, dexe they invest more in risky and
information intensive assets) and those who caaiwlnformation at lower cost, collect
more information. This evidence suggests that toresrespond strongly to economic
incentives in deciding how much information theyaice.

In a second step, we find that the average pootfi@turn is positively associated
with investment in information as predicted by bakie rational and overconfidence
model. But the constructed proxies for the expecBithrpe ratio are negatively
associated with investment in information, consisteith the overconfidence model. The
relation is unchanged if we add further controled as robust to different sample
definitions and sample selection. The relation ind fs also economically important: in
our baseline estimates those who spend betweern 2t &ours per week in acquiring
financial information obtain a 22 basis points leghverage portfolio return (20 percent
of the sample average portfolio return) and ha&harpe ratio that is 27 percent lower
than those who spend no time. Evaluated at the Isamgdian of the portfolio standard
deviation, this is equivalent to a reduction of H&sis points in the portfolio expected
excess return.

The negative relation between the Sharpe ratioigfodmation might be driven by
unobserved heterogeneity, for instance because thibs enjoy trading stocks - a utility
benefit that does not show up in measured porti@tarns and is not observed by the
econometrician - also enjoy collecting more finahanformation. We address this issue
by an instrumental variables approach, using asuimgnts variables that are unlikely to
be related with preference or taste for financethiinstrumental variables regressions

the negative relation between information and tharfe ratio is, if anything, reinforced.



Furthermore, the negative relation is strongemgfaups that are, a priori, expected to be
more overconfident.

Overall, our evidence conflicts with the fully mial model, and supports models
where investors overstate the quality of infornmatimvest too much in information and
take excessive financial risk. While these concdiasiare similar to Odean (1998b) and
Barber and Odean (2001), there are important swoipsta and methodological
differences. First, our surveys allow us to corittag predictions of the rational and
overconfidence models from quite different perspest increasing the robustness and
reliability of the results. Second, our resultsyreh representative samples of retail
investors with a bank account, while previous sadiocus mostly on samples of
investors at discount brokers. These are highlgcsetl samples of investors who trade
stocks directly. Thus, they are likely to include relatively morevéstors with a
predisposition for overconfidence or who are wdlito incur losses for the pleasure of
trading. Discriminating between these two alteneiis not easy with Odean's (1998b)
data. Our instrumental variables approach allowsousile out the second possibility,
while our representative sample limits the sammkediion problem. Finally, while
Odean (1998b) and Barber and Odean (2001) adnatig&rdata focus on common stock
trading, we look at the performance of the entmaricial portfolio.

Our paper is closely related to a burgeoning litesa that uncovers substantial
heterogeneity in portfolio returns and Sharpe gatithe evidence comes from detailed
analysis of portfolio performance in Scandinaviamurdries for which extensive panel
data on individual accounts are available. Caltedle (2007, 2009) find considerable
heterogeneity in financial portfolio performanceings Swedish data, and show that
proxies of financial sophistication (such as wedtibhome, occupation and education) are
associated with higher Sharpe ratios. Bach e8f7) using an administrative panel of
all Swedish residents, document that returns oanfiral wealth are on average 4%
higher for households in the top 1% compared tomledian household. Fagereng et al.

2 Bilias et al. (2010) study households' portfoliweiitia using data from the PSID and the Survey of
Consumer Finances. In these representative samplesholds seldom trade: over a 5-year period (1994
99), 73.8 percent did not trade stocks. This catgrevith the trading activity of a minority of insters (less
than 20 percent) that have a brokerage accountr@cessarily a discount account): 70 percent trades
stocks at least once a year.

10



(2018) use 15 years of population data from Noreaglministrative tax records and find
that individuals earn markedly different returnstbair financial assets, with a difference
of 300 basis points between the 10th and the 96tbeptile, returns are heterogeneous
even within narrowly defined asset classes andbgdaeity extends to average observed
Sharpe ratios. Furthermore, as in Calvet et al072@009), they also document that
wealth and financial sophistication predict poitidbharpe ratios.

Like these recent papers, we also document signifibeterogeneity in the Sharpe
ratio of financial portfolios. But we enrich the tempretation by showing that
heterogeneity in the portfolio Sharpe ratio carirbeed back to differences in consumers
financial information and in the incentives to isven information, as emphasized by
Arrow (1987) and studied more recently by Best &ahra (2017) and Kacperczyk et al.
(2018). We add to heterogeneity in information xplaining portfolio performance, also
heterogeneity in investors’ ability to appreciatbe tvalue of information, i.e.
overconfidence.

A related line of research studies stock concentratFor instance, Huberman
(2001) and Boyle et al. (2012) find that portfolimse more concentrated in stocks that
people are more familiar with, and that there asturns to concentration.” Massa and
Simonov (2006), using Swedish administrative détaj that concentrated stocks are
those to which the investor is geographically avf@essionally closer, or that he or she
has held for a long time. Ivkovic et al. (2008)ingsdata from a US discount broker, find
that portfolios with concentrated stocks actuallperform more diversified accounts.
One potential explanation of these findings is thaestors with concentrated portfolios
are able to exploit some informational advantage #llows them to pick up winning
stocks, as argued by Van Nieuwerburgh and Veldkg@m0). This is only a conjecture,
however, because in these studies investors' iafioom is not observed. On this front,
we find that investors who acquire more informati@md to have less diversified
portfolios; but at the same time those who divgrgss attain a lower Sharpe ratio.

The rest of the paper proceeds as follows. Sec#oreviews the theoretical
literature, contrasting the predictions of the aa#il and overconfident models for the

relation between investment in information and fodid performance, and summarizes
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the main insight of a theoretical model that isadet in Appendix A. Section 3 describes
the survey and explains how we measure investmeninformation and portfolio
performance. Section 4 presents evidence on tleendietants of information acquisition.
Section 5 presents the main results of the papktimg the Sharpe ratio to investment in

information. Section 6 summarizes the results.

2. Theoretical framework

In models with rational investors the set of vaeslthat affect asset allocation and
information acquisition are well identified. In amsinal paper Verrecchia (1982) shows
that investors with higher cost of acquiring inf@atmn and risk averse investors acquire
less information, the latter because they intendnt@st less in stocks and therefore
information is less valuable for them. These eroplripredictions, however, don't
discriminate between rational and overconfidentestors. Indeed, as we will see,
overconfident investors behave very much like ratloinvestors with respect to the
determinants of information acquisition. Howevdrg timplications for the effect of
information on portfolio performance are different.

Peress (2004), building on seminal work by Arro®8§1), shows that in a model
with rational investors information improves thdoehtion of wealth and is associated
with a higher expected Sharpe ratio. Although tloetfplio of informed investors is
riskier and thus earns higher expected returns,ridleadjusted return is higher. In
contrast, overconfident investors acquire morermgtgion and react to information more
strongly than rational investors. As in the ratiomaodel, portfolio risk and return
increase with information. But the Sharpe ratiotloé portfolio of an overconfident
investor may be lower. This section presents adraonk to distinguish the two models
empirically. We summarize here the main theoretgrapositions, and show the details
in Appendix A.
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2.1. Rational investors

Starting with Grossman and Stiglitz (1980), sevgrapers propose models of
rational investors where agents can increase casg information on the random return
of a risky asset, see Verrecchia (1982), Barlewd/\@eronesi (1999), Van Nieuwerburgh
and Veldkamp (2010), Mondria (2010), and Kacperoziykl (2018). Drawing on Peress
(2004), Appendix A presents a model that deliversesal testable predictions.

First, information purchased increases with investoealth and risk tolerance, and
falls with the marginal cost of information. Weadthand more risk tolerant investors
value information more because they invest morelttvea the information intensive
asset and, accordingly, the signal is more valutlslehem. Second, corner solutions can
be optimal. Poor or very risk averse investors beltigle from information, because
they would invest little in stocks even if they hadery precise signal. Thus, they may
choose to purchase no information. Third, the etgqeeportfolio return and volatility
increase with information. More informed investdexe less risk and invest more
aggressively in stocks, obtaining higher returnseyl react also more strongly to the
signals they receive and trade more.

The fourth implication of the model is that ratibagents are willing to pay the cost
of information precisely because they expect taioba benefit in terms of higher risk-
adjusted return. This implies that the expectedr@haatio increases with information
purchased, even accounting for trading and infaonatosts. Finally, risk aversion
affects the Sharpe ratio only because it affedisrimation purchased. In other words,
risk aversion should not affect the Sharpe ratading information constant. This is a
neat exclusion restriction of the rational modelttwe are able to confront with the data.

2.2. Overconfident investors

Overconfident investors maximize expected utiliiike rational investors. But
unlike rational investors, overconfident investokerestimate the signal's precistom

% Here is one of many examples of overconfidencel981, the US General Social Survey asked the
following two questions: (1) "Compared to other pleowho do the same or similar kind of work thatiyo
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the model presented in Appendix A the decisionucipase information is driven by the
same variables as in the rational model: weal#k tolerance and cost of information.
However, overconfident investors purchase morerin&ion because the perceived
value of information is higher than its true valleroxies for overconfidence - for
instance gender as in Lundeberg et al. (1994) aartbeBB and Odean (2001) - should
therefore help predicting investment in informati®ut apart from this, the information
decision of overconfident investors is observatignaquivalent to that of rational

agents. This implies that the determinants of itnmest in information alone do not
allow discriminating between the rational and tkreroonfidence model.

The difference between the two models lies in thiesequence of information on
portfolio performance. Odean (1998a) shows tharamrdident investors attain lower
utility than rational investors and take more rigk, given expected return, and attain a
lower Sharpe ratio. But we go beyond this reshlbygang that overconfidence affects the
relationship between portfolio performance and angount of information purchased.

Our main results are summarized in the following fwopositions:

(1) If investors are sufficiently overconfident, thepexted Sharpe ratio, obtained
conditioning on the true signal rather than ongleceived signal, is a decreasing
function of investment in information. Proof: Sepp&ndix A.

(2) The more investors are overconfident, the more thages the relation between

the expected Sharpe ratio and investment in infoomaProof: See Appendix A.

The first proposition predicts a relation betwesfoiimation and the Sharpe ratio
opposite to that implied by the rational modelleaist for high levels of overconfidence.

This suggests that one can discriminate betweetwtbenodels using variables that are

do, how well would you say you do your job? Woulouysay much better, somewhat better, about the
same, somewhat worse or much worse?" (2) "Comparether people who do the same or similar kind of
work that you do, how much work would you say yoo? dNould you say that you do much more,

somewhat more, about the same, somewhat less dn less?" Over 72% percent answered to the first
guestion they did better or much better than aweragly 0.2% rated themselves below average. About
61% said they worked more or much more than otheple, and only 3.3% below average.
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observable and measurable, at least potentially.s@eond proposition predicts different
slopes of the relation between the Sharpe ratioiaf@dmation in groups of investors
with low or high overconfidence. Indeed, empiricesearch shows that overconfidence
depends on specific domains of activities as welhdividual attributes.

Table 1 summarizes the empirical predictions of taonal and overconfident
models. In both models, the numerator and the derador of the Sharpe ratio increase
with the amount of information. However, in the m@nfident model one extra unit of
information raises the standard deviation of thefplio more than its expected return,
because the misperception of the signal's precigidces investors to take some

uncompensated risk.

3. Data description

The Unicredit Survey of Investors Behavior (UCS)aisrery detailed survey of
1,834 customers of Unicredit, a leading Italian omercial bank with over 4 million
accounts. The sample is representative of the ptipal of Unicredit retail customers
with a bank account (whereas 15% of the Italianuytetppn has not) and refers to 2004.
Unicredit has a large market share, and relatiwedye customers in Northern Italy where
people are wealthier on average. The UCS theréémds to over-sample relatively rich
investors. The unit of observation is the custordefined as a person with an account in
one of Unicredit banks. Appendix B describes sampkEign and other characteristics of
the survey.

Differently from other investors’ surveys, UCS aghkgestors to report information
on real and financial assets of all household mes)lix®th inside and outside Unicredit.
It collects data on investment in financial infotioa, knowledge of specific financial
assets, attitudes towards financial risk, bankesust relations, and reliance on financial
advice. The UCS represents therefore a unique apptyr to study the relation between

* Overconfidence can be substantial especially wieaple face range questions. For instance, Ruso an
Schoemaker (1992) find that businessmen askedowida 90 percent confidence ranges have the correct
answer within the stated range only 42 to 62 perckthe time; Klayman et. al. (1999) find simila@sults

in an experiment that accounts for confoundingstteal effects when measuring overconfidence.
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financial information, portfolio allocation and pfmlio performance, and to confront
with the data the implications of the rational amvkerconfidence models outlined in
Section 2.

For robustness, we also use a second survey, tak2d07. Differently from the
2004 survey it has no information on assets outsideredit, but it has detailed panel
administrative data from 2004 to 2007 on finansadalth at Unicredit of all retall

investors surveyed in 2004. These additional result reported in Section 5.3.

3.1. Investment in financial information

The UCS has a question on time spent acquiringhéiiaé information: “Let's talk
about financial information. How much time do yosually spend, in a week, to obtain
information on how to invest your savings? (thinkoat time reading newspapers,
surfing the internet, talking to your advisor, re@dcompanies balance sheets, etc.).”

Answers range from no time to more than 7 hourswesek. Table 2 displays the
sample distribution of the variable. Over one thofdthe sample spends no time, most
respondents spend “Less than 30 minutes” or “Betvdfeand 60 minutes” per week. At
the other extreme, 13 percent of the sample spmods than 2 hours per week (5 percent
of the average weekly working time). To providetar insights on the amount of time
involved, the last row of Table 2 reports the eglent number of working days spent in
information each year. The number ranges from ed8 days, documenting substantial
heterogeneity in the time investors spend gathdnnamcial information.

As suggested in Section 2, in both the rational @retconfident models those who
invest in stocks have a stronger incentive to aeguformation than those who don't.
On the other hand, those who are more informedeperdower return volatility and have
less incentives to invest more in stocks. Condistgth these predictions those who
collect more information are also more likely torostocks and to invest a larger share of

their wealth in stocks.

® Stock market participation is positively correthteith investment in information but the directiof
causality is not obvious. If investors choose infation after the participation decision, those vdom't
participate should not purchase information (uni&sy do it for pleasure). If information is purcea
before the participation decision, some who doaltipipate may have purchased information, but have
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3.2. Financial wealth and portfolio performance

Financial wealth is constructed from questionseandifferent assets categories: (1)
bank accounts; (2) repurchase agreements; (3Yicatei of deposits; (4) government
bonds; (5) corporate bonds; (6) derivatives: (@reb of listed companies; (8) shares of
unlisted companies; (9) mutual funds; (10) manaigedstment accounts. For each of
these categories, the survey provides informatioassets kept with Unicredit, as well as
with other banks and financial institutions. Tofadlancial wealth is the sum of all
financial assets, both in Unicredit accounts andtirer banks and financial institutions.
Two definitions of financial wealth are availableespondents’ wealth (the bank's
customer), and household financial wealth, resglfom the sum of respondent’ and
other household members wealth, see Appendix Bdtails.

Our measure of expected returns and volatilityaseol on the same procedure and
assumptions as in Pelizzon and Weber (2005). Wédrmnsurvey information on the ten
financial assets with time series data on assteisgeand compute, for each investor, the
portfolio expected return and volatility, as delsed in Appendix B.

Since not all investors own risky assets, the Shaaio is defined for 1,365 out of
1,834 observations, 74.4% of the total sample. féheaining part of the sample invests
only in risk-free assets. The average Sharpe matestimated at 0.26. In contrast to the
uniformity of the Sharpe ratio predicted by staddAnance theory, the observed ratio
exhibits considerable sample variability, rangimgn 0.108 to 0.538 with a standard

deviation is 0.15.

chosen to stay out of the market on the basiseinformation purchased. In the data, even amoageth
who acquire information, some don't buy stocks,gesting that information is acquired before the
participation decision, at least for this group.
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3.3. Risk aversion

The UCS has an indicator of risk aversion patteraféel the Survey of Consumer
Finance: “Which of the following statements coméssest to the amount of financial
risk that you are willing to take when you make ybmancial investment: (1) a very high
return, with a very high risk of losing the mondg) high return and high risk; (3)
moderate return and moderate risk; (4) low retunh @o risk.®

Only 19% choose “low return and no risk”, so mast willing to accept some risk
if compensated by a higher return. A recent liten@bn eliciting preferences from survey
data shows that direct questions on risk aversienirformative and have predictive
power’

The survey has also another indicator of risk agarsbtained from the question:
“With which of the following statements do you agreost? (1) Risk is an uncertain
event from which one can extract a profit; (2) Rislan uncertain event from which one
should seek protection.” Most respondents (71%jvang2), considering risk a threat
rather than an opportunity. The two indicators iek raversion, though based on quite
different framing, are highly correlated. In the @ntal analysis we rely mostly on the
first indicator, but check the sensitivity of thesults using also the second. Table 3
reports sample statistics for the risk aversionceimrs.

Finally, the UCS also has detailed socioeconomicaiées for the respondent and
household members: education, gender, maritalsstahd residence. Summary statistics

for the variables used in the estimation are aponed in Table 3.

4. Deter minants of investment in financial infor mation

As shown in Section 2, the rational model and thleseh with overconfident but
utility-maximizing investors deliver similar predions on the determinants of investment

in information. Thus, one cannot rely on estimatdsthe demand for financial

® The question does not distinguish between relatidabsolute risk aversion. But since we can obftr
wealth, we can allow the risk aversion indicatorédlect differences in risk preferences that dan'te
from differences in endowments.

" See, among others, Guiso and Paiella (2008) amnBo et al (2011).

18



information alone to discriminate between the twodels. Yet, looking at these
determinants is useful for several reasons.

First, uncovering the determinants of financialomfiation acquisition matters
considerably for models of wealth inequality thaige on heterogeneous incentives to
acquire information as a source of heterogeneitgiarns to wealth, and thus a cause of
wealth concentration. Second, if the variables ttheory predicts should explain
investment in information play no role, one coutdwe that our indicator of information
or the explanatory variables are fraught with exrdrhird, the estimates of information
investment might provide indirect evidence on owafitlence. If variables which tend to
be associated with overconfidence - such as gendave no effect on information, one
may also doubt that overconfidence affects investdecisions. Finally, estimates of
information investment help identifying variabldgt can be used as instruments when,
later in the paper, we estimate the effect of imfation on portfolio performance.

The rational model in Section 2 suggests that thragables should affect
investment in information: wealth, risk tolerancedathe marginal cost of collecting
financial information. Figure 1 plots investmentfinancial information (measured in
minutes per week) against financial wealth. Thatreh is strongly positive, particularly
at low levels of wealth. Figure 2 shows that infation is negatively correlated with the
risk aversion indicator: investors who report to ek averse invest much less in
information than investors who are more risk tatera

Figure 3 plots information against education. Weehao direct measure of the cost
of information, and proxy it with years of scho@inEducation reduces the cost of
acquiring information because investors with higb@ucation need less time to obtain an
extra unit of information. On the other hand, imh@tion requires time, and since higher
education is associated with higher wages, investoth higher education also face a
higher marginal cost of time. In the regressionlysis we use also a dummy for
retirement as a proxy for the value of time, and expectation is that retired investors
spend more time in gathering financial informatidmepirically, we find a positive
association between education and information, isterd with the hypothesis that

investors with higher education have a lower cdshformation. Since education is also
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positively correlated with the value of time, theefficient is a lower bound of the cost
effect of educatiof.

The regression analysis in Table 4 confirms the-wagy correlations. Given the
categorical nature of the dependent variable, #tenates are performed by ordered
probit. We use three dummies for risk aversion,lueling the most risk-averse group.
Even when financial wealth, risk aversion and etlanaare introduced simultaneously,
each variable has an independent and statistisadiyificant effect on investment in
information. The economic impact of these variableswever, is rather different.
Raising financial wealth from the bottom to the tppartile lowers the probability of
making no information investment by only 2 percegetpoints (5% of the sample mean).
Risk tolerance has a much stronger impact: beinthénhighest risk tolerance group
lowers the probability of not acquiring informatidty 26 points (75% of the sample
mean); increasing education by 5 years (one stdrdariation) lowers the probability of
no information investment by 9 points.

Overall, these correlations lend support to thepldiost investigated by Arrow
(1987) whereby individuals can increase their pggfacquiring information on rates of
return. Because the value of information is disectllated to the amount to be invested,
the wealthy have stronger incentive to acquirermgtion, increasing the expected rate
of return. It is this mechanism that makes theritbistion of final wealth more unequal
than that of initial wealth. This mechanism canréaforced even further if the wealthy
are also more risk tolerant and better educatetareing their incentive to obtain
information and thus higher returns.

In column 2 of Table 4 we add a dummy for retiretr& a further proxy of the

cost of information, and an indicator of incomekrighis indicator equals one if the

8 An alternative interpretation is that those witiger education have a preference for finance. Some
individuals may obtain utility from collecting fingial information; for them the marginal benefit of
financial information is even larger and thus thayest more in financial information. Even if these
preferences are unobserved they will be refleatatieé information acquired. Having raised this ésswte
that unobserved taste for financial information sla®t necessarily affect the implications of the tw
models. If investors are rational, those who likeasfice purchase more information. But they alscefien
more from information, and the Sharpe ratio id ptiisitively correlated with information. If invess are
overconfident, those who purchase more informatiorpleasure are also hurt more: information are th
Sharpe ratio are negatively correlated, becausestows are overconfident, not because they likenfie.

We come back to this issue in Section 5.
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respondent is unable to predict if his or her ineomill fall significantly, increase
significantly or remain unchanged in the 5 yeat®¥ang the interview. In more general
models, any variable - such as income risk - tifi@cts the demand for stocks should
also affect the demand for information. For insi@grnitose who expect to allocate less
wealth to stocks, e.g. because of high income a#dg benefit less from information.
Consistent with this interpretation, income riskegatively associated with information.
The coefficient of the dummy for retirement is five as expected.

Column 3 adds other demographic variables to addourvariation in preferences
which are possibly correlated with wealth, educato risk aversion: region (a dummy
for living in the North), gender, marital statusdarity size. The results are qualitatively
unchanged, suggesting that the correlations betdieancial information and wealth,
education and risk aversion are not due to omddographic characteristics.

Controlling for gender is particularly important the present context. Previous
empirical literature suggests that men tend to lmeenoverconfident than women in
relation to male specific tasks, such as financen@eberg et al., 1994; Barber and
Odean, 2001). The positive coefficient of the medlenmy is consistent with this
evidence. The probability that males spend no timeformation is 33 percentage points
lower than females, while the probability of spemdmore than two hours per week is 45
percentage points higher. Of course, we cannot agutethat the male dummy reflects
omitted variables correlated with gender.

The other regressions in Table 4 report variousitieity checks. In column 4 we
replace the dummies for risk aversion with the raléve measure based on the
respondents’ opinion about risk. Viewing risk abraat rather than as an opportunity is
negatively associated with investment in informatiout the other results are unchanged.

Column 5 includes only stockholders, since acqgirinformation is mostly
relevant for them and those who don't have stocky provide inaccurate answers;
results are again similar to the total sample et Finally, column 6 drops those who
spend more than 7 hours per week to make sur¢hibabrrelations between information
and wealth, risk tolerance and education are rigedroy a small group of outliers with

above-average taste for financial information. €smates are again unaffected.
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Overall, the estimates are consistent with the thgmis that those who invest in
information do it because they expect, rightlyitaghe rational model) or wrongly (as in
the overconfidence model), to benefit from it woly in terms of average returns but
also in terms of risk adjusted returns. In the rsedtion we test whether, in fact, they are

right or wrong.

5. Information and portfolio performance

The regressions for the Sharpe ratio in Table Besgmt the core estimates of the
paper. Since the Sharpe ratio is not defined fdividuals who don't have risky assets,
we have valid observations for 1,365 investorsthi@se, 80% have accounts only with
Unicredit, while 20% also with other banks. In fa&er case, we observe both wealth

components.

5.1. Basdineresults

Column 1 reports OLS estimates using the indicatdinancial information as the
only explanatory variable. In a model where investare free from psychological bias,
cross-sectional differences in the Sharpe ratiseaanly from differences in correctly
processed information. Contrary to the predictibthe rational model, the coefficient of
information is negative and statistically differdndm zero at the 1 percent level. The
effect is also quantitatively large: those who shéetween 2 and 4 hours per week in
information have a Sharpe ratio that is 27% lowsant those who spend no time.
Increasing time spent in information from 30 mirsuper week (the median) to 2-4 hours
(the 90th percentile) lowers the Sharpe ratio byp%3 At the sample median of the
portfolio standard deviation, this is equivalent @017 basis points reduction in the
portfolio expected excess return.

The estimates may be affected by selection biaguses as noted above, the Sharpe
ratio is defined only for investors with positivenaunts of stocks. And some may choose
not to invest in the stock market precisely becahsy receive bad signals from the

market.
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To account for this source of selection bias, iluem 2 we report the second stage
regression of a Heckman two-step estimator. Tls $itage is a probit regression where
the decision to invest in risky assets dependsneesiment in information, financial
wealth (linear and quadratic terms), risk aversiand demographic variables.
Identification is obtained omitting financial wdaltfrom the second stage regression for
the Sharpe ratio. The restriction is implied by thedel of Section 2: if there are fixed
transaction costs, financial wealth affects thagdex to invest in risky assets, but it does
not affect the Sharpe ratio once information istagled for® The results are similar: the
coefficient of information is still negative andasstically different from zero, and its
magnitude is only slightly reduced.

Column 3 of Table 5 adds dummies for region, genaarital status and city size.
In the rational model these variables should nigicathe Sharpe ratio, unless they proxy
for differences in information not captured by ondicator. The coefficients of these
additional variables are jointly not statisticadliyferent from zero.

The results can be criticized for three reasonsstFthe negative correlation
between information and the Sharpe ratio may reflaobserved factors (not captured by
the demographic variables) that affect portfoliaf@enance and are correlated with
financial information. For instance, ability to name the portfolio differs across
investors, and smart investors could achieve aeniarpe ratio without spending too
much time in collecting information. Time spentimfiormation would then be negatively
correlated with unobserved ability, resulting imegative correlation with the Sharpe
ratio. A second criticism is that the negative etation may be the result of a systematic
downward bias in measured returns resulting frombserved taste for finance. Some
investors may trade and invest in risky assets usecghey like it, but the utility gain
from the extra risk is not reflected in the mongtportfolio payoff. Furthermore, since

these investors enjoy finance they also spend mmeecollecting information, hence the

° The first stage results indicate that those whash in information are more likely to invest irosks.
Causality however can run both ways depending erithing of the participation decision and inforioat
acquisition. The coefficient of risk tolerance wsfiive. Wealth has a strong positive effect ortipigation,
consistent with the presence of fixed transactust<
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negative correlation. Finally, if the informatioranable is measured with error the
estimates are biased towards zero.

These concerns imply that our information indicataght be correlated with the
regression error, producing biased estimates. Wdread these concerns using an
instrumental variable approach. We use as instrtsmi#e indicator of income risk and
the retirement dummy. As shown in Table 4, bothiakdes predict investment in
information and there is no obvious reason why steyuld affect portfolio performance
directly or be correlated with a taste for finance.

Column 4 of Table 5 reports the selectivity adjddié estimates. The coefficient of
information is negative, precisely estimated, ardér in absolute terms than in the OLS
estimates. The Sargan test of the over-identifygirictions does not reject the null
hypothesis that the instruments are orthogonahdoetror term. The value of the F test
for the excluded instruments in the first stageregsgion suggests that the estimates do
not suffer from a weak instrument problem.

Column 5 adds to the second stage IV estimates thummies for risk tolerance. In
the rational model, risk tolerance should not aftte Sharpe ratio, once differences in
information are controlled for. If our variablesntml imperfectly for differences in
information, the correlation between risk tolerarmed the Sharpe ratio should be
positive, because risk tolerance and informatiom @ositively correlated, providing a
supplementary test of the rational model. We fihdttrisk tolerance is negatively
correlated with portfolio performance: the Sharagorof the most risk tolerant group is
7.8 percentage points lower than that of the leakttolerant (the excluded category).
This result contrasts with the rational model; te textent that overconfidence is
positively correlated with risk tolerance, it mag bonsistent with the overconfident
model. The last regression in Table 5 excludessiore who spend more than 7 hours
per week collecting information. The informatiorefficcient is unaffected, implying that
the results are not driven by a small group of #twes with a taste for finance.

Table 6 repeats the OLS and IV estimates restgdtie sample to investors with
accounts only at Unicredit. For these investorsattiministrative data provide a complete

coverage of the household portfolio which is ndeeted by measurement error. The
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sample selection results in a loss of 451 housshwith multiple bank relations, so the
sample size drops to 914 observations. The patiethe estimates is unaffected: the
portfolio Sharpe ratio is negatively correlatedhiitvestors' information and the result is
robust to selection and correction for unobservettrogeneity. The notable difference
with respect to the estimates in Table 5 is thatesof the demographic variables (gender
and residence, in particular), affect the Sharpe.ra

The negative relation between the Sharpe ratiar@odmnation begs the question of
why informed investors attain a lower Sharpe ralgoit because their returns are “too
low” or because risk is “too high”? To distinguishtween these two possibilities, Table
7 reports regressions relating the expected reinchstandard deviation of the portfolio
to financial information. Investors who collect reoinformation obtain higher returns
(the coefficient is 0.135), consistent with Arrod©87) conjecture and the prediction of
portfolio models with endogenous information cdiiec. However, the portfolio
volatility is strongly increasing in informationyiding the negative correlation between
the Sharpe ratio and information reported in T&hl® line with models of overconfident

investors.

5.2. Sample splits by proxies of overconfidence

To assess the role of overconfidence, we expleithieoretical implication that the
negative correlation between information and thar@é ratio should be stronger for
investors that, a priori, can be classified as ‘&nowerconfident”, as in Figure 1.
Experimental evidence shows that overconfidenderdifconsiderably across individuals
and tasks (West and Stanovich, 1997). When indalglliare subject to multiple
experiments over different domains, those who shmre overconfidence in one domain
- e.g. a classical knowledge-based test of oveidente - tend to exhibit also more
confidence in other domains. This suggests thatetlage traits that are specific to
individuals (rather than to tasks) that affect diegree of overconfidence. There is indeed
evidence that stable characteristics such as gefedgr Lundeberg et al., 1994; and
Odean, 2001) or physical traits such as height Ohdd et al., 2017) predict

overconfidence. One reasons is that in tasksatteaspecific to a type, individuals of that
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type exhibit more overconfidence. In particularmore masculine tasks, such as finance,
males show more overconfidence than women andveisa. Experimental research also
shows that overconfidence is more likely to manifégself when individuals face
relatively difficult tasks, such as finance (Fisofftet al. 1977; and Yates (1990).

We split the sample using two different proxies doerconfidence. The first proxy
is based on how well survey participants think tkepw stocks. One robust finding of
the experimental literature is that when problemes grouped according to confidence
level, the greatest overconfidence is observethi®problems answered with the greatest
confidence, see Klayman et al. (1999). Furtherm@eyeral studies suggest that
overconfident individuals tend to overestimate rtHaiowledge, see Weinstein (1980),
Svenson (1981), and Taylor and Brown (1988). Accwig, we classify as
overconfident those who claim they know stocks veelivery well (56 percent of the
sample). The second split is based on gender,eoasbumption that finance is typically a
masculine task, as suggested by Barber and Odé€di)(2In our sample males are
responsible for financial matters of the househol@5 percent of the cases (85 percent
excluding singles).

Results are reported in Table 8. The coefficienintdrmation is more negative in
the groups that are classified as more overcontfideales and those who claim to know
stocks well. To provide a sense of the magnitudesived, we compute the percent
reduction in the Sharpe ratio when time spent ems®e from 30-60 minutes to 2-4 hours
per week. Evaluated at sample means, the redudtiorthe ratio in the high
overconfidence groups are between 10 and 20 pehigimér. The results are consistent
with the hypothesis that the propensity to takearitial risk increases with

overconfidence.

5.3. Robustness analysis using the 2007 sample

In the 2004 Unicredit Survey the Sharpe ratio isnested using a simple cross
section of portfolio weights and a times seriesas$et returns and covariances. One
concern is that the weights change in responsenftrrnnation and this is not well

captured by the portfolio composition of a singtess section of portfolios. To address
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this issue, we merge the 2007 Survey with admatis® data with monthly information
on 26 types of assets from January 2006 to Septe2ili®.

To compute the Sharpe ratio, we first classify 2Beassets and in the same asset
categories as in the 2004 survey: risk free, mediemm government bonds, long term
government bonds and stocks. We then define thghitgeeof each category as the ratio of
its corresponding value and the total value of ploetfolio in each month. Expected
returns, standard deviations and Sharpe ratiohefpbrtfolio are calculated for each
household and for each month using the same proeextufor the 2004 Survey. The
Sharpe ratio used in the regressions is then temge Sharpe ratio for each household
over the period January 2006 to September 2010u@irg years after the crisis does not
affect the results). Finally, we merge the housgHelel Sharpe ratio computed as
described from the administrative records with letwadd level demographic variables,
risk aversion and investment in financial inforroatifrom the 2007 survey to obtain our
final sample.

The regressions of Table 9 replicate, and confiha,analysis of Table 4. Wealth,
risk tolerance and education are positively assediwith investment in information, and
each of the coefficients is statistically differdram zero. The magnitude of the wealth
coefficient is lower in the 2007 Survey than in 2@4 Survey (0.27 against 0.62). One
reason is that the wealth measure in 2007 is sowrel#ls accurate than in 2004 as it
does not include financial wealth held in internaeis other than Unicredit. Results are
similar when we include other demographic varialfedumn 2) and trim the sample
excluding investors who spend more than 76 houns vpeek acquiring financial
information.

The regressions of Table 10 use as dependent leatilad Sharpe ratio and are
directly comparable with those of Table 5. Coluriijh refers to the total sample of 928
investors. The coefficient of the Sharpe ratio egative and statistically different from
zero, but somewhat smaller than in Table 5. Spijttthe sample by proxies of
overconfidence confirms that the coefficient ofoimhation is more negative in the
groups that we classify as more overconfident: éahefo claim to know stocks well

(column 3) and males (column 4). Overall, alsorgmilts based on the 2007 Survey are
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qualitatively remarkably similar to those using 20@ata, lending support to the

overconfidence model.

6. Conclusions

Investment in financial information differs considely across investors. There is
also a lot of heterogeneity in portfolio allocasgmortfolio returns and volatility, raising
naturally the question of what is the relation bestw financial information and portfolio
performance. Models with rational investors recagnihat information is valuable and
that investors have different endowments and peefms. Accordingly, investors
purchase different amounts of information, and ¢he$o purchase more information
achieve higher returns more efficient portfoliooalitions, as summarized by the
portfolio Sharpe ratio. Therefore, in models withtional agents, investment in
information and the Sharpe ratio are positivelyelated.

This implication is not borne out in representatai@veys of Italian investors.
Investors gather information according to the proins of portfolio models with
endogenous investment in financial information. Andre informed investors do indeed
obtain higher portfolio returns, contributing topéain why returns to wealth differ
systematically across investors, a mechanism retefa the current debate on the
sources of wealth inequality. But we find that istges that acquire more information
attain lower returns per unit of risk (a lower S¥aratio). This is not due to selection
bias or omitted variables, because the correlasiatill negative and even stronger when
we instrument our proxy for financial informationcaisition and when we account for
endogenous selection of stock market participants.

We argue that the empirical correlation between gbhefolio Sharpe ratio and
investors' information is more easily understood oiie allows investors to be
overconfident about the quality of their informatjowhile retaining expected utility
maximization. Overconfident, but otherwise rationalvestors, collect information
responding to the same economic incentives asnadtiovestors but, compared to the

former, collect too much information and rely toaieh on it. For moderate amounts of
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overconfidence, the correlation between the amotimtformation and the Sharpe ratio
is actually negative. Our findings are consisteithuwhese predictions. Furthermore, the
negative relation between the Sharpe ratio andnmdton is stronger among investors
that can be classified as more overconfident.

Overconfident investors realize lower Sharpe rato$ obtain higher portfolio
returns. Their wealth will tend to be higher thatheswise but it will also be more
volatile. In future research it will be interestitg investigate how these two effects of
financial information — higher portfolio returns uqg@ed with a more than proportional

increase in volatility — affect wealth inequality.
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Tablel
Effect of information and risk tolerance on portfolio perfor mance

Model with rational investors Model with overconfident investors
Effect of Effect of risk Effect of Effect of risk
information tolerance information tolerance
Portfolio + + +
expected return
Portfolio standard + + +
deviation
Sharpe ratio + 0 -
(more negative if  (if risk tolerance
more overconfident) is correlated with
overconfidence)
Table?2
Investment in financial infor mation
Time spent collecting No time Less than 30-60 1to2 2to 4 More
financial information 30 minutes hours hours than 7
minutes hours
% of investors 36.5 24.8 14.7 10.9 6.5 3.6
Equivalent number of 0 15 45 8.4 18 42
working days in a year
% owning stocks 59.2 82.0 85.2 95.0 93.3 98.5
% invested in stocks 12.6 21.8 24.2 31.0 35.6 43.1

Note.The table reports the sample distribution of timerd in financial information in a typical week.
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Table3
Summary statistics

Mean Standard deviation
Investment in information
Time spent collecting financial information 2.09 1.36
Financial wealth and portfolio performance
Respondent’s financial wealth (‘000 euro) 40.0 170.3
Household’s financial wealth (‘euro) 90.6 375.4
Expected return of the portfolio 1.02 0.44
Standard deviation of the portfolio 3.69 4.73
Sharpe ratio 0.27 0.15
Share of risky assets in mutual funds (portfoligedsification) 0.58 0.44
Risk aversion, trading and delegation
Low risk aversion 0.02 0.15
Moderate risk aversion 0.25 0.44
Medium risk aversion 0.47 0.50
High risk aversion 0.25 0.43
Risk is an opportunity 0.26 0.44
Trading activity (trades per month) 0.23 1.14
Demographic variables
Age 51.7 15.0
Male 0.68 0.46
Married 0.65 0.47
Living in the North 0.75 0.43
Living in a city 0.51 0.49
Years of education 11.1 4.23

Note. The table reports summary statistics forwagables used in the estimation. Means and stdndar
deviations are computed using population weigheg. Sppendix B for variables’ definitions.
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Table4

Deter minants of investment in financial infor mation

Total sample Sockholders Trimmed
only sample
(1) () (3) (4) (5) (6)
Financial wealth 0.619 0.548 0.478 0.487 0.334 .45
(0.092)**  (0.093)** (0.094)** (0.094)**  (0.095)** (0.099)**
Years of education 0.049 0.056 0.060 0.065 0.052 0580.
(0.006)**  (0.006)** (0.006)** (0.006)**  (0.007)** (0.007)**
Retired 0.270 0.221 0.189 0.109 0.180
(0.053)** (0.054)** (0.053)**  (0.060) (0.055)**
Low risk aversion 0.919 0.983 0.972 0.917 0.879
(0.147)**  (0.148)** (0.148)** (0.165)** (0.157)**
Moderate risk aversion 0.561 0.588 0.567 0.449 140.5
(0.076)**  (0.076)** (0.076)** (0.087)** (0.078)**
Medium risk aversion 0.356 0.374 0.367 0.285 0.381
(0.072)**  (0.072)** (0.072)** (0.083)** (0.073)*
Income risk -0.161 -0.154 -0.161 -0.131 -0.124
(0.059)** (0.059)** (0.059)**  (0.066)* (0.060)*
Risk is an opportunity 0.152
(0.056)**
Male 0.437 0.451 0.468 0.412
(0.061)** (0.060)**  (0.068)** (0.061)**
Married 0.086 0.088 0.086 0.078
(0.058) (0.058) (0.065) (0.059)
Resident in the North 0.325 0.314 0.274 0.343
(0.053)** (0.052)**  (0.059)** (0.054)**
Resident in a small city -0.038 -0.042 -0.012 09.0
(0.053) (0.053) (0.060) (0.054)
Observations 1,834 1,834 1,834 1,834 1,419 1,767

Note. Ordered probit estimates for time spent tpuae financial information. The trimmed sample lexies
investors who spend more than 7 hours per weekd&td errors are reported in parenthesis. Two stars

denote significance at 1% or less; one star sigaifte at 5% or less.
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Table5
Sharpe ratio and investment in financial infor mation: total sample

OLS Selection adjusted IV-Selection Adjusted
(1) (2) (3) (4) (5) (6)
Investment in information -0.018 -0.017 -0.016 @0 -0.052 -0.057
(0.002)**  (0.003)**  (0.003)** (0.022)** (0.020)**  (0.020)**
Male -0.015 0.019 0.008 0.004
(0.010) (0.016) (0.015) (0.013)
Married -0.007 -0.013 -0.011 -0.014
(0.009) (0.011) (0.010) (0.010)
Resident in the North -0.003 -0.015 -0.016 -0.015
(0.008) (0.010) (0.009) (0.009)
Resident in a small city 0.003 0.006 0.006 0.010
(0.008) (0.009) (0.009) (0.009)
Low risk aversion -0.078 -0.102
(0.029)** (0.028)**
Moderate risk aversion -0.078 -0.082
(0.013)** (0.013)**
Medium risk aversion -0.046 -0.045
(0.012)** (0.013)**
Mills ratio 0.006 0.003 -0.217 -0.149 -0.132
(0.017) (0.018) (0.076)** (0.072)* (0.054)*
Sargan test 1.311 0.876 1.065
p-value (0.252) (0.349) (0.302)
F-test for excluded instruments| 16.01 13.73 23.04
Observations 1,365 1,780 1,780 1,780 1,780 1,780

Note. The dependent variable is the Sharpe ratimpated as the ratio of the portfolio expected sxce
return and the portfolio standard deviation. Columreports OLS estimates, the other columns thensec
stage estimates of a Heckman selection model. Vh8election adjusted estimates use as instruments
dummies for income risk and retirement. The sammkides only those with financial investment. Tast
column excludes investors who spend more than #shpar week in information. Standard errors are
reported in parenthesis. Two stars denote sigmifieat 1% or less; one star significance at 5%ss. |
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Table 6
Sharperatio and investment in financial infor mation:
sample of investorswith only one bank relation

OoLS Selection adjusted IV-Selection Adjusted
(1) (2 (3 (4) (5) (6)
Investment in information -0.011 -0.018 -0.018 £ 4{0] -0.027 -0.029
(0.003)** (0.003)** (0.003)** (0.010)** (0.010)** (0.012)*
Male -0.005 0.004 0.001 0.005
(0.009) (0.011) (0.011) (0.011)
Married -0.025 -0.028 -0.028 -0.031
(0.009)** (0.009)** (0.009)** (0.009)**
Resident in the North -0.015 -0.019 -0.019 -0.022
(0.008) (0.009)* (0.009)* (0.009)*
Resident in a small city 0.002 0.004 0.003 0.004
(0.008) (0.008) (0.008) (0.008)
Low risk aversion -0.037 -0.039
(0.026) (0.027)
Moderate risk aversion -0.036 -0.036
(0.012)** (0.012)**
Medium risk aversion -0.031 -0.033
(0.012)** (0.012)*
Mills ratio -0.104 -0.122 -0.170 -0.162 -0.167
(0.019)** (0.020)** (0.036)** (0.036)** (0.034)**
Sargan test 0.001 0.024 0.000
p-value (0.980) (0.877) (0.996)
F-test for excluded instruments 18.04 15.73 23.0
Observations 914 914 914 914 914 868

Note. The dependent variable is the Sharpe ratimpated as the ratio of the portfolio expected sgce
return and the portfolio standard deviation. Thmla is restricted to households that have accowitts
only one bank. Column 1 reports OLS estimatespther columns the second stage estimates of a Hatkm
selection model. The IV-Selection adjusted estisatse as instruments dummies for income risk and
retirement. The sample includes only those witkarfirial investment. The last column excludes invasto
who spend more than 7 hours per week in informatandard errors are reported in parenthesis. stars
denote significance at 1% or less; one star sigpnifie at 5% or less.
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Financial information, excessreturn and standard deviation of the portfolio

Table7

Excess return

Standard deviation

Investment in information
Male

Married

Resident in the North
Resident in a small city
Low risk aversion
Moderate risk aversion

Medium risk aversion

Observations

1)

0.135
(0.008)**

1,780

@

0.127
(0.008)**
-0.006
(0.031)
0.031
(0.030)
0.171
(0.027)*
-0.094
(0.027)*

1,780

©)

0.115
(0.008)*
-0.011
(0.031)
0.031
(0.030)
0.182
(0.027)*
-0.093
(0.027)*
0.304
(0.079)*
0.221
(0.039)*
0.141
(0.036)*

1,780

(4)

0.999
(0.068)**

1,780

®)

938
(0.070)*
0.290
(0.261)
0.191
(0.252)
0.736
(0.226)*
-0.669
(0.225)*

1,780

(6)

0.823
(0.070)*
0.238
(0.258)
0.195
(0.248)
0.846
(0.223)*
50.6
(0.221)*
3.616
(0.653)*
2.045
(0.320)*
1.182
(0.299)*

1,780

Note. OLS estimates of the relation between thefq@ar expected return (columns 1-3) and standard
deviation (columns 4-6) and investment in finanaidbrmation. Standard errors are reported in piesis.
Two stars denote significance at 1% or less; caressgnificance at 5% or less.
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Table8
Sharperatio and investment in financial information.
Sample splits by overconfidence indicator s

Low knowledge  High knowledge Women Men
of stocks of stocks
(1) 2 3) (4)
Investment in information -0.006 -0.013 -0.009 E(310]
(0.007) (0.003)** (0.006) (0.003)**
Male -0.025 -0.003
(0.016) (0.012)
Married 0.012 -0.015 -0.008 -0.003
(0.016) (0.011) (0.016) (0.011)
Resident in the North -0.012 0.006 -0.038 0.011
(0.016) (0.010) (0.017)* (0.010)
Resident in a small city -0.004 0.003 0.013 -0.000
(0.015) (0.010) (0.016) (0.009)
Mills ratio 0.014 0.012 0.041 0.007
(0.029) (0.026) (0.029) (0.022)
Observations 482 883 376 989

Note. Selectivity adjusted estimates of the refatietween investment in information and the Sharpe
ratio for various sample splits. The first stagehitr of the two-stage Heckman estimator includes
investment in information, financial wealth lineand square, three dummies for risk tolerance,
education and demographics. Low and high knowlexfggtocks split the sample between those who
report knowing very well or well stocks, and thageo don’t. The sample includes only people with

financial investment. Standard errors are reparigoarenthesis. Two stars denote significance at 1%
or less; one star significance at 5% or less.
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Table9

Deter minants of investment in financial information - 2007 sample

Total sample

Total sample

Trimmed sample

Financial wealth
Education

Retired

Low risk aversion
Moderate risk aversion
Medium risk aversion
Male

Married

Resident in the North

Resident in a small city

Observations

@

0.271%
(0.051)
0.023**
(0.008)
0.063
(0.070)
1.229%
(0.220)
0.659**
(0.111)
0.208+
(0.104)

1205

@

0.274%+
(0.051)
0.024**
(0.008)
0.018
(0.071)
1.083%*
(0.221)
0.563%*
(0.113)
0.241%
(0.105)
0.658%*
(0.076)
0.041
(0.072)
0.004
(0.065)
0.201
(0.274)

1205

@)

0.286++
(0.054)
0.017*
(0.008)
-0.022
(0.073)
0.881%
(0.240)
0.520%*
(0.115)
0.240%
(0.106)
0.588%
(0.077)
0.062
(0.074)
0.063
(0.067)
0.241
(0.274)

1156

Note. Ordered probit estimates for time spent tguae financial information using the 2007 survépe
trimmed sample excludes investors who spend mane Thhours per week. Standard errors are reparnted i

parenthesis. Two stars denote significance at 1##ssr one star significance at 5% or less.
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Table 10
Sharperatio and investment in financial information - 2007 sample

Total Low High Women Men
sample knowledge of knowledge of
stocks stocks
(1) 2 (3) (4) (5)
Investment in information -0.007** 0.004 -0.01 1 %** 0.008 -0.010%***
(0.003) (0.006) (0.003) (0.007) (0.003)
Male -0.010 -0.026* -0.003
(0.009) (0.015) (0.012)
Married 0.018** 0.030** 0.014 0.009 0.021*
(0.008) (0.014) (0.0112) (0.015) (0.010)
Resident in the North 0.005 0.037*** -0.011 0.027* 0.003
(0.008) (0.013) (0.009) (0.015) (0.009)
Resident in a small city 0.047 0.062 -0.052 0.038 050.
(0.035) (0.039) (0.070) (0.052) (0.048)
Low risk aversion 0.044 0.038 0.052 -0.100 0.075*
(0.029) (0.053) (0.036) (0.074) (0.031)
Moderate risk aversion 0.025* -0.005 0.046** 0.020 0.031**
(0.013) (0.019) (0.018) (0.024) (0.016)
Medium risk aversion 0.0094 0.003 0.020 -0.007 9.01
(0.012) (0.017) (0.017) (0.021) (0.015)
Constant
0.191*** 0.165*** 0.196*** 0.170*** 0.183***
(0.014) (0.021) (0.021) (0.024) (0.018)
Observations
R-squared 928 314 614 272 656

Note. OLS estimates of the relation between inveatnn information and the Sharpe ratio for total
sample and various sample splits using the 200fegutow and high knowledge of stocks split the
sample between those who report knowing very wellell stocks, and those who don’t. The sample
includes only people with financial investment.ritard errors are reported in parenthesis. Two stars
denote significance at 1% or less; one star sigaifte at 5% or less.

43



Appendix

June 12, 2018

A: The rational and the overconfident models

For our purpose, Peress (2004) framework is the most appropriate. As in
Peress (2004), we consider a rational investor who chooses between a risk free
asset (a “bond”) and a risky asset (a “stock”). We first recall the expressions
for the equilibrium price P, the optimal portfolio share of stocks af and the
optimal level of information acquisition xf. The equilibrium price, for small
levels of z, which scales the level of risk in the economy is :

InP ~ pz = po(i)z + pr(i)(mz — pbz) —rfz
where:

7z ~ N((Er)z,022) is the payoff of the risky asset
0z ~ N((Ef)z 02z) is the supply of the risky asset
Er EO0 1

. 1
poli) = (g +ig+3)
. 1
pe(i) = /_107%
h 1 22 Z . .
h = S+5+-— (aggregate precision)
O'ﬂ_ 0'0 n
i o= /xij(WOJ)dG(‘T?, WOj) (aggregate information)
J
no= / Tj(WOj)dG(xf’ Wo,) (aggregate risk tolerance)
J

7;(Wo;) (absolute risk tolerance)
dG(acf, Wo;) (density of investors with xf, Woj;)

xf is the amount of information acquired by investor j and is given by:



h(i,0)n? + 2in + 03
q

LT T
B0 1
7 Gn o
. R 1 R
h(i,zj) = 07—5-(734-3:]»

Theorem 1 in Peress (2004) proves that the optimal amount of information
is increasing in absolute risk tolerance 7(W;) and wealth, and decreasing in the
marginal cost of information. It also shows that there is a wealth threshold
below which the investor does not purchase information.

The optimal share of stocks is:

, . R
r_T(W;) (En  iE0 2 rSj 1 o R
of =T |G g g g G )

where SJR is the signal received on the true payoff Il by investor j as he purchases

the amount of information xf :

z
SJR = S(xf):ﬁz+ i
\ %

e ~ N(0,1)

0.1 The Sharpe ratio of the rational investor

The Sharpe ratio of the rational investor (dropping the index j for simplicity)

1S:

Sharpe® = E(afre) _ portfolio mean excess return

V (aBre) ~ portfolio standard deviation

where 7€ is the excess return on the stock:

. H-—P ¥
=7 !z

and the expected mean excess return on the portfolio is:

E(afir) = E(E(afr¢| S, P))
= Eo®E(r°| S%, P)

Let us define

(the Sharpe ratio of the portfolio return)
V = V(rz|SE P)



One can show that:
E(re| §%, P) ~ \F

=R

So that:

E(afre) = E(()\R)Q)%
(W)

_ i
= (TR

And the variance of the excess return on the portfolio is:
V(ar®) = E(V(afre | S®, P)) + V(E(a"r¢| S®, P))
Since the mean excess return on the portfolio is of the order of z, V(E(a®r|

ST P)) is of the order of 2% and is negligible at the first order in z with respect
to E(V(afire | ST, P)). This implies that:

V(afre) ~ E(V(a®r¢| S%, P))
— E((a™?*V(r* | S5 P))
E((a®)?V(xz| S%, P))
(A7) Ly <T(W)>2
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and finally the Sharpe ratio is given by:
Sharpe® = \/¢(i, zR)z

As shown in Peress (2004), Appendix B, the Sharpe ratio of the rational investor
increases with z® and the amount of information purchased.

0.2 The effect of overconfidence

We now introduce overconfidence in the previous model and compute the opti-
mal portfolio and the optimal amount of information purchased by the overcon-
fident investor. We assume that overconfident investors have mass zero among
all other rational agents, so they don’t affect the equilibrium price or the choice
of other rational agents.

An overconfident investor who purchases the amount of information x
thinks he is receiving the signal S¥ = 7z + wx¢€ although he is actually
receiving the signal S(z€). That is, he overestimates the true precision of the
signal by a factor K > 1 measuring the degree of overconfidence. This alters the
signal extraction problem he solves when he computes the optimal portfolio and

K



chooses the optimal amount of information. Since the overconfident investor
behaves as a rational investor who gets a signal with precision K% the optimal
amount of information purchased is:

1
C'(a) = (W) K e, (Kl )

Following the same line of proof as Peress (2004), optimal information of the
overconfident investor increases with risk tolerance, wealth and degree of over-
confidence K, and decreases with the marginal cost of acquiring information.
Here too, there is a threshold level of wealth below which the overconfident in-
vestor does not acquire information but, ceteris paribus, the threshold is lower
than for the rational investor. This can be seen by noticing that information is
not acquired if C’(0) > 37(W;)K¢/(0), which requires a lower value of wealth
the larger is K.
The optimal portfolio is given by:

w TW;) (Er iE0 i? SE 1 ) K
o :Wj]<0727 U—g—l—;g(ﬂ—/w)-i-l(xj7+§—(p+Tf)h(z,Kxj)
Proof: The proof follows Peress (2004) except for the signal extraction problem.
Now:

1 En 1E0 i? 0
E SK P = - | — _— _ K KSK
w21 5P) = gy (e gt gl i
Virz | S5, P) = ——
(= | 57, P) hi, Kak)

and for small z the optimal portfolio is still given by :
x  T(W;) E(mz | SF,P)+ 3V (nz | S, P)—pz—riz
YT T, V(nz | S, P) '

Substituting for the expected stock return and variance conditional on the signal
gives the optimal portfolio choice above.

0.3 The perceived Sharpe ratio of an overconfident in-
vestor

The perceived Sharpe ratio of an overconfident investor can be computed exactly
along the same lines followed for the rational investor but conditioning on the
perceived signal. This gives:

Perceived Sharpe’ = \/¢(i, KzK)z

The perceived ratio increases with K (the overconfidence parameter) and z€
(the amount of information purchased). Thus, the overconfident investor is
indeed tempted to purchase even more information than the rational investor.
However, the true Sharpe ratio of the overconfident investor is different from
the one he expects.



0.4 The actual Sharpe ratio of an overconfident investor

To compute the true Sharpe ratio of the overconfident investor, we need to
condition on the true signal:

E(ofr®) = E(E(a®r¢| ST, P))

Define:
GBE K R
w
\RK  _ RK
o T(W)\/V

where o’ denotes the portfolio choice of a rational investor who would be choos-

ing the amount of information z*.

Thus the average portfolio return of the overconfident investor, conditioning
on the true distribution of signals, is:
E(E(a®r¢| S® P)) = E((a®+a®*)E(r°| SE, P))
(W) R RK\\R
= —2FE(\ ATA
L BV 4 ARK)
_ (W) R)\2 RK\R
= T (B + BQOREAR))
and the portfolio variance:
V(afre) ~ EWV(a®re| ST P))
E(af'® + ™2V (r | SB, P)
W 2
_ (T(VV)) (EORE 4 ARy2)
W 2
_ (T(VV)> (E()\RK)2+E()\R)2+2E()\R/\RK))

Thus, the true Sharpe ratio of the overconfident investor is:

E((AR)?) + E(ARK \R)
VEE)2 + E(\EK)2 + 2E(A\RARK)

Sharpe’ =

Note that F ()\R)2 is the square of the Sharpe ratio of an investor who is
not overconfident and perceives the signal correctly but who would purchase the
amount of information z. We are interested in showing how the Sharpe ratio
of the overconfident investor compares to that of the rational investor and how
it varies with the amount of information 2.

Let us compute the different terms that come into play:

1

P m——;
zh(i, 2¥)



(po(@)(i/n — ™)z + m2(1 = pr (i) (@™ — i/n) +
(02/3)((1 = px(i))i/n + pa(D)2™) + Vzake)
ARE 1 X
zh(i, oK)
(—(K = D)apo(i)z + (1 = pa()) (r2) (K — 1) 2 +
P (D)(K — 1)z’ (02/i) + e (VK — 1)V 22K)
where ¢ is a random variable with a standard normal distribution (mean 0 and

variance 1)
And where (to a first-order approximation in z):

E((\%))? = ¢(i,z™)

Ry\RK a
EM\AYY) = n(i, 25 X
(L= pr(0)?07 + (px()* ZH) (@™ —i/n)(K — 1) +
peli) -8 (K 1) + (VE ~ 1)
and
(%)
EOU? = 1 (U p0)P0? + po(i)0} i) (€ — 17
2K
+(VK — 1)27]1(2,)#(>

Going back to the expression for the “true” Sharpe ratio of the overconfident
investor, we have that:

N
Sharpe® = ﬁ
where:
N = EQ\)?+ BN
D = EW\R)?2 L 2B\ENRE) L p(ARK)?

Although it is not obvious from the formulas that Sharpe® < Sharpe?, we
know that the amount of information purchased by the overconfident investor
oK is strictly greater than that purchased by the rational investor, so that
the portfolio allocation of the overconfident investor is suboptimal given the
equilibrium returns, implying Sharpe® < Sharpef®. (In equilibrium, the Sharpe
ratio is maximized at the optimal level of information given the true signalling
structure).



To see how the Sharpe ratio varies with a marginal increase in information
, we compute the derivatives of the various terms of the ratio with respect to
x

o e 1
oxK N oxk T 4(h(i7xK))2
DE(ARARK) o
S G S Y o
i o2
(C(™ —i/n)(K - 1) +pn(i)ﬁ7§(K ~1)+ (VK - 1))

1 K
g (h(i,xK) - (h(i,a:K))2>

where C = (1 —p,(i))%02 + pr(i)?02 /i
w _ 22X _ (xK)z 12
ozK B (h(LxK) (h(i,zK))? CE-1)

K

+(¢§—1)2< L )

hi,x%)  (n(i, z%))?

So that:
ON OE(\R)2  OE(\EAERK)
oxk OxX + oxkX >0
oD OE(\F)? OE(AEAREY  gE(A\K)2
9rk P 2 OzX L S 0
And finally:
K 9D
0Sharpe _ 1 ON VD — N-BzK
oz K D\ 9zK 2D
1 ON oD
~ 9DVD (28$KD_N8:EK>

A marginal increase in the amount of information of overconfident investors
has two effects. It increases the true excess mean return of the portfolio (% > 0),
but it also increases the true variance of the excess return ((%—9( > 0).

Proof of Propositions 1 and 2. In general, it is not possible to establish
analytically the sign of the above derivative. But we see that for large K, the
extra term E(A%)? in the denominator of the Sharpe ratio of the overconfident
investor dominates and the Sharpe ratio becomes:

Sharpe™ ~ B for large K

_
h(i, z¥)



where B is a positive constant. Since h(i, z%) is strictly increasing in %, when
overconfidence is sufficiently large the Sharpe ratio is decreasing in K.

To see how the Sharpe ratio varies with the amount of information and the
degree of overconfidence, we evaluate the ratio using the same assumptions as
in Peress (2004, Section 6). In particular, we use a CRRA specification for
the utility function with a coefficient of relative risk aversion of 5 to compute
the level of aggregate risk tolerance n (using the same number for aggregate
financial wealth of 5,184 billion dollars):

n = 1,037 billion (USD)

and:
02 = 0.0275 (the historical moments of stock returns in the US)
EO = nx2750
o3 = nx6.539
po= 100 xn

The computation is not meant to be realistic but rather to provide a qual-
itative numerical description of how the Sharpe ratio varies with information
and the overconfidence parameter. Figure Al plots Sharpe® as a function of
z¥ for the increasing degree of overconfidence starting with K = 1.

We see that the true Sharpe ratio of the overconfident investor is strictly
lower than the Sharpe ratio of the rational investor and decreasing in the level
of overconfidence. The sensitivity to the amount of information is also lower
the higher the degree of overconfidence. Furthermore, for K sufficiently large,
the Sharpe ratio is negatively related to the amount of information at all levels
of information. In our computations the relation between the Sharpe ratio and
information becomes negative when overconfidence is such that the investor’s
perceived standard deviation of returns is half its true value.



B: Data sources and variables’ definitions

The Unicredit Survey

The Unicredit Survey of Investors’ Behavior (UCS) draws on the popula-
tion of clients of one of the two largest Italian banks. The sample includes
1,834 individuals with a checking account in one of the banks that are part
of the Unicredit Group. The sample is representative of the eligible popula-
tion of customers, excluding customers less than 20 years old or older than 80,
and those who hold accounts of less than 1,000 euro or more than 2.5 million
euro. UCS goal is to study retail customers’ behavior and expectations. The
survey has detailed information on households’ demographic structure, wealth
(both within and outside the bank), and income. It has data on multi-banking,
attitudes towards saving and financial investment, propensity to take finan-
cial risk, retirement saving and life insurance. Interviews were administered
between September 2003 and January 2004 by an Italian leading poll agency,
which also serves the Bank of Italy for the Survey on Household Income and
Wealth (SHIW). Most interviewers had substantial experience in administering
the Bank of Italy SHIW, which is likely to increase the quality of the data. The
Computer Assisted Personal Interview (CAPI) methodology was employed for
all interviews. Before the interview, each customer was contacted by phone.

The sampling design is similar to that of the Bank of Italy SHIW. The popu-
lation of account holders is stratified along geographical area of residence (North-
East, North-West, Central and Southern Italy), city size (less than 30,000 in-
habitants and more), and wealth held with Unicredit (as of December 31, 2003).
The questionnaire was designed with the help of field experts and academic re-
searchers. It has eight sections, dealing with household demographic structure,
occupation, propensity to save, to invest and to risk, individual and household
financial wealth, real estate, entrepreneurial activities, income and expectations,
life insurance and retirement income. The wealth questions match those in the
Bank of Italy SHIW, and allow interesting comparison between the wealth dis-
tributions in the two surveys.

An important feature of the UCS is that sample selection is based on indi-
vidual clients of Unicredit. The survey, however, contains detailed information
also on the household head - defined as the person responsible for the financial
matters of the family - and spouse, if present. Financial variables are elicited
for both respondents and household.

Construction and definition of wealth

UCS contains detailed information on ownership of real and financial assets,
and amount invested. Real assets refer to the household. Financial assets refer
to both the account holder and the household. For real assets, UCS reports sep-
arate data on primary residence, investment real estate, land, business wealth,
and debt (mortgage and other debt). Real asset amounts are elicited without
use of bracketing.

Two definitions of financial wealth are available. One refers to the individual
account holder, and the other to the entire household. The two can differ
because some customers keep financial wealth also in different banks or financial



institutions (multi-banking) and/or because different household members have
different accounts.

Calculation of financial assets amounts requires some imputation. First of
all, respondents report ownership of financial assets grouped in 10 categories.
Respondents are then asked to report financial assets amounts; otherwise, they
are asked to report amounts in 16 predetermined brackets and if the stated
amount is closer to the upper or lower interval within each bracket. The ques-
tions are the same used in the Bank of Italy SHIW.

Expected return, standard deviation and Sharpe ratio

To construct the portfolio Sharpe ratio we rely on Pelizzon and Weber (2005),
who further classify the 10 UCS asset categories in short-term government bonds
(considered to be the risk-free asset), medium-term government bonds (MTGB),
long-term government bonds (LTGB), and stocks, as explained in the table be-
low. The questionnaire does not contain exact information on the maturity of
government bonds, and the composition of mutual funds and managed invest-
ment accounts. Even if the precise split is not known, the survey asks if mutual
funds are predominantly stocks or bonds, and we can combine this informa-
tion with aggregate data to reclassify mutual funds and managed investment
accounts.

Asset type Fraction with Reclassified asset
positive amount category in the UCS
of the asset
Bank accounts 94.1 Risk-free
Repurchase agreements 4.9 Risk-free
Certificate of deposits 7.9 MTGB
Government bonds 28.8 Risk-free, MTGB, LTGB
Corporate bonds 27.7 MTGB
Derivatives 2.9 Stocks
Sharesof listed companies 394 Stocks
Shares of unlisted companies 3.1 Stocks
Mutual funds 414 MTGB;,stocks, risk-free
Managed investment accounts 23.3 MTGB,stocks, risk-free

Note. The table reports the reclassification of the assets in the UCS in
three asset groups: risk-free, medium term government bonds (MGTB), and
long-term government bonds (LTGB).

We estimate the proportion invested in stocks using the average portfolio
allocation of Ttalian managed funds in the 2004 Assogestioni Technical Report.
For those who state that mutual funds or managed investment accounts are
mostly stocks we assume that 88.61% is invested in stocks, 1.47% in bonds,
9.92% in the risk-free rate asset. For those who state that they are equally
distributed between stocks and bonds, we assume that 43.07 percent is invested
in stocks, 49.56% in bonds, 7.37% in the risk-free rate asset. For those who
state that they are mostly invested in bonds, we assume that 1.55% is invested
in stocks, 93.3% in bonds, 5.2% in stocks. Government bonds are allocated
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according to the composition of Italian public debt: 55% short-term bonds, 1%
medium-term bonds, 54% long-term bonds.

Pelizzon and Weber then estimate the first and second moments of asset
returns. Holding period returns for short term government bonds are computed
from the 6-month Treasury Bill rate, assumed to be the risk free rate. For
MTGB the holding period returns is a weighted average of holding period returns
of medium term government bonds (80%) and corporate bonds (20%). The
holding period return of medium term government bonds is derived from the
RENDISTAT index assuming a duration of two years. For corporate bonds we
use the RENDIOBB index (the index of Italian corporate bonds yields) and
a duration of three years. For long term bonds we use the estimated term
structure of interest rates and a duration of five years. All returns are net of
withholding tax, on the assumption that for most investors other tax distortions
are relatively minor (financial asset income in Italy is currently subject to a
12.5% withholding tax). Stocks returns are computed from the MSCI Italy
Stock Index total return.

The sample period is 1989-2003, because some assets did not exist prior to
1989. Pelizzon and Weber exploit the convergence process of Italian interest
rates to German rates that accelerated dramatically before the introduction of
the Euro in January 1999. Using Weighted Least Squares, the early return
series are down-weighted more the farther away they are from November 1998,
and weight one after November 1998. The weights are a geometrically declining
function of the lag operator multiplied by o, with o equal to 0.8. The weighted
series is used to compute sample first and second moments reported below.

’ \ LTGB \ MTGB \ Stocks ‘

Excess returns % 1.740 0.945 2.179
Standard deviation % | 4.271 2.155 | 20.231

Correlation matrix 1 0.948 -0.194
1 -0.127
1

Note. The table reports excess returns, standard deviation, and correla-
tion matrix of medium term government bonds (MGTB), long-term government
bonds (LTGB) and stocks. The return on the risk-free asset is 0.9275 percent.
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Figure 1: Sharpe ratio
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Figure 2: Information and portfolio Sharpe ratio

Notes: The figure plots the relation between investment in information and the portfolio expected
Sharpe ratio for the rational investor and for investors with different values of the overconfidence
parameter. Calculations are made calibrating the model with the same parameters used by Peress
(2004): CRRA utility with relative risk aversion equal to 5, variance of stock returns equal to 2.75%,
and equity premium of 6.5%. The relation between the expected Sharpe ration and investment in
information becomes negative when overconfidence is such that the investor’s perceived standard
deviation of stock returns is half its true value.
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