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Abstract 
  
Using data for a large sample of on-line 401(k) accounts in 2007 and 2008, we examine the determinants 
of daily investor decisions to login and view the value of their portfolio.  Consistent with a theory in 
which information directly affects investor utility, we find that the number of investors who check their 
accounts drops by 8.7% after market declines compared to market increases. We confirm that this 
behavior – which we call the ostrich effect because it involves avoiding bad news – is robust to various 
econometric specifications and varies with investor characteristics. We also confirm that ostrich 
behavior is a relatively stable personal characteristic over time. Individuals who display ostrich behavior 
in 2007 are more likely to display ostrich behavior in 2008.  
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Investors have many competing demands on their time and attention. Sometimes investors 
acquire and process financial information; other times they concentrate on other activities. Previous 
research has largely studied investor attention at the level of individual stocks (e.g., attention grabbing in 
Barber and Odean, 2008) and accounting disclosures (e.g., limited attention in Hirshleifer and Teoh, 
2003, and Hirshleifer, Lim, and Teoh, 2009). In contrast, rather than studying what stocks and 
disclosures investors pay attention to, this paper investigates when investors pay attention to their 
personal portfolios. Our goal is to identify factors which cause financial attention to vary over time and 
across investors and, specifically, to investigate the role of emotion in financial attention.   
 
 The standard model of investor behavior assumes that investors maximize their expected utility 
from a flow of consumption over time (Merton, 1973). With time-separable utility, the standard model 
has the strong implication that information about day-to-day fluctuations in the value of an investor’s 
portfolio affects the investor’s utility only indirectly via its impact on trading and consumption decisions.  
Current portfolio information is assumed to have no impact on current investor utility unless it leads to 
an immediate change in current consumption.  
 
 The reality – as any investor can attest – is quite different.  Investors experience day-to-day 
swings in utility – pleasure and pain – from fluctuations in the values of their portfolios. They feel good 
when their portfolio increases in value, and feel bad when its value declines; that is, fluctuations in 
portfolio values give rise to emotion swings.2  Consequently, investors do not just use financial 
information as an input in decision-making; they also derive positive and negative utility directly from 
information about changes in the value of their portfolio. Such information-dependent utility, we argue, 
has potentially significant implications for investor attention and, ultimately, for asset pricing. 
 

Investors presumably acquire and pay attention to financial information when the increased 
utility from better informed trading and consumption decisions exceeds the costs of acquiring and 
processing information. For example, Gabaix and Laibson (2001) and Abel, Eberly, and Panageas 
(2007) model investors as solving a dynamic optimization problem with portfolio adjustment costs due 
to costly information processing. With information-dependent utility, the emotional impact of paying 
attention to unfavorable (favorable) information is a further cost (reward) to financial attention in 
addition to transactional and opportunity costs.  

 

                                                 
2 Investment advisors provide anecdotal evidence of the emotional impact of market fluctuations on investors and the need 
for emotional “hand-holding” – that is, preventing clients from making rash decisions in the heat of the moment, particularly 
following large losses. An article in the Daily Bell Newswire on 9/20/2011 titled “Advisers emphasize calm as global 
depression gathers” cites a survey by Russell Investments finding that “more than half (55%) of advisors say the most 
valuable service they provide to clients in or near retirement ‘is helping the client maintain perspective and think clearly 
about events and trends.’" (http://thedailybell.com/2969/Advisers-Emphasize-Calm-as-Global-Depression-Gathers). An 
article in the Kansas City Business Journal titled “Stock market’s wild ride has financial advisers calming jittery clients” 
stated that “The stock market roller-coaster ride of the past few weeks has local investment advisers busy trying to calm the 
fears of clients and keep them focused on long-term investment strategy.”  An article in The Indianapolis Business Journal 
on 9/2/2011 titled “Investment guru on calming clients,” quotes advisor Michael Bosway saying that “In a tumultuous time, 
we spend more time trying to talk people out of things than trying to talk them into things. They all want to run for the hills, 
whereas we need to look at it as, rather than following the herd, you have to go against the herd [and consider investing]. 
That’s where the opportunities really lie.” (http://www.ibj.com/leading-questions-investment-guru-on-calming-
clients/PARAMS/article/29248) 
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Karlsson, Loewenstein and Seppi (2009) model attention with information-dependent utility and 
derive a prediction, which they call the ostrich effect,3 that investors will pay less attention to their 
portfolios in down markets (when bad news is likely) than in up markets (when good news is likely). 
The key idea is that attention intensifies the utility impact of news, so that investors try to avoid paying 
attention to emotionally salient portfolio information when, based on public news about market index 
returns, their personal performance can be predicted to be negative. In other words, investors mitigate 
the emotional pain from predictable bad news by not paying attention.  

 
The ostrich effect is consistent with a large body of research in economics and psychology on 

selective exposure which addresses the idea that, in some situations, people avoid obtaining information 
(Ehrilch, Guttman, Schonbach and Mills, 1957, Brock and Balloun, 1967; Frey and Stahlberg, 1986; 
Witte, 1998; Jonas, Schulz-Hardt, Frey and Thelen, 2001; Caplin and Eliaz, 2003; Koszegi, 2003). 
However, this prior research has not specifically examined the impact of prior signals on attention.  
According to the ostrich effect, information avoidance is driven by the psychological idea that knowing 
is more emotionally impactful than merely suspecting based on prior signals.4   

 
 This paper investigates investor attention using a novel type of data: Account logins (look-up) 
decisions of individual on-line investors.  Account logins are a directly observable metric for investors’ 
decisions to pay attention to, or to ignore, their personal portfolios.  In contrast, previous research has 
often used trading as a proxy for attention.  However, trading has an errors-in-variable problem as a 
proxy for attention since trading is the combined result of both attention and an active decision to do 
something.  Iinvestors may be paying attention to their financial condition even if they ultimately decide 
not to trade.  Empirically, we show that trading drastically understates investor attention relative to 
account look-ups. Moreover, since checking an on-line account is trivially easy, the costs of logins are 
primarily the psychological and opportunity (time) costs of attention. Our account-login metric is similar 
to the Google search metric in Da, Engelberg, and Gao (2011) except that our focus is on investor 
attention to their personal portfolios as opposed to attention to particular stocks. 
 

We use account logins to investigate the determinants and demographics of investor attention. 
Our analysis builds on Karlsson, Loewenstein, and Seppi (2009) who find empirical support for the 
ostrich effect using aggregate data on the total number of account logins at a Swedish pension and at a 
US brokerage company.  In the present paper, we study panel data on individual account-level daily 
logins for a large anonymous sample of 401(k) investors over a two-year period (2007-2008) at the 
Vanguard Group Inc. After first replicating the aggregate results from the prior KLS paper, we extend 
them to include longer return lags and to allow for non-linearities in the attention/return relation. We 
also use our account-level panel data to investigate the attention behavior of individual investors.   Our 
main findings are 

 
 Investors, in aggregate, check their 401(k) accounts less frequently in down markets than in up 

markets.  This is consistent with the hypothesized ostrich effect. 
 The aggregate ostrich effect is present for returns over the prior day, week, or month.  The effect 

weakens over longer lags suggesting that the emotional saliency of returns lessens with the passage of 
time. 

                                                 
3 See Galai and Sade (2006) for a related but somewhat different use of the same term. 
4 The cash realization bias in Barberis and Xiong, 2009 is another example of the idea that different types of knowledge have 
different levels of emotional saliency. 
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 The relation between investor logins and lagged returns may be non-linear.  In extreme crises, an 
information-seeking curiosity effect can outweigh the ostrich effect and cause investors to log in 
despite predictable bad news. 

 There are demographic differences in investors’ total level of attention and ostrich behavior.  For 
example, men are more likely than women both to pay attention to their portfolios and to exhibit 
ostrich behavior. There is also substantial residual heterogeneity in attention across investors after 
controlling for demographic and account characteristics. 

 Ostrich behavior in individual investors in 2007 is highly correlated with ostrich behavior in 2008. 
This is consistent with “ostrichness” being a stable personal characteristic. 

 Investors with no equity exposure are more likely to be “anti-ostriches” in that they log in more when 
the market goes down.  This is consistent with a comparative variant of the ostrich effect driven by 
mental accounting and the opportunity cost of having not been invested in the stock market, or by 
perceptions of gains and losses driven by relative comparisons with stock-owning acquaintances.  

 
Our results have broader implications than simply documenting the ostrich effect and its situational 

and individual causes. First, our findings give insights into household finance (see Campbell, 2006) and 
how individual investors actually behave.  In particular, our results suggest that risk preferences are not 
simply an innate psychological trait but rather are a product of both psychological predispositions and 
active behaviors which investors use to manage the utility impact of news.  Second, our results provide 
empirical support for the existence and importance of information-dependent utility. Although it is 
plausible that investors derive emotional pleasure and pain from fluctuations in their wealth, it has been 
difficult empirically to demonstrate the existence of information-driven emotional swings in investors, 
let alone the consequences of emotional swings for investor behavior.  Prior research on investor 
emotions focuses on how trading responds to exogenous events believed to influence emotions (e.g., 
weather in Hirshleifer and Shumway, 2003; outcomes of sport competitions in Edmans, Garcia, and 
Norli, 2007).   However, in addition to the errors-in-variable problem associated with using trading as a 
proxy for attention, it is unclear a priori exactly how emotions should affect trading.  Some research in 
psychology suggests that positive emotions suppress risk-taking (Isen and Geva, 1987; Mittal and Ross, 
1998), but other research finds the opposite (Mano, 1994), and still other research shows that the impact 
of emotions on risk-taking depends in a more nuanced fashion on the characteristics of the risks (Isen 
and Patrick, 1983) and the specific emotion experienced (Raghunathan and Pham, 1999; Lerner and 
Keltner, 2001).  Alternatively, emotions may affect investor behavior via their impact on over-
confidence and other behavioral biases. 
 

Information-dependent utility is important not just because of its role in investor attention, but 
because it can influence asset pricing and the risk-reward trade-off. Recursive preferences (Kreps and 
Porteus, 1978; Epstein and Zin, 1989; Weil, 1990; see also a recent survey in Backus, Zin, and 
Routledge, 2004) represent current utility as a function of both current consumption and of beliefs about 
expected future utility.5  Information-dependent utility can explain a variety of otherwise anomalous 
empirical market phenomena because information about future consumption can affect the equilibrium 
pricing kernel even if current consumption is unchanged. For example, Barberis, Huang, and Santos 
(2001) show that a model in which investor utility depends directly on financial wealth can explain the 

                                                 
5 Depending on the relative magnitudes of the intertemporal elasticity of substitution and the coefficient of relative risk 
aversion, investors may have a strict preference for early or late resolution of uncertainty about risky gambles.  This could 
lead to discretionary attention decisions in one direction; namely to always ignore or to always pay attention. In contrast, the 
ostrich effect predicts changing state-dependent attention based on the public past index return history. 
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equity premium puzzle as well as the low correlation between stock market returns and consumption 
growth (for earlier treatments, see Gneezy and Potter, 1997; Benartzi and Thaler, 1995). In long-run risk 
models (Bansal and Yaron, 2004), information-dependent utility can magnify small but persistent 
changes in long-term dividend growth rates to help explain (otherwise surprisingly) large changes in 
asset prices.   

 
 The outline for this paper is as follows: Section I describes our account login panel data, and, 
since login data are new to finance research, gives some basic descriptive facts about account logins as a 
measure of investor attention to their portfolios.  Section II documents the ostrich effect in aggregate 
login decisions and then describes the demographics of ostrich effect in individual investors.  Section III 
concludes and discusses directions for future work. 

 
 

I. Data  
 

Our account panel data were provided by the Vanguard Group, Inc.  The data include 
anonymous detailed information on 1,168,309 defined contribution plan accounts over the 2007-2008 
sample period. These accounts include mostly 401(k) accounts, but also money purchase pension plans, 
profit-sharing plans, a few ESOP accounts (i.e., company stocks only), and 403(b) plans (e.g., 
universities).  The data include information on 
 
 Daily account activity:  For each account for each day, the number of times individual investors 

logged in to their account, a daily dummy variable for whether there was a trade, and the total dollar 
value of all trades. 

 Demographics: One observation per account about personal characteristics of the account holders.   
 Monthly account balances: One observation per account per month of the end-of-month account 

balances. 
 Market data: Stock market index returns for each day over the two-year sample period. 
 

Given the large size of the full data set,6 our analysis focuses on a randomly selected subsample 
of 100,000 “paperless” accounts.   The owners of these accounts do not receive monthly paper 
statements in the mail, so their online account lookups provide both a better indication and a more 
complete record of attention to their personal portfolios than would the logins of investors who also 
receive monthly reports by mail. 

 
Table 1 provides an overview of the demographic characteristics of the 100,000 investors whose 

paperless accounts were selected, and compares these to the demographic characteristics of the full 1+ 
million account sample.  Investors in the two samples are demographically similar.  On average, they are 
in their young 40s, about one third female, and have portfolios strongly weighted towards equity.  

 
 
 
 

 

                                                 
6 2 years x 365 daily observations per account per year x 1,169,309 accounts = 853,595,570 login observations 
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Table 1   

Descriptive Statistics: Full Sample and 100,000 Paperless 401K, 2007‐2008   

Mean/Median and (Standard Deviation)   

       

Variable  Paperless  Full Sample 

Age (years)  45.80/45.57  46.33/46.46 

   (10.44)  (10.44) 

% Female  0.316  0.369 

   (.465)  (.482) 

Tenure with Employer (years)  12.45/10  13.13/10 

   (8.92)  (9.32) 

% Equity in account  77.12/86  73.39/83 

   (26.83)  (29.14) 

Account Balance (dollars)  118,90/59,925  102,973/50,224 

   (187,663)  (173,815) 

Wealth (dollars)  420,570/90,816  336,675/60,540 

   (1,161,023)  (1,021,342) 

 
 
 
A. Preliminary descriptive information about account logins 
 
 Before investigating the ostrich effect, we first provide some basic descriptive facts about 
investor attention viewed through the lens of account logins. 
 
1. Distribution of logins  
 

Figure 1 shows the cross-sectional distribution of the total number of days logged-in per account 
across the 100,000 paperless accounts over the 2007-2008 sample period.  It is apparent, although 
perhaps not surprising, that there is considerable heterogeneity in login frequency across investors. Over 
this two-year period, approximately 2.7% of the investors in the sample never logged in at all, 2.4% 
logged in only once, and 4.2% logged in on more than half of the trading days.  For most investors, 
logging in to their 401(k) account is an activity that occurs with sufficient frequency that we may safely 
assume they know how to do it, but it is not an automatic daily routine.  Since logging in appears to be a 
decision rather than a default, it is reasonable to ask what causes investors to log in. 
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Figure 1 

 
 
 Figure 2 shows that logins vary by day of the week.  Investors are much less likely to check their 
account on weekend days than on weekdays. This is again perhaps not surprising, since if they log in 
once on a Saturday, they will not gain any new information by logging in again on Sunday.  Our 
regression analyses of logins routinely include day-of-the-week dummies to control for this effect. 
 

Figure 2 
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2. Trading 
 
 For account logins to be a proxy for personal financial attention, logins should not be exclusively 
just a mechanical step in the trading process.  Table 2 reports the cross-sectional distributions (across 
accounts) for the number of days with logins and the number of days with trades. Although it is 
impossible to know what was in the mind of individuals who logged in, trading is very infrequent 
relative to logins. Comparing the two distributions, it is clear that trading drastically underestimates 
investor attention relative to account logins.  This is consistent with trading having an errors-in-variable 
problem as a proxy for attention:  Trading requires both attention and an additional active decision to 
change an investor’s security holdings.   
 

Table 2 

Distribution of Days with Logins and Days with Trading 

Vanguard 100k paperless accounts, 2007‐2008 

Percentile  Logins  Trades 

1%  0  0 

5%  1  0 

10%  4  0 

25%  11  0 

50%  36  1 

75%  115  2 

90%  242  5 

95%  338  8 

99%  507  21 

mean  85.2  2.03 

Std. Dev.  113.32  5.19 

skewness  2.08  11.59 

 
Figure 3 shows related evidence by plotting the daily number of accounts with trades versus the 

corresponding daily number of accounts with logins (censored to exclude the 1% most extreme outliers) 
over time. The figure also shows fitted means for the daily number of accounts with trades conditional 
on the daily number of accounts with logins (the solid line) estimated using Symmetric Nearest 
Neighbor Smoothing.7 The smoothed means have 95% confidence intervals around them. Not 
surprisingly, there is a positive relation between trading and logins, but the correlation is rather weak. 
Thus, the evidence weighs against the idea that most account logins are primarily for the purpose of 
trading; rather the evidence suggests that many account lookups are, in part, an adult version of “shaking 
the piggy bank” and not merely a mechanical precursor to trading. 
 
 

                                                 
7 This STATA procedure translates a scatter-plot into a smooth line by fitting simple models to localized subsets of the data 
to build up a function that describes predictable variation in the data point by point. This method does not require a priori 
specification of a global function to fit a model to data.  It also provides a 95% confidence interval. 
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Figure 3 

 
  
 
 
3. Relationship between logins, trades, and demographic characteristics 

 
Figure 4 shows scatterplots of the relationship across accounts between investor age on Dec. 31, 

2008 and (4a) the total number of days with logins per account and (4b) the total number of days with 
trades per account. Once again, the considerable heterogeneity in account logins (and, thus, investor 
attention) is readily apparent from the cloud of dots corresponding to the individual accounts. For visual 
clarity, the plots stop at 200 days logged-in and 15 days with trading. The figures also show fitted means 
conditional on age (the solid lines) estimated using Symmetric Nearest Neighbor Smoothing. The data in 
the estimation are censored to exclude extreme outliers in the top 1 percent of days logged in (more than 
506 days) and days with trades (more than 20 days). The 95% confidence intervals around the fitted 
means are very tight except for trading at ages above 70 (where the data are sparse and the confidence 
interval bands become visibly wide).  Between ages 20 and 40 the mean number of days with logins 
declines by roughly 25 days and then increases to around age 60 by about 30 days. At later ages the 
trend in logins seems flatter.  These patterns in attention may reflect life-cycle changes in the perceived 
importance of retirement savings. Trading increases slightly with age until around age 60, followed by a 
slight decline thereafter. 
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                                                 Figure 4(a) 

 
 
 
                                               Figure 4(b) 

 
 
 
 The scatterplots in Figure 5 show the relationship between account balances on Dec. 31, 2008 
and (5a) the number of days with logins per account and (5b) the number of days with trades per 
account. Again using Symmetric Nearest Neighbor Smoothing, the mean number of days with logins 
appears to increase strongly with the account balance up to around $500,000 and then to increase more 
weakly up to around $1.5 million, after which there are relatively few observations (less than 1 percent) 
and no clear trend (not shown).  The increasing relation between account balances and attention is 
consistent with larger absolute dollar values of investment performance having greater emotional 
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salience. Trading is also increasing with account balance, especially at low levels of balances, but again, 
given the relatively small number of trades, the data are relatively noisy. Certainly, on an absolute scale, 
the fluctuations in trading with account balances are smaller than those for attention. 
 
                                                     Figure 5(a) 

 
 
 
                                                  Figure 5(b) 
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Figure 6 show the relationship between gender and logins (6a) and gender and trades (6b).  A 
“U” stands for unknown because gender information is not available for all accounts in the data set.  
Consistent with prior research (Barber and Odean, 2001), Figure 6b shows a strong gender difference in 
trading, with males trading about 50% more than females.  Figure 6a shows a similar pattern for logins.  
Males log in to their accounts roughly 50% more frequently than do females.  
 

Figure 6(a)       Figure 6(b) 

 
 

 
4. Multivariate analysis 
 
 Table 3 reports results from a cross-sectional OLS regression of the total number of days on 
which accounts had logins (or days with trades) on various account and demographic characteristics. In 
general, the regression analysis confirms the statistical significance of the univariate results discussed 
above.  The relationship between age and trading and logins is non-linear.  Males tend to trade and to 
log in substantially more often than do females. Individuals with larger balances in their accounts log in 
and trade more frequently; however, controlling for account balance, overall wealth has a negative effect 
on the number of logins and trades. The regression results also confirm the positive correlation between 
logins and trades –  on average, individuals who traded one more day logged on six more days – but the 
incremental R2 from including trading (or logins) is not large in an absolute sense (i.e., about 0.07).  The 
low regression R2s indicate that a substantial amount of investor attention heterogeneity persists even 
after controlling for all of these demographic and account characteristics. 
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Table 3 

Number of Days with Logins, Number of Days with Trading & Accounts Characteristics 

OLS Regressions Results, 100k paperless accounts 

   Days Logged‐in  Days Traded 

Age (years)   ‐5.83370***  ‐6.24339***  0.06571***  0.13865*** 

   (0.29026)  (0.27876)  (0.01300)  (0.01251) 

Age2  0.06884***  0.07188***  ‐0.00049***  ‐0.00135*** 

   (0.00307)  (0.00295)  (0.00014)  (0.00013) 

Female   ‐24.55126***  ‐20.82436***  ‐0.59780***  ‐0.29085*** 

   (0.82647)  (0.79483)  (0.03701)  (0.03572) 

Balance (in $10k)  11.31625***  7.61613***  0.59350***  0.45202*** 

   (0.32522)  (0.31534)  (0.01456)  (0.01408) 

Balance2  ‐0.30184***  ‐0.21244***  ‐0.01434***  ‐0.01057*** 

   (0.01619)  (0.01558)  (0.00072)  (0.00070) 

Wealth (in $10k)  ‐0.37299***  ‐0.24183***  ‐0.02104***  ‐0.01637*** 

   (0.06214)  (0.05969)  (0.00278)  (0.00267) 

Wealth 2  0.00125**  0.00059  0.00011***  0.00009*** 

   (0.00055)  (0.00053)  (0.00002)  (0.00002) 

Days Traded     6.23435***       

      (0.07363)       

Days Logged           0.01250*** 

            (0.00015) 

Constant  197.66571***  199.57867***  ‐0.30684  ‐2.77816*** 

   (6.62947)  (6.36594)  (0.29688)  (0.28657) 

Adusted R2   0.05  0.12  0.04  0.11 

N  84819  84819  84819  84819 

Standard errors in parentheses. 

* p<.10, ** p<.05, *** p<.01 
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II. The Ostrich Effect 
 

Investor attention is likely to be a complex and multi-faceted phenomenon. Our analysis focuses 
on just one possible aspect of attention. The ostrich effect predicts that investors are less likely to log in 
and check their accounts when the market goes down than when it goes up.  If investors see in the news 
media that aggregate stock market indices have gone down (up), they can form a reasonably good 
prediction of whether checking  their personal accounts is likely to show bad (or good) news.  Investors 
can use this predictability to manage their emotional exposure to personal information, since specific 
results about an investor’s own portfolio performance are arguably psychologically more salient than 
predictions based on market index changes which are only imperfectly correlated with their personal 
returns. Simply put, knowing has a greater psychological impact than merely suspecting. If attention 
intensifies the utility impact of information, then ostrich effect behavior follows immediately. Indeed, 
given information-dependent utility, ostrich behavior can be a rational response to public market news. 
Karlsson, Loewenstein, and Seppi (2009) also consider other channels through which attention can 
affect the psychology of information.  In a more elaborate model with loss aversion and attention-
dependent updating of the reference point used to evaluate portfolio returns, the ostrich effect still holds 
for a wide range of parameters. Empirically, then, the ostrich effect implies a positive relation between 
attention and lagged market returns. 

 
The alternative hypothesis is that attention has no emotional effect on investors and that financial 

attention is driven entirely by the expected usefulness of paying attention to portfolio information for 
trading purposes and the opportunity cost of time away from other activities.  A natural empirical null is 
that this alternative view of attention implies zero correlation between past market returns and account 
logins. In particular, it is not obvious that transactional and opportunity costs and benefits of attention 
should differ in up and down markets.  Alternatively, optimal tax loss realization and bargain hunting in 
down markets imply an empirical null that investor attention could be negatively correlated with lagged 
market returns. 

 
After first replicating the empirical findings of Karlsson, Loewenstein, and Seppi (2009) for 

aggregate logins across accounts, we extend their aggregate analysis by considering lagged returns at 
horizons longer than daily and by allowing for non-linearities in the return/attention relation. We then 
turn to a micro analysis of the account-level panel data.    
 
A. Aggregate Analysis 
 

Our aggregate analysis is based on the daily total number of accounts with logins for our sample of 
100,000 accounts. Since our login data cover two years (2007-2008), we have a total of 732 days over 
our full sample period.8  

 
Figure 7 plots the daily number of accounts with logins, the number of accounts with trades, and the 

level of the Dow Jones Industrial Average.  Since the ostrich effect is a prediction about how investor 
attention responds to the arrival of public information, we conduct our analysis using the Dow because it 
is arguably the most widely disseminated and publicized stock index in the US news media. (We 
reproduced our analysis using the S&P 500 and NASDAQ indices with similar results.)  Several features 
in the plot deserve comment.   
                                                 
8 We exclude three days in which, due to computer error, there were errors in the data. 
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Figure 7 

 
 
 

 
First, stock market conditions were very different in 2007 and 2008.  The year 2007 was a relatively 

quiet year during which the Dow rose on approximately 60% of days, with an average daily change of 
0.03%.  In contrast, 2008 was much more volatile due to the subprime crisis towards the end of the year. 
In 2008 the Dow rose on only 47% of days, with an average daily change of -0.11%. Given these market 
differences, we report results for the full two years and for 2007 and 2008 separately.  

 
Second, the number of account logins is volatile.  At a daily frequency, the weekend seasonality in 

logins is readily apparent.  Thus, we also plot a smoothed plot of logins based using the Symmetric 
Nearest Neighbor Smoothing procedure.  Under relatively calm conditions (as in 2007), changes in the 
index appear to be somewhat positively correlated with changes in the number of logins.  However, in 
crises conditions (as in late 2008), investors logged in to check their accounts even though, given the 
extremely visible public news about the Dow, most investors would have expected to see bad news.  
Note also, that trades are only weakly correlated with either the Dow or with logins for most of the two 
year period.  In general, spikes in trades do not correspond to spikes in logins, and spikes in logins also 
do not correspond to spikes in trades.  One notable exception is the market crash in the fall of 2008 
which has spikes in both logins and trades.  However, even here the elevated logins seem more 
persistent than the short-lived spike in trading. 
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1.  Aggregate logins and market declines versus increases 
 

The ostrich effect predicts that investors pay less (more) attention to their portfolios in down (up) 
markets.  This pattern is visually apparent in the comovement of logins and the market index in Figure 7, 
but visual inspection cannot discern the relevant time window over which lagged returns matter or the 
precise metric for up and down markets.  In this section we consider the sensitivity of daily aggregate 
logins to market returns measured over three different time windows and using two different return 
metrics. In our first specification, we estimate the following model for our sample of 100,000 paperless 
accounts: 
 
(1) log(nloginst) = α + β DOWNt + δ DAYt + εt  
 
where log(nloginst) is the log of the total number of accounts with logins on day t, DOWNt is a dummy 
variable equal to 1 if the Dow  index went down over a specified time window before day  t, and DAYt is 
a vector of day-of-the-week dummy variables. The ostrich effect predicts that the β coefficient should be 
negative, meaning that fewer investors log in to check their accounts in down markets irrespective of the 
size of the market downturns.  
 

Table 4 reports results when specification (1) is estimated over the full period and over the 2007 
and 2008 subperiods separately.  We define down markets using returns measured over three different 
windows: i) the most recent previous trading day, ii) the previous five trading days, and iii) the previous 
twenty trading days. A fourth regression examines the combined impact of all three return dummies. 
When including all three dummy variables in one regression, we re-define them so their return windows 
do not overlap. Instead of the most recent five trading days we look at the four days preceding the most 
recent trading day, and instead of the most recent twenty trading days we look at the fifteen days prior to 
the last five trading days. Using lags of different lengths lets us test a plausible hypothesis that the 
passage of time reduces the emotional saliency of more distant past returns. 

 
   Over the full sample period, the results are strong and significant: If the Dow went down in the 
most recent trading day, the number of account logins drops by 8.7% on average. Similarly, if the Dow 
fell over the most recent five and twenty trading days, the number of account drops by 12% and 10%, 
respectively. Dividing the last twenty trading days into three non-overlapping subperiods (described 
above) and including the three DOWN dummy variables in one regression, we see that all three dummy 
variables have a negative and significant effect on logins.  Thus, it is not just the most recent daily 
returns that matter for the ostrich effect.  The pattern of declining coefficients for the dummy variables 
also suggests that the ostrich effect for returns weakens with the passage of time.  However, an F-test 
finds that the difference between the coefficients for the one-day and the previous 20 days less the past 
week dummy variables is only statistically significant at the 14% level.9 The incremental R2s of the 
DOWN variables relative to a regression with just the day-of-the-week dummies appear small at first 
glance, but this is because the weekday/weekend seasonality is huge.  As a fraction of the day-of-the-
week-adjusted volatility, the return dummy variable explanatory power seems significant (i.e., 0.04/(1-
0.68) = 0.125).   

                                                 
9 The statistical weakness of the passage of time in this test may be partially explained by the fact that the five-day and 20-
day dummy variables represent cumulative impacts of index returns over multiple days.  In contrast, the empirical 
specification in the next section gives a better test of the passage of time since there all of the corresponding coefficients 
measure daily return impacts. 
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The last eight columns in Table 4 report results for when specification (1) is estimated in 2007 

and 2008 separately. The coefficient estimates fluctuate somewhat across the two years, but the signs 
and significance levels are generally robust. The ostrich effect does seem to be less pronounced in 2008, 
given the large increase in logins during the financial crisis (a phenomenon we turn to below).   
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Table 4 

OLS Regressions for (log of) the Daily Number of Account Logins on DOW Down Dummy Variables   

Daily Data for 100,000 401K paperless accounts 

   2007‐2008     2007  2008 

Down Dummy  1  2  3  4  5  6  7  8  9  10  11  12 

Prev. trading day  ‐0.087***        ‐0.082***  ‐0.094***        ‐0.083***  ‐0.046**        ‐0.050*** 

   (0.014)        (0.013)  (0.016)        (0.016)  (0.019)        (0.019) 

Prev. 5 trading days     ‐0.119***           ‐0.116***           ‐0.069***       

      (0.013)           (0.016)           (0.019)       

Prev. 20 trading days        ‐0.107***           ‐0.098***           ‐0.025    

         (0.013)           (0.017)           (0.020)    

4 days prior to last trading day           ‐0.069***           ‐0.057***           ‐0.029 

            (0.013)           (0.016)           (0.019) 

15 days prior to last 5 trading days           ‐0.053***           ‐0.079***           0.046** 

            (0.013)           (0.016)           (0.019) 

Constant  9.910***  9.930***  9.923***  9.968***  9.967***  9.977***  9.965***  10.013***  9.831***  9.849***  9.822***  9.823*** 

   (0.019)  (0.019)  (0.019)  (0.021)  (0.022)  (0.021)  (0.022)  (0.022)  (0.027)  (0.027)  (0.028)  (0.032) 

Day of Week Dummy  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes 

Adjusted R2  0.70  0.72  0.71  0.72  0.79  0.80  0.79  0.81  0.70  0.71  0.70  0.70 

Incremental R2 
0.02  0.04  0.03  0.04  0.03  0.04  0.03  0.05  0.01  0.02  0.01  0.01 

N  728  728  728  728  362  362  362  362  366  366  366  366 

* Standard errors in parentheses 
p<.10, ** p<.05, *** p<.01 
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2. Aggregate logins and market returns  
 

We next test whether the ostrich effect depends on the size of lagged market returns as well as their 
sign.  We estimate the following specification: 
 
(2)  log(nloginst) = α + β RETURNt +  δ DAYt + εt     
 
where RETURNt  is the return on the Dow index over a fixed time window (one day, five days, and 
twenty days) before day t (where 1 percent is 0.01).  The ostrich effect predicts that the coefficient β 
should be positive if larger market returns increase the number of investors who login. Notice that this 
specification assumes identical marginal effects for positive and negative changes.  
 

The results in Table 5 are strong and again support the ostrich effect. Overall, a 1% increase 
(decrease) in the Dow over the previous trading day increases (decreases) the number of logins by 
almost 2%.  The ostrich effects due to returns over the previous five and previous twenty trading days 
are smaller but are still statistically significant. The pattern of declining estimated coefficients is again 
consistent with a diminishing return impact with the passage of time.10  Moreover, an F-test now shows 
that the difference between the coefficients on the previous daily returns and the adjusted previous 20-
day return is statistically significant at less than the 1% level. 
 
 Looking separately at 2007 and 2008, the evidence for the ostrich effect is again much stronger 
in 2007. In 2008 the coefficient for the daily market return remains positive and significant, but the 
results for the previous five and twenty days’ changes are either insignificant or become negative.  The 
weaker 2008 results are most likely due to the market crash and the possibility that curiosity about 
highly visible crises stimulates investor attention.  

                                                 
10 Since the explanatory variables are returns, the one-day, five-day, and 20-day coefficients all give daily impacts of returns, 
but with the restriction that the daily impact is constant for all days in the prior week and for all days in the three weeks 
before the first prior week respectively. Thus, this specification gives a sharper test of the impact of the passage of time than 
in the previous section where the multi-day dummies summarized the cumulative impact of returns over windows longer than 
one day. 
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Table 5 

OLS Regression for (log of) the Daily Number of Account Logins and the Lagged Return on the DOW 

Daily Data for 100,000 401K paperless accounts 

   2007‐2008  2007  2008 

% Change in the DOW  1  2  3  4  5  6  7  8  9  10  11  12 

Prev. trading day  2.004***        2.112***  5.550***        5.624***  1.166***        1.107*** 

   (0.403)        (0.401)  (0.874)        (0.827)  (0.417)        (0.421) 

Prev. 5 trading days     0.872***           2.684***           0.081       

      (0.209)           (0.427)           (0.221)       

Prev. 20 trading days        0.756***           1.769***           ‐0.150    

         (0.123)           (0.228)           (0.143)    

4 days prior to last trading day           0.712***           1.921***           ‐0.292 

            (0.226)           (0.459)           (0.244) 

15 days prior to last 5 trading days           0.579***           1.367***           ‐0.279* 

            (0.136)           (0.257)           (0.155) 

Constant  9.869***  9.871***  9.878***  9.876***  9.930***  9.925***  9.917***  9.918***  9.806***  9.806***  9.801***  9.797*** 

   (0.018)  (0.018)  (0.018)  (0.018)  (0.021)  (0.021)  (0.020)  (0.020)  (0.024)  (0.025)  (0.025)  (0.025) 

Day of Week Dummy  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes 

Adjusted R2  0.70  0.69  0.70  0.70  0.79  0.79  0.80  0.81  0.70  0.69  0.70  0.70 

N  728  728  728  728  362  362  362  362  366  366  366  366 

* Standard errors in parentheses 
p<.10, ** p<.05, *** p<.01 
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3. Parametric analysis of non-linearities 
 

The relation between attention and market returns need not be linear.  First, the marginal effect of 
positive and negative returns may differ. Second, the marginal effect of returns could vary with the size of 
returns.  For example, the relation between attention and returns in extreme market conditions may differ 
from their relation under more normal conditions.  In particular, large and highly visible market crashes 
and bull runs – anxiously tracked in the public news media – may induce an information-seeking curiosity 
effect which could change the marginal effect of extreme returns on attention relative to normal returns.   
 

Our first test for non-linearities between attention and returns is based on the following 
specification: 
 
(3)    log(nloginst) = α + β1 RETURNt * UPt + β2 RETURNt * DOWNt + γ DOWNt +  δ DAYt + εt 
 
The coefficient 1  measures the effect of a percentage increase in the Dow when returns are positive, 2  

measures the corresponding effect for negative returns, and   allows the intercept corresponding to a 
negative change in the Dow to differ from the intercept corresponding to a positive change. The ostrich 
effect predicts that 1  and 2  should both be positive, but where now the responses to up and down 

markets can be asymmetric.  The parameter is of interest because it allows for the possibility that 
individuals react to the sign of the change in the Dow even if the actual change is small. In other words, a 
significant estimate of  indicates the sign of the return matters by itself as well as its magnitude, where a 
negative   is also consistent again with the ostrich effect.  
 

We also consider an even more flexible non-linear specification: 
 
(4) log(nloginst) = α + β1 RETURNt * UPt + β2 (RETURNt)

2 * UPt + β3 RETURNt * DOWNt  
 
                                    + β4 (RETURNt)

2 * DOWNt + γ DOWNt +  δ DAYt + εt 
 
Now, the marginal effect of large returns (e.g., in crises) is allowed to differ from the effect of small returns. 
 

Table 6 presents the estimation results for equations (3) and (4).  The results in column 3 show that 
the overall ostrich effect is mainly due to the negative effect of negative returns on logins rather than the 
positive effect of positive returns. The quadratic terms in column 4 reveal further nonlinearity.  Very large 
market returns, whether positive or negative, lead to more account look-ups. We attribute the upswing in 
logins following extremely large returns to a curiosity effect when the market coverage is non-stop in the 
news media. In market upturns, the curiosity effect can be interpreted as a non-linear ostrich effect, but in 
market downturns the curiosity effect works against the ostrich effect.  The increase in logins following 
large market declines is the likely reason why the ostrich effect estimates in Tables 4 and 5 are weaker for 
2008 than in 2007. The sign and significance of the (linear) up-return coefficients seems to be sensitive to 
the model specification. In columns 5 and 6 the  coefficient is negative and significant at the 1 and 10 
percent levels which indicates, consistent with the ostrich effect, that there is a drop in attention after 
negative returns.  Overall, almost all of the evidence supports the ostrich effect. 
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Table 6 

 OLS Regression results for (log of) Daily Number of Logins and Returns on the DOW  
Daily data over 2007‐2008 for the 100,000 401K paperless accounts 

   1  2  3  4  5  6 

daily % change in Dow  2.004***  2.054***             

   (0.403)  (0.406)             

daily % change in Dow square     ‐8.228             

      (7.751)             

(daily % change in Dow) * UP        0.207  ‐2.789**  ‐0.898  ‐4.107*** 

         (0.662)  (1.285)  (0.717)  (1.450) 

(daily % change in Dow) * DOWN        3.793***  11.703***  2.264***  9.668*** 

         (0.660)  (1.422)  (0.767)  (1.762) 

(daily % change in Dow)
2 * UP           34.404**     47.152** 

            (17.507)     (18.658) 

(daily % change in Dow)
2 * DOWN           168.993***     141.938*** 

            (27.279)     (30.564) 

daily Dow down dummy              ‐0.069***  ‐0.042* 

               (0.018)  (0.022) 

Constant  9.869***  9.871***  9.888***  9.924***  9.917***  9.941*** 

   (0.018)  (0.018)  (0.019)  (0.020)  (0.020)  (0.021) 

Day of Week Dummy  Yes  Yes  Yes  Yes  Yes  Yes 

             

Adusted R
2  0.70  0.70  0.70  0.72  0.71  0.72 

N  728  728  728  728  728  728 

* Standard errors in parenthesis 
p<.10, ** p<.05, *** p<.01 
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4. Non-parametric estimation 
 

We next explore the relationship between the daily change in the Dow and the number of logins, 
without imposing a specific functional form. We use the nonparametric Symmetric Nearest Neighbor 
Smoothing procedure which combines the simplicity of linear least squares regression with the flexibility 
of nonlinear regression.  

 
Figure 8 shows a scatterplot of the aggregate number of daily logins and lagged returns for the full two-

year sample period.  The figure also shows the SNNS smoothed means and the 95% confidence interval 
estimated excluding the most extreme positive and negative returns (the explanatory variable).  A positive 
but non-linear relation between returns and logins is clearly visible. If extreme daily returns (> +/- 4%) are 
included in the SNNS estimation, the smoothed means curve up for both positive and negative extreme 
returns.  This is consistent with the positive coefficients on the quadratic terms in our nonlinear OLS 
analysis which suggested a possible information-seeking curiosity effect.   However, as can be seen in 
Figure 8, these upturned means are due, to a very small number of extreme observations concentrated 
mainly in the market crisis in late 2008. Thus, we do not want to overstate the evidence for a curiosity 
effect. That said, it is certainly a priori possible that investor attention behaves differently in extreme 
conditions, perhaps in part because of widespread media coverage.  Thus, the ostrich effect may be more 
robust in normal market conditions. 
 
                                                             Figure 8 

 
 
5. Summary of analysis of aggregate account logins 

 
 With the caveat that very large market changes lead to high levels of logins, the results from our 
analysis of aggregate logins are consistent with a strong ostrich effect.  The effect is robust to different 
lagged time intervals (a day, a week or a month) and to a wide range of regression specifications.   
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B. Panel Data Analysis  
 

The psychology of attention is likely to be different for different investors.  Given the heterogeneity in 
logins (i.e., the level of investor attention) across accounts in Section I, we also expect variation in the 
drivers of attention – and, specifically, in the occurrence of ostrich behavior – across investors.  Our 
individual account-level panel data allows us to explore these issues. 
 
1. How many ostriches are out there? 
 

Since many accounts in our sample have a comparatively low number of logins, we use our most 
parsimonious specification to test for ostrich effects at the individual account level. In particular, we 
estimate the following OLS regression for each of the 100,000 paperless accounts: 
 
(5) LOOKEDt = α + β DOWNt + δ DAYt + εt 

 
where LOOKEDt  is a dummy variable indicating whether the individual logged in and looked at their 
account on day t, DOWNt is a dummy variable indicating whether the Dow index went down on the 
previous day, and DAYt is the vector of dummy variables for the days of the week.  Our analysis here 
involves 100,000 separate regressions, one for each account, with 728 daily observations per regression. A 
negative estimate for β for a particular account is an indication that that investor is an ostrich. The 
magnitude of the estimated β measures how strong of an ostrich an investor is. 
 

Table 7 sorts accounts based on their estimated β coefficients.  The left panel reports on the full 
sample of all 100,000 paperless accounts. The estimated β coefficient is positive for 43.4% of the sample 
and negative for 53.8% of the sample (with 2.7% of the sample having no logins over 2007-2008). In the 
right panel we restrict the breakdown to accounts for which the estimated   is significantly different from 
zero at the 5 percent level (i.e., where |t|>2). Given the low number of logins for many accounts, the t-
statistics of the estimated coefficients are often not statistically significant, which makes ostrich 
classification imprecise. Within the sub-sample where the estimated return/login relation is statistically 
significant, about 79% of these investors are “confirmed” ostriches, while only 21% are “anti” ostriches. 
 

TABLE 7 
Ostrich Classification of Investors  

Based on Estimated DOWN Coefficients in Individual Investor Regressions 
Daily account data for 100,000 401K accounts for 2007-2008 

 
Full Sample Only Significant Coefficients 

Ostrich Freq. Percent Freq. Percent 

No ( β >0) 43,426 43.43 2,900 20.92 
Yes ( β<0) 53,841 53.84 10,962 79.08 
No logins 2,733 2.73  n.a.  n.a. 

Total 100,000 100 13,862 100 
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2. Robustness of ostrich classifications using different time intervals 
 

Tables 4 and 5 show that the ostrich effect in aggregate logins is robust to market returns over a variety 
of different time intervals (day, week, and month).  In this section, we investigate whether our ostrich 
classification of individual investors is robust to different return time intervals.  As before, we define three 
different dummy variables based on whether the DOW went down over: (i) the previous day, (ii) the 
previous week, and (iii) the previous month.  For each account, we ran three regressions of the daily login 
decisions on these three dummy variables over the full two-year sample period (also including, as before, 
the day-of-the-week dummies). Table 8 reports the cross-sectional correlations across accounts between the 
estimated β coefficients for the dummies for the three time intervals.  In addition to simple (Pearson) 
correlations we also report the Spearman "rank" correlations, which measure co-movement between the 
ordinal rankings across investors produced by the different metrics. 
 
 

Table 8 
Correlations between Measures of Individual Investor "Ostrichness"  

Daily, Weekly, and Monthly Indicators of Market Change 
       

 Simple Correlation Spearman Correlation 
  day week month day week month
              
day 1     1     
week .61 1   .47 1   
month .64 .79 1 .50 0.65 1
 
       

The high correlations of the ostrich metrics for the three windows allow us to use our daily ostrich 
metric without much concern about the sensitivity of our results to the specific choice. This increases our 
confidence in the robustness of our results. Ostriches (as well as anti-ostriches) seem to react similarly to 
market changes over different windows.  In this sense, ostrichness appears to be a robust investor trait.
 
 
3. Robustness of ostrich classification over time 
 

Are investors who display ostrich behavior in 2007 more likely to display ostrich behavior in 2008?  If 
being an ostrich is a stable personality trait, we should see a positive correlation between the metrics for 
investor ostrich behavior in the two years. To answer this question, we estimate regression (5) for each 
account separately for 2007 and 2008 and obtain two estimated coefficients, β07 and β08. If ostrich behavior 
is stable over time, then the β07 and β08 should be positively correlated across individuals.  
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Figure 9(a) 

 
 
 

Figure 9a shows a positive visual association for the full sample of all 100,000 paperless accounts. 
The simple correlation between β07 and β08 is 0.393 for the full sample, and the Spearman rank correlation 
is 0.173.  Figure 9b shows that if we exclude all cases where both β07 and β08 are not significantly different 
from zero, the positive association becomes even stronger.  The large cluster of negative β07 and β08 
estimates in the lower left are stable confirmed ostriches, the small cluster in the upper right are stable 
confirmed anti-ostriches and the two small off-diagonal clusters are unstable “switchers.” Including just 
cases where both β07 and β08 are significantly different from zero, the simple correlation is 0.4589, and the 
Spearman rank correlation is 0.3673. In sum, these intertemporal correlations support the hypothesis that 
being an ostrich is a persistent personal trait across investors.  
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Figure 9(b) 

 
 
 
4. Anti-Ostriches and equity holdings 
 

The results in the previous sections suggest that being an ostrich is a robust and stable personal 
characteristic, but that there is substantial individual heterogeneity in whether investors are ostriches.  In 
this (and the next) section we investigate possible explanations for this heterogeneity. 

 
The ostrich effect prediction of a positive relation between logins and lagged index returns should not 

apply to individuals with no equity in their accounts.  For such investors, movements in the stock market 
indices will be relatively uninformative about the value of their personal portfolios. Thus, as the share of 
equities in an investor’s portfolio decreases, we expect the investor to behave less like an ostrich. In the 
extreme case of no equity in the portfolio, we would predict no ostrich behavior. Therefore, a sample of 
accounts with zero equity can serve as a strong test of our hypothesis. 

 
To test this prediction, we examine the estimated β coefficients from regression (5) for all investors 

who never have equity in their account over the full 2007-2008 period.  Since this is a small subset of 
investors, we expand our sample, in this instance, beyond the 100,000 paperless accounts to include all 
zero-equity accounts in the full sample of all 1+ million accounts. There are 66,468 accounts with zero 
equity. 
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Table 9 shows that, for investors holding no stock, the percent of investors who are anti-ostriches 
relative to the Dow is significantly greater than the percent of ostriches. Comparing investors with only 
significant coefficients, instead of the 79/21 ratio of confirmed ostriches to anti-ostriches in the 100,000 
paperless sample (see Table 7), when we include only accounts with zero equity, the ratio flips, to 33/67.   

 
The theoretical model in Karlsson, Loewenstein, and Seppi (2009) predicts that investors with zero-

equity should not behave as ostriches, but it does not predict that they will display anti-ostrich behavior.  A 
possible explanation for the prevalence of anti-ostriches in the zero-equity population is that the anti-
ostriches are actually behaving like ostriches with respect to some kind of comparative information.  One 
possibility is that bond-holders are comparing themselves to stock-holders, in which case the stock market 
rising is bad news, and the stock market falling is good news.  In other words, bond-holders interpret good 
and bad news in terms of relative “keeping up the Joneses” comparisons with other investors, whose 
portfolios, on average, contain stock. Another possibility is that bondholders are making comparisons 
relative to a mental accounting equity benchmark.  Yet one more possibility is that some of these bond-
holders may have held stock before 2007 and are comparing their bond returns to those they would have 
earned if they had kept their positions stock (rather than trading counter to widespread pro-equity 
retirement advice).  Again, such a comparison would turn stock market increases (decreases) into bad 
(good) news.  
 

Table 9 
Ostrich Classification of Investors with Zero-Equity Accounts 

1+ million Vanguard accounts, 2007-2009 
       

 

             Full Sample 
Only Significant 

Coefficients 
Ostrich Freq. Percent Freq. Percent 
          
No (β>0) 22,122 33.28 1,148 67.25
Yes (β<0) 16,915 25.45 559 32.75
No logins 27,431 41.27  n.a  n.a.
Total 66,468 100 1,707 100

 
 
5. Demographics of who is an ostrich? 
 

Using our panel data, we next investigate the relationship between ostrich behavior and 
demographic and account characteristics.  Our approach uses the cross-section of estimated β coefficients 
from regression (5) for each of the 100,000 accounts as a metric for the level of investor ostrichness. Table 
10 reports results from second-stage regressions of the individual investor ostrich metrics on account and 
investor demographic characteristics. We use three different dependent variables based on our ostrich 
metric. Column A uses the estimated β coefficients for each of the accounts. The shortcoming of this 
approach is that it ignores the precision of the ostrich coefficient. Column B uses a dummy variable 
indicating whether the ostrich measure β is positive. Column C limits the regression to a subsample of 
investors for whom the estimated ostrich metric coefficient is statistically significant (|t|>2.) 

 
For all three specifications, men (who, in general, login more frequently) are more likely to display 

ostrich behavior than women. In addition, ostriches tend to have larger account balances (consistent with 
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larger dollar changes being more emotionally salient), a higher percentage of equities (consistent with the 
analysis of zero-equity investors presented earlier), to own less of their own employer’s company stocks, 
and to have a lower percentage of index funds in their Vanguard accounts.11 The last pattern could be 
explained by the possibility that passive indexers may be less emotionally involved with their portfolios. 
Among individuals who display statistically significant ostrich or anti-ostrich tendencies (in Column C), 
there is a positive relationship between ostrich tendencies and age.  This result is consistent with a large 
body of empirical findings showing that older people display a “positivity bias” when it comes to exposing 
themselves to information (Carstensen, Isaacowitz. and Charles, 1999).  It is also consistent with 
information about investment performance becoming more emotionally salient as retirement gets closer, 
thereby causing investors to be more pro-active in managing the psychological impact of investment 
performance information. 
 

                                                 
11 Since ostriches tend to have higher equity positions, ostriches as a group had better portfolio performance than non-ostriches 
in 2007 (a good year for equities) and worse performance in 2008 (a down market for equities). 
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Table 10 
Who is an Ostrich? 

Second-stage OLS regression results using a sample of 100K paperless accounts 
       
  A B C 

  B0708 Variable If Ostrich Variable If Ostrich (|t|>2) Variable 
  b/se Means b/se Means b/se Means 
age on 12/31/08 -0.0000805 45.99 0.0005390 46.02 0.0115583*** 48.60
  (0.0000995)   (0.0012768)   (0.0027828)   
age2  0.0000046*** 2224 0.0000216 2227 -0.0000612** 2467
  (0.0000010)   (0.0000135)   (0.0000286)   
If Female -0.0064467*** 0.3155 -0.0508391*** 0.3121 -0.1111075*** 0.2207
  (0.0002840)   (0.0036552)   (0.0084413)   
tenure with employer 0.0001913*** 12.66 0.0013208*** 12.68 0.0012688*** 14.86
  (0.0000183)   (0.0002345)   (0.0004469)   
% of equities 0.0001195*** 69.72 0.0013137*** 69.76 0.0025522*** 70.28
  (0.0000047)   (0.0000603)   (0.0001243)   
% of index funds -0.0000280*** 37.18 -0.0003432*** 37.23 -0.0005578*** 35.90
  (0.0000044)   (0.0000567)   (0.0001191)   
% of company stocks -0.0000800*** 7.105 -0.0004729*** 7.117 -0.0009706*** 6.936
  (0.0000076)   (0.0000977)   (0.0002033)   
Household income ($100k) 0.0006776** 0.3495 0.0066241* 0.3506 0.0057574 0.3960
  (0.0002906)   (0.0037293)   (0.0075099)   
neighborhood wealth ($100k) -0.0008005*** 0.3724 0.0010037 0.3734 -0.0048857 0.3993
  (0.0002854)   (0.0036628)   (0.0074558)   
log of account balance 0.0028948*** 10.93 0.0177393*** 10.96 0.0392102*** 11.37
  (0.0001124)   (0.0014798)   (0.0031959)   
_cons -0.0339794***   0.2068722***   -0.2108474***   
  (0.0023757)   (0.0305644)   (0.0678104)   
Adjusted R2 0.046  0.017  0.098  
N 90027   87657   12529   
* p<.10, ** p<.05, *** p<.01,        
Dependent variable: Panel A: Estimated coefficient on market-up dummy from individual regressions  

 
Panel B: A dummy variable=1 if individual DOWN 
dummy coefficient < 1, 0 otherwise.    

 
Panel C: Dummy variable like panel B, but sample limited to significant 
values of estimated up coefficients (|t|>2)  
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III. Conclusion 
 

This paper empirically documents determinants and demographic properties of financial 
attention using investor online account login decisions.  Examining the relationship between investor 
portfolio logins and lagged market returns, we find that a large number of investors are less likely to 
look at their portfolio when the market is down than when it is up.  This ostrich effect behavior is robust 
to a wide range of specifications and is consistent across calendar years with very different market 
dynamics.  Ostrich behavior is relatively stable over time for many investors and varies systematically 
with investors’ portfolio holdings.  We interpret these results, more generally, as evidence that investors 
have information-dependent utility.  Investors appear to consider the psychological impact of 
predictably favorable and unfavorable personal portfolio information (based on prior market index 
returns and the composition of their portfolios) in their information acquisition and attention decisions.  
Hence, our findings provide empirical support for the general idea of information-dependent utility 
which is a critical assumption in recent asset pricing research based on recursive preferences and in 
long-run risk models of the equity premium puzzle and other empirical asset pricing anomalies.  Our 
results also suggest that investor risk preferences arise from behavioral adaptations as well as from 
innate psychological predispositions. 

 
Given that account logins can be interpreted as an explicit proxy for financial attention, our paper 

provides new evidence on a topic of growing interest – the role of attention in economic behavior.  
Other research in this vein examines the differential attention consumers pay to explicit versus shrouded 
attributes of consumer goods (e.g., the purchase price versus ink prices for laser printers in Gabaix and 
Laibson, 2006), the impact of taxes and payment medium on consumer demand (e.g., Chetty, Looney 
and Kroft, 2009; Finkelstein, 2009) and the impact of the day on which earnings announcements are 
made (Dellavigna and Pollet, 2009).  However, our paper focuses instead on attention as the dependent 
variable (rather than as an explanatory variable).  In addition, we propose a new explicit behavioral 
metric of attention, namely, investment account logins.  In the latter respect, our paper is a field study 
version of recent papers in economics employing process-tracing techniques to investigate information 
acquisition by decision makers (e.g., Gabaix et al, 2006; Payne, Bettman and Johnson, 1988) and players 
of economic games (e.g., Camerer et al., 1993; Costa-Gomes and Crawford, 2006; Crawford, 2008). Our 
research is also related to optimal expectations (see Brunnermeier and Parker, 2005, for the model and 
Oster, Shoulson, and Dorsey, 2012, for an empirical application to medical testing; and Eil and Rao , 
2011, for experimental evidence that individuals update differently in response to favorable and unfavorable 
signals).  However, the ostrich effect describes emotional incentives that can affect discretionary 
information monitoring, rather than motivated belief formation. 

	
 There are many potentially fruitful directions for future research on investor attention.  One open 
question is how attention affects trading, pricing, and the liquidity of financial markets.  It is well 
documented that volume tends to be higher on average in up-markets than in down-markets (e.g., 
Karpoff, 1987), but the reason for this correlation is an open question. Intuitively, one might expect 
market changes to be positively correlated with volume because both may be driven by investor 
‘exuberance’ (c.f., Shiller, 2000); however, if the opposite pattern had prevailed, it could equally easily 
have be attributed to ’panic’. It seems plausible that the ostrich effect may play a role since trading does 
require attention. 
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Another potentially fruitful direction for future research is to examine the impact of the ostrich 
effect on investor returns.  Prior research (e.g., Barber and Odean, 2001; Zeckhauser and Niederhoffer, 
1983) provides evidence that retail investors tend to make systematic mistakes in the timing of their 
trades, specifically moving out of equities after markets drop and failing to move back in before markets 
recover.  To the extent that the ostrich effect mitigates such behavior (because investors who don’t look 
typically cannot trade) it might actually be beneficial for investor returns. One way to investigate these 
issues would either to identify, and take advantage of, exogenous sources of variation in individual 
investors’ attention to their portfolios (e.g., changes in disclosure regulations or a sudden change in 
information provision by an online brokerage), or actually to manipulate investor attention by, for 
example, experimentally manipulating the frequency of emailed informational updates to individual 
investors.   

 
It would also be interesting to disentangle the causal connection between attention and portfolio 

composition.  A plausible explanation for the significant differences in patterns of logins between 
holders of bonds and equities is that what is good news for one group (the market rising) is often relative 
bad news for the other.  Indeed, by this logic, the majority of all investors may be ostriches; the 
difference between them being just what constitutes good and bad news.  It is quite possible, however, 
that equity and bond holders differ on other characteristics, such as risk aversion, that could attenuate or 
accentuate ostrich effects.  One might hypothesize, for example, that bond-holders are more risk averse 
than equity holders, not only in their distaste for financial risks but also their distaste for psychological 
risks.  Our intuition is that risk aversion would tend to accentual ostrich tendencies, because it is 
generally riskier in utility terms to look than to not look. 

 
Finally, it would be interesting to examine the relationship between other personal characteristics 

and ostrich tendencies.  The substantial heterogeneity in attention behavior across individuals and over 
time suggests that there are other drivers of attention still to be discovered. For example, theory suggests 
that the ostrich effect should be more pronounced among people who discount the future more steeply.  
This is because looking in down markets imposes an immediate cost – getting the bad news – but a 
delayed gain – from resetting one’s benchmark.  It would be interesting to test this prediction either by 
looking for behavioral indicators of time preference or by measuring time preference as well as other 
individual characteristics with an online survey of a random subsample of investors. 

 
While the focus of this paper is on attention to financial information, the ostrich effect also has 

implications for other domains of personal behavior.  Previous work by Witte (1998), Caplin and Eliaz 
(2003), and Koszegi (2003) uses the idea of selective attention to explain why people sometimes put off 
obtaining, or receiving, the results of medical tests, even when the testing is free and provides 
information that could improve the quality of health care.  More generally, the ostrich effect has 
implications for anyone with the option to acquire information where there is the possibility of a 
negative emotional reaction.  Some examples include individuals at risk for health problems and medical 
tests, poor teachers and teaching ratings, poor financial planners and retirement calculators. 
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