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Abstract

After analyzing retail investors’ stock trades for potential learning behavior, we present evidence that
individual investors learn from their trading experience. Initially, we question whether investors’
previous forecasting ability (inferred from prior purchases’ subsequent risk-adjusted performance)
affects their future trade profitability and activity. Indeed, as an investor’s inferred ability increases,
so does her ensuing trade profitability and intensity. Further, because additional investment
experience allows more accurate ability inference, we posit that trading experience should help
investors obtain better investment performance. Consistent with this hypothesis, not only do excess
portfolio returns improve with account tenure, but we also find that trade quality (i.e., average raw
and excess buy-minus-sell returns) significantly increases with experience (i.e., calendar time and
account tenure). In sum, individual stock investors do learn, and they consequently adjust their
behavior and thus effectively improve their investment performance.

JEL classification: D19, G14
Key words: learning, individual investors, rationality, trading



Do Individual Investors Learn from Their Trading Experience?
Abstract

After analyzing retail investors’ stock trades for potential learning behavior, we present evidence
that individual investors learn from their trading experience. Initially, we question whether
investors’ previous forecasting ability (inferred from prior purchases’ subsequent risk-adjusted
performance) affects their future trade profitability and activity. Indeed, as an investor’s inferred
ability increases, so does her ensuing trade profitability and intensity. Further, because
additional investment experience allows more accurate ability inference, we posit that trading
experience should help investors obtain better investment performance. Consistent with this
hypothesis, not only do excess portfolio returns improve with account tenure, but we also find
that trade quality (i.e., average raw and excess buy-minus-sell returns) significantly increases
with experience (i.e., calendar time and account tenure). In sum, individual stock investors do
learn, and they consequently adjust their behavior and thus effectively improve their investment
performance.

JEL classification: D19, G14
Key words: learning, individual investors, rationality, trading



Given the mounting evidence that investors make various mistakes, much attention has
recently been paid to agent rationality (see, e.g. List (2003), Dhar and Zhu (2006), among others),
a classic assumption in modern economics and finance that simplifies decision-making with
analytical models. However, judgment errors alone do not violate rationality. That is, the
assumption of rational expectations “does not deny that people often make forecasting errors, but
it does suggest that errors will not persistently occur on one side or the other” (Sargent (1993)).
In other words, agents are not likely to make systematic mistakes. Determining whether
investors learn from their experience — specifically, whether trading experience affects behavior
and, perhaps more importantly, improves investment performance — would be a significant step

towards establishing the appropriateness of the rationality assumption.

The learning process that exists within a real market setting with potentially semi-rational
or limited rational investors is not well-understood. Empirical psychology literature is often used
to justify the assumptions employed in most existing theory, such as Daniel et al. (1998) and
Gervais and Odean (2001) who contend that investors may learn about their private signals’
precision through a mechanism more complex than the neo-classical economic assumption of
Bayesian updating. However, despite the many advantages of laboratory experiments, the results
regarding individual learning seem to be mixed.! Further, not only does the laboratory setup fail
to accurately capture investor behavior when significant wealth is at stake, but the subjects also
deal with relatively simple signals and tasks, leading to more restricted learning. In contrast,
learning in a trading environment can be more challenging. Although trade outcome (i.e.,
profitability) can be easily judged, individuals inferring their forecasting ability (a proxy for their
private signal precision) must sift through much more noise such as benchmark performance and
risk undertaking. Finally, while data limitations have hindered past empirical endeavors, detailed
personal portfolio information combined with market condition data enable us to track discount

investors’ trading activity and ability discovery from account inception, providing a direct test of

! Coursey et al. (1987), Dhar and Zhu (2006), Erev and Roth (1998), List (2003), and Shor (2004) find that
experience helps investors reduce certain behavioral biases and that subject behavior improves over time. In
contrast, Knetsch and Sinden (1984) and Camerer and Hogarth (1999) argue that learning can take a long period
of time and may not be effective in eliminating behavioral biases.



investor learning.? Thus, in addition to improving the understanding of individual learning
behavior, our examination into trading environment learning processes will help differentiate

learning in a complex setting from that in an experimental setting.

We analyze possible individual investor learning behavior from two perspectives, the first
being based on the relation between trade performance and trading behavior. Following Daniel
et al. (1998) and Gervais and Odean (2001), we argue that investors’ demand for risky assets will
increase with their confidence in their private signal precision. Specifically, we contend that
investors who receive more accurate private signals regarding future excess stock returns will
appear to demonstrate superior trading ability, because the increased signal precision will
improve their selection ability and hence their trades’ subsequent returns. Further, if private
signal precision is persistent, then more accurate previous signals (evidenced by previous trades’
superior subsequent returns) would indicate more accurate future signals (to be demonstrated by

future trades’ superior subsequent returns).

We then test the natural consequence, i.e., whether the perceived precision of prior
private signals significantly affects individual investors’ future trade performance and activity.
To approximate investors’ private signal precision, we use a nonparametric statistical model
developed by Henriksson and Merton (1981), modified by Cumby and Modest (1987), and
applied by Hartzmark (1991) and others. Working backwards, if transaction profitability and
hence apparent trading ability is dependent on signal accuracy, then analysis of the subsequent
performance of signal-conditioned previous trades should partially reveal the prior noisy private
signals’ precision. This framework enables us to construct two trading ability time-series
measures — “consistent forecasting ability” and “big hit forecasting ability” — which respectively
proxy for (i) the precision of information regarding the signs of future excess stock returns, and
(ii) the precision of information regarding both the magnitudes and signs of future excess stock
returns. Our empirical results provide strong evidence that these ability measures significantly
affect investors’ future investment performance and trade intensity. Fixed effect panel

regressions indeed suggest that if previous private signals are believed to be more (less) accurate,

2 |t is important to note that while learning can develop in either a purely rational and/or a somewhat behaviorally-

biased fashion, it is not the intention of this paper to distinguish between the two.



then investors’ future purchases are more (less) likely to generate positive risk-adjusted excess
returns and their future trading activity increases (decreases).

The second perspective from which we analyze investors’ possible learning behavior is
based on the relationship between trading experience and investment performance. Recent
studies have shown that experience can play a significant role in eliminating judgment errors,
such as the endowment effect (List (2003)) and the disposition effect (Dhar and Zhu (2006)).
Likewise, we expect that trading experience will help individuals learn about their private signal
precision, which will consequently improve their performance by enabling them to make better
signal-driven trades — presumably by trading more (less) aggressively when faced with more

(less) precise private signals.’

As anticipated, we find strong evidence that trading experience (measured in a variety of
ways related to inferred private signal accuracy) helps future investment performance. First, as
an individual’s investment experience (number of elapsed months since account opening)
increases, so does her portfolio’s future risk-adjusted return. This effect is particularly strong for
inactive traders and traders with average or below-average investment performance. Second, to
capture dynamic portfolio changes, we also perform calendar-time portfolio analyses on trades
made by investors at different stages of their investment tenure. We find very robust results that
the portfolios mimicking more-experienced investors’ trade decisions outperform the portfolios
mimicking less-experienced investors’ trade decisions by up to three basis points per day,
controlling for common risk factors. In sum, our evidence suggests that trading experience helps

improve individual investor welfare.

The rest of the paper proceeds as follows. Section Il describes the data; Section Il
analyzes the relation between prior trading ability and future trade performance and intensity;
Section 1V analyzes the effects of trading experience on portfolio performance; and Section V

concludes.

® It is worth noting that individuals investors do obtain negative net returns on their investment (Barber and Odean

(2000)). However, instead of asking whether individuals should trade in the first place, the current study focuses
on the possible effects of individual investors’ investment ability on future trading tendencies and investment
performance.



I1. Data

Our analyses are based on a sizeable panel data set containing the trading activities of
individuals at a large national discount brokerage firm (see Barber and Odean (2000) for further
data descriptions). The data, which cover the investments of 77,995 households from January
1991 to December 1996, have three important components: (1) a position file that includes the
end-of-month portfolio holdings for all households; (2) a trade file that records all trades
executed by sample investors; and (3) an investor characteristics file that includes investor
characteristics such as investors’ income levels, occupation categories, ages, and the dates on
which they opened their accounts. While both the trade and position files include common
stocks, mutual funds, and other securities (e.g., American Deposit Receipts, fixed income
securities, and options), we only focus on the common stock portions. Previous studies provide
greater detail about the data and, after comparing sample investors with the Survey of Consumer
Finance, ascertain that it is a good representation of national individual investors (Barber and
Odean (2000), Dhar et al. (2004)).

This data set has several features that dramatically facilitate our research. First, the data
allow us to observe individuals’ detailed trade histories. The inclusion of transaction prices,
dates, and traded security features enables the inference of investors’ security analysis abilities.
Further, since the data allow us to follow individuals over a period of six years beginning from
the time they opened their first account in 1990 or 1991, we are able to track investors’ learning
progression (which is naturally a temporal process).* Finally, the large number of individual
investors contained in the data set mitigates possible sample selection problems and leads to

higher inference power through the variation across individuals.

The data set is filtered as follows: First, since we focus on investors’ learning about the
precision of their private signals regarding stock investments, we exclude 11,535 households

who do not hold common stock during any sample month. Common stocks make up roughly 60

* We implicitly assume that sample investors hold no other accounts at outside discount brokerage firms. This is
consistent with the Survey of Consumer Finance, which shows that, on average, households use one brokerage
firm.



percent of the account values and slightly more than 60 percent of all trades. Second, because
the average sample household holds two accounts with the discount brokerage firm (most
commonly due to retirement accounts’ tax-preferred status), we aggregate monthly trades across
all accounts associated with a particular household (i.e., treating multiple household accounts as
one large account). Third, we only examine households whose entire trade histories are
observable (i.e., those who opened their first account in 1990 or 1991), reducing our sample to
18,374 households.®> Finally, to be in the sample at time t, household i must have non-missing
data for all variables utilized in this analysis. These requirements result in a final sample of
65,118 household-months for 2,973 households, spanning the calendar time from March 1991 to
November 1996. The investors included in our final sample (i) closely resemble excluded
investors with respect to annual income, age, job function and amount invested in common
stocks, and (ii) trade slightly more (mean number of trades = 49) than excluded investors (mean

number of trades = 41).

(Insert Table 1 about here)

Table 1 provides summary statistics for the trading activity definitions used in the paper
(i.e., trade frequency and portfolio turnover) and reveals a wide range of trading behaviors. For
example, looking at trade frequency in Panel A, the average number of monthly trades varies
dramatically from a minimum of zero to a maximum of 113.0; the average number of monthly
buys varies from zero to 49.67; and the average number of monthly sells varies from zero to
63.33. Similar to trade frequency, there is considerable variation in portfolio turnover (Panel B).
Monthly purchase (sale) turnover is calculated as the dollar value of the purchases (sales)
executed in a month divided by the end- (start-) of-month portfolio value. The average purchase
and sale turnovers — 7.19 and 6.90 percent, respectively — are in line with the 6.06 percent
reported in Barber and Odean (2000). Total portfolio turnover is the average of the month’s
purchase and sale turnover. Table 1 also includes summary statistics for the trading ability
measures that proxy for private signal precision, which will be discussed next.

> Investors who opened their accounts after 1991 are included for a robustness check, and the results are similar.



I11. Interaction between Performance and Trading

3.1. Inferred Trading Ability as Proxies for Private Signal Precision

Our learning analysis first focuses on the interaction between trade activity and
performance. As mentioned, we assume that investors purchase stocks after receiving private
signals, and that the purchases triggered by more precise signals will suggest superior trading
ability because they will subsequently generate higher risk-adjusted abnormal returns. Further, if
private signal precision is persistent, then prior private signal precision should be positively
related to future private signal quality, and so ultimately should predict future transaction
performance. Given this predictability, learning investors would benefit from conditioning their
future trading behavior on their current inferred signal precision. For example, if an investor
perceives her private signal to be imprecise (i.e., does not provide information relevant to
investment performance), surmising that a signal-based stock purchase would subsequently
generate a low risk-adjusted return, the investor should consequently refrain from future trading.
Accordingly, we test whether previously-demonstrated trading ability (proxying for the precision
of prior private signals) helps forecast first future trade performance and then future trading
activity. Affirmative answers to both hypotheses would indicate that private signal precision is

persistent and that investors are appropriately adjusting their trading behavior.

To test these hypotheses, we must construct measures of investors’ trade activity and
inferred private signal precision. Although trade frequency and turnover are straightforward
choices for trade intensity measures, the selection of a trading ability proxy for perceived private
signal precision is a non-trivial process. Fortunately, this is a well-studied problem in finance
(see, e.g., Becker et al. (1999), Henriksson and Merton (1981), Cumby and Modest (1987),
Hartzmark (1991), Jagannathan and Korajczyk (1986), Merton (1981), among many others),®
enabling us to adopt two widely-used measures of past trade performance to proxy for investors’

inferred private signal precision.

® It is conventional (e.g., Merton (1981)) to partition “forecasting skills” into “micro-forecasting” and “macro-
forecasting.” The former, frequently referred to as “security analysis,” forecasts individual stocks’ price
movements relative to the market. The latter, often termed “market timing,” forecasts stock market price
movements relative to fixed-income securities. This paper focuses on investors’ “security analysis ability,” or the
precision of their private signals regarding how individual stocks move relative to the rest of the market.



First, we construct a proxy for the accuracy of investors’ private signals regarding the
directions or signs of future risk-adjusted excess stock returns. According to Henriksson and
Merton (1981) and Cumby and Modest (1987), individuals have “consistent forecasting ability”
(Hartzmark (1991)) if the conditional probability of correctly predicting future price changes is
significantly greater than 0.5.” By assuming that investors are equally capable of forecasting
future price increases and decreases, we dramatically simplify the ability inference. To compute
each investor’s consistent forecasting ability time-series, we first estimate every stock purchase’s
subsequent one-month risk-adjusted excess return.® A purchase’s subsequent daily excess return
is the stock’s daily net realized return (over the Treasury-bill rate) minus the sum of the day’s
Fama-French factors multiplied by their respective loadings, which are first estimated by
regressing the stock’s daily net raw returns on the factors over the 100 trading days preceding the
purchase date.® The purchase’s subsequent one-month excess return is calculated as the sum of
these daily excess returns over the 20 trading days following the purchase date.® A stock
purchase is labeled “good” if it produces a non-negative subsequent one-month excess return.

Next, we presume that investors attempting to determine their private signal precision
perform the following monthly two-sided Student t-test. That is, they test whether the portion of
their previous purchases which turned out to be good significantly differs from 0.5. Restated,
under the assumption that the signs of excess returns are generated from a binomial process, the
null hypothesis predicts that roughly half of an investor’s prior purchases will be good. Using
the probability significance level from this monthly hypothesis test, we follow Hartzmark (1991)

and define individual i’s consistent forecasting ability as of month t as

" This methodology and its extensions are widely used to study the performance of mutual funds and futures market

traders, as well as newsletters’ forecasting ability (see Bollen and Busse (2001), Chance and Hemler (2001),

Graham and Harvey (1996), and Womack (1996), among others).

Here we focus on purchase trades instead of sales, mainly because purchase decisions seem less likely to be

influenced by exogenous liquidity or tax concerns than sale decisions. However, research on sales also provides

useful insights. For example, Seru et al. (2007) find evidence for investor learning when analyzing how investor
trading experience affects the disposition effect.

® We also estimate risk-adjusted returns using a 100 trading day window centered on the purchase date and obtain
similar results.

10" Availability and salience heuristics lead us to use a relatively short time horizon. Specifically, we believe
individuals who turn over their portfolios often tend to focus more on short-term returns rather than on long-term
returns. The one-month return horizon in particular is selected for several reasons. Not only do sample investors
receive monthly account statements containing such short-term performance reminders, but given that they
execute an average of eight trades each year, it seems reasonable to assume that they routinely calculate their
interim performance. Also, empirical evidence suggests that individuals consider these one-month returns (i.e.,
Barber et al. (2007b) find that individual investors’ order flow responds to previous-month price movements).
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G
FS, = (1— probability significance level, )x (sign of (N_It_ 0.5]} , (1)

where N;, is the number of purchases that the investor has made up to 20 trading days before
the beginning of month t, and G;, is the number of these purchases which were good. The

range (—1£ FS. <1) encompasses the universe of investors: those with statistically significant

it —

inferior ability (when FS;; is close to -1), those with weak ability (when FS;; is close to 0), and
those with statistically significant superior ability (when FS;; is close to 1).

The interpretation of this first proxy for information precision, consistent forecasting
ability, can be illustrated with the following numeric example. Suppose that in a given month,

an investor’s G, /N, equals 0.8 (i.e., 80 percent of the household’s previous trades have been

good, implying that this investor’s previous purchases have generated more positive than
negative subsequent excess returns) and its associated probability significance level is 0.15

(estimated from a t-test that the proportion G, / N;; =0.5), meaning that the null hypothesis of

random subsequent excess return signs can be rejected with 85 percent confidence. In this case,
FS; :(1—0.15)><1:0.85 , implying fairly precise private signals regarding the signs of

subsequent purchase returns. Overall, positive (negative) measures generally suggest superior

(inferior) ability or signal precision.

Next, we construct a proxy for the accuracy of investors’ private signals regarding not
only the direction but also the magnitude of future risk-adjusted excess stock returns.
Individuals with “big hit forecasting ability” (Hartzmark (1991)) establish larger long positions
when they anticipate higher excess returns. To compute each investor’s big hit forecasting ability
time-series, we perform the following times-series regression for each investor in each month
respectively:

Ri’j:a+,3.’tDi'.+gin. (2

! J

At the beginning of month t, the subsequent one-month risk-adjusted excess return R; ; of each

of investor i’s previous stock purchases j completed at least 20 trading days before t are



regressed on the purchases’ respective dollar amounts D, ; (i.e., the number of shares multiplied

by the transaction share price). Using the estimated ,Bi]t coefficient and the probability

significance level from the hypothesis test that this coefficient equals zero, we follow Hartzmark

(1991) and define individual i ’s big hit forecasting ability as of month t as

FB,, = (1- probability significance level, ) x (sign of 5, ). 3)

The range (—15 FB. <1) encompasses the universe of investors: those with statistically

it —
significant inferior ability (when FB;; is close to -1), those with weak ability (when FB;; is close

to 0), and those with statistically significant superior ability (when FB;; is close to 1).

We again provide a numeric example to aid in the interpretation of this second ability
proxy. Suppose that in a given month, an investor’s ,BA’Lt equals 3.0 (implying a positive relation

between the dollar values of the investor’s previous purchases and their subsequent returns) and

its associated probability significance level is 0.05, implying that the null hypothesis of no

relation between purchase dollar value and subsequent excess return (i.e., that B, =0) can be

rejected with 95% confidence. In this case, FB,, =(1-0.05)x1=0.95, indicating precision in

the investor’s private signals regarding both the signs and magnitudes of previous purchases’
subsequent excess returns. Once more, positive (negative) measures generally suggest superior

(inferior) ability or signal precision.

Panel C of Table 1 reports summary statistics for the two ability measures. Given that the
mean and median consistent (big hit) abilities are both significantly negative (economically
insignificant), it seems apparent that individuals, on average, do not possess forecasting ability.
In other words, their private signals are not precise. The two ability measures are weakly
positively correlated with each other (coefficient of correlation = 0.13) and with the previous
month’s portfolio return (coefficient of correlation = 0.08). The next section of the paper will
focus on whether the temporal variation in perceived private signal precision — for which the

ability measures proxy — influences individuals’ future purchase quality and trading tendencies.

10



3.2. Interaction between Performance and Trading

As discussed, if more precise private signals enable traders to make wiser purchase
decisions, then persistent precision would imply a positive relation between demonstrated
forecasting ability and future trade quality. To investigate whether perceived private signal
precision is linked to the performance of future trades, we adopt two alternative regression
specifications. We first perform a Probit regression to test the hypothesis that as an investor’s
previous trading ability (proxying for the perceived precision of prior private signals) improves,
so does the probability that the investor’s next purchase will be profitable. In particular, the
dependent variable equals 1 if the next stock purchased by a household after inferring its ability
on a monthly basis subsequently generates a positive abnormal one-month return; 0 otherwise.

The regression’s independent variables include investor fixed effects, as well as investors’ (i)

perceived private signal precision proxy, FS;, or FB,, in the period; (ii) past-month portfolio

.
return; and (iii) past-six-month portfolio return. In addition, we also perform a linear regression
to test the hypothesis that as an investor’s perceived private signal precision increases, so does
the profitable portion of the investor’s future purchases. Consistent with the above trade
profitability definition, the dependent variable equals the fraction of purchases executed by a
household during the six months following private signal precision inference which subsequently
generate one-month abnormal returns. In addition to the independent variables just discussed,
we also include the total number of purchases executed within this six month time frame to
control for the following potential mechanical effect: holding constant the precision of private
signals and the number of signal-driven purchases, the more total purchases an investor makes in
a month, the larger is the portion of purchases not driven by private signals. It is plausible that
purchases not driven by private signals do not have positive subsequent abnormal returns. As a

result, the profitable portion of the investor’s future purchases is smaller.
(Insert Table 2 about here)
In Table 2, which reports the results of the two regression specifications, the significantly

positive proxy coefficients in both models lend support to the predictability of inferred signal

precision on future purchases’ performance. Looking at the Probit model, marginal effect

11



analysis indicates that an improvement in the forecasting ability proxies from zero to one (i.e.,
from signals which are perceived to be non-informative to perfectly accurate) increases the
probability that the next purchase will be profitable by 14 to 16 percent. The linear model
generates similar results, in that the same improvement will increase the fraction of future

profitable purchases by 4 to 5 percentages.

This evidence that higher inferred signal precision improves future purchases’
performance leads us to next study whether investors condition their future trading intensity on
their inferred private signal precision (controlling for other variables that may affect stock
trading tendencies) using the following fixed effect regression in Table 3:

T =CG+poF +pN; + p3Ti:—1 +o R TR+ PR+ o (SDm,t - SDm,t—l) @)

+0;GR3, . + PV, 1+ 0,,DEC, + o, JAN, + ¢,
In Panel A of Table 3, the dependent variable T, equals the number of household i’s month t
total trades (purchases and sales) in the first two columns, the household’s monthly purchases in
the middle two columns, and the household’s monthly sales in the last two columns. In Table 3
Panel B, the dependent variable is household i’s month t average portfolio turnover in the first
two columns, the household’s monthly purchase portfolio turnover in the middle two columns,

and the household’s monthly sale portfolio turnover in the last two columns.™

Turning towards the regressors, the independent variable of interest (F,) assumes the

value of FS;; and FB;;, respectively. Positing that the link between perceived signal accuracy
and future trade performance will lead learning investors with superior perceived signal accuracy

to trade more aggressively, we expect a positive p,. Next, we add two variables to control for
correlation within the model. Namely, we include N;, to control for correlation between the
dependent variable and the number of previous purchases to date, while T, _, controls for

potential serial correlation in the dependent variables. However, to mitigate any parameter

estimation bias due to the inclusion of the lagged dependent variable as a regressor, we follow

1 In unreported analyses, we replicate the regressions using quarterly turnover and obtain similar results.
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Holtz-Eakin et al. (1988)’s instrumental variable approach and replace lagged turnover with the

fitted value T

.11 from the following regression:

Ti,t—l =a+ blTi,t—Z + bZTi,t—3 + bsTi,t—4 +€;. (5)

We also include additional explanatory variables to control for other trading needs. For

example, we include the previous month’s S&P500 index return (R, ;) to account for the fact

that individuals’ trading decisions are influenced by the previous month’s market return (Barber

et al. (2007a)). Including lagged long-run market performance (GR3, ), the S&P500 return

cumulated over the past three years, helps capture possible trading behavior evolution, such as
changing/persistent investor sentiment. To distinguish between trades motivated by return-
feedback rather than inferred ability, we also include investors’ lagged personal portfolio
monthly returns, R;_,. For example, regardless of forecasting ability, individuals prone to the
disposition effect who experience superior returns are more likely to increase their trading (i.e.,
sell their winners and use the resulting proceeds to purchase more shares).*? Further, because
cash-strapped investors may stop trading simply because they have lost most of their investment
and have no more money with which to trade, we include the market value of an investor’s stock

and mutual fund portfolio at the end of the previous month, B, ;.

Next, to control for rational portfolio rebalancing trading, we use the change in cross-

sectional return standard deviation for all stocks in the market, SD, —SD,,,, as a proxy for the
change in the covariance of stock returns, where SD, , is the cross-sectional return standard

deviation of all stocks in the market. We also include the dollar value of lagged
NYSE/AMEX/NASDAQ market trading volume, V,

mt-1°

to control for investment fads and/or

herding.  Furthermore, we use both December and January dummies, DEC, and JAN,,

respectively, to capture possible trading seasonality and tax considerations (see, e.g., Kumar and
Lee (2006)). Finally, we include a unique intercept for each individual in order to capture

trading associated with latent variables’ time-invariant components such as an investor’s risk

12 While perceived private signal precision and past performance measures are correlated, our results show both to
be statistically significant; thus multicollinearity does not prevent us from identifying their significance separately.

13



attitude, gender, personal income, education, etc. In other words, this “fixed effect” adjustment —
which controls for each investor’s average perceived private signal precision — guarantees that

o, Will reflect only the temporal relation between perceived private signal precision and trading

tendency.
(Insert Table 3 about here)

Panel A of Table 3 reveals that, as predicted, the regressions produce significantly
positive estimated FS;; and FB;; coefficients (except for FS;’s inability to affect future sales).*?
Controlling for other variables, as an investor’s perceived private signal precision improves from
perfectly uninformative to perfectly informative, the investor’s subsequent monthly
trades/purchases/sales increase by 0.03 to 0.06 transactions. Hence, we reject the null hypothesis
that investors’ future stock trading is unaffected by the inferred accuracy of their private signals.
The positive ability coefficients in both Tables 2 and 3 are consistent with investor learning:
private signal precision boosts future trade profitability, which in turn spurs individuals to trade

more aggressively.

A few results regarding the control variable coefficients merit discussion. First, as would
be expected, the lagged dependent variable coefficient is positive and highly significant,
suggesting temporal persistence in investors’ trade tendencies. Second, previous raw
performance measures impact individuals’ trading decisions. Consistent with Gervais and Odean
(2001) and Investment Company Institute (2003), we find that investors’ trade frequency

increases with both short-term and long-term historical market portfolio returns (i.e., R, ; and

GR3,,.,, respectively). Further, investors’ past personal portfolio performance also influences

their trading. While previous raw portfolio returns are correlated with perceived private signal
precision (which depend on previous purchases’ subsequent one-month excess returns), it is
important to remember that the former is impacted by current market performance, factor

exposure, and returns of holdings purchased more than one-month prior (none of which would

3 Al statistics are calculated using White-heteroscedasticity consistent variance-covariance matrices.

14



affect the latter). Overall, our main findings remain robust even after including these control

variables.

The main results presented in Panel B mirror those described in Panel A - i.e., the
forecasting ability proxies are once more significantly positive. Controlling for other variables,
as an investor’s perceived private signal precision improves from perfectly uninformative to
perfectly informative, the investor’s subsequent monthly turnover increases by 0.6 to 2.2 percent
(or by 7 to 26 percent on an annual basis). It should be noted that learning (as measured by the
private signal precision proxy coefficients) has the weakest impact on sale turnover, suggesting
that private signal precision better facilitates purchase decisions, which require a much more
costly search than sale decisions. Overall, we again reject the null hypothesis that investors’

future stock trading is unaffected by the inferred accuracy of their private signals.

IV. Trading Experience and Performance

Being that trading ability proxies for past private signal precision are positively linked to
future trade profitability and intensity, we next hypothesize that trading experience will enable
individuals to more accurately infer their private signal precision, and the resulting increased
future trade profitability implication will lead learning individuals to accordingly adjust their
trading behavior and thus enhance their overall investment performance. We test the null
hypothesis — i.e., that trading experience does not affect investors’ future performance — under

two frameworks.

First, we examine whether an investor’s excess portfolio return improves as the investor
gains trading experience by performing the following fixed effects linear regression:
RER;, = C,; + p,Purchases; , + p,Stocks;, + p,Variance, , + p,Time;  +&Controls, +¢;, (6)

Looking at the dependent variable in equation (6), each investor’s risk-adjusted excess portfolio

return time series (RER ;) equals the sum of the estimated intercept and residuals from a

regression of the investor’s monthly raw portfolio returns net the Treasury-bill rates on the
Fama-French factors. Next, four different measures are used to proxy for investor i ’s trading

experience as of the beginning of month ¢ . First, recalling equation (1), since an investor’s

15



capability to infer her private signal precision should increase as she purchases more and new

stocks, Purchases,, equals the total number of stock purchases the investor has previously
completed, while Stocks, , equals the total number of different stocks the investor has previously
purchased. Additionally, it is straightforward from equation (2) that as the variance (Variance, )
of these previous purchases’ dollar amounts increases, the more accurately big hit ability FB,
can be estimated. Furthermore, given that it seems plausible that an investor with longer account
tenure has had more opportunities to infer her private signal precision, Time;, equals the number

of months which have elapsed since the opening of the investor’s oldest account. Positive
coefficients for the experience measures would be consistent with the existence of effective

investor learning. Finally, also included in equation (6) is a vector of control variables

(Controls; ;) which contains 11 month dummies, the investor’s previous month’s portfolio value,

and the current and lagged value of the market’s monthly trading volume (to control for possible
herding and changing investor sentiment).

(Insert Table 4 about here)

In Table 4 Panel A, five versions of the equation (6) regression are applied to all sample
investors. The first four regression specifications sequentially consider the investor experience

measures, while the fifth specification includes all four experience measures simultaneously.

While neither Purchases;, nor Stocks,  significantly impact future portfolio excess return, the
statistically significant Variance,, and Time, , coefficients (specifications Il through V) reject

the null hypothesis that these latter two experience proxies do no improve investment

performance.

In Panel B, the fifth regression specification containing all four experience proxies is
performed using different investor sub-samples: active traders and inactive traders; and winners,
average performers, and losers. Active traders complete at least 25 trades in the sample period,
whereas inactive traders complete fewer than 25 trades. Winners include households belonging

to the top tercile of investors sorted on average excess portfolio return; Average performers
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include those belonging to the middle tercile; Losers include those belonging to the bottom

tercile. Looking at the sub-sample results, Time, is the only experience measure that is

significant across most different pools of investors (i.e., each subs-sample except for winners).

Time,, ’s stronger impact on inactive traders and investors with average or below average

portfolio performance suggests that experience may be a more successful deterrent than
inducement. In other words, the response experienced individuals have when learning about
their private signal precision may be asymmetric. Specifically, in order to achieve higher
portfolio returns, investors with inferior ability may be more inclined to decrease their future
trade intensity than investors with superior ability are inclined to increase their future trade

intensity.

Our second approach to analyzing whether experience helps improve investment
performance is to directly assess the quality of investors’ trade decisions. Despite previous
studies which have found that individuals on average make poor decisions (e.g., Barber and
Odean (2000), Barber et al. (2007a)), it seems reasonable to expect trade quality to improve with
investment experience. Accordingly, we next adopt a calendar-time return methodology (Barber
and Lyon (1997) and Odean (1999)) to consider how one measure of trade quality (i.e., the

extent to which purchases subsequently outperform sales) varies with investment experience.**

We begin this examination by partitioning sample transactions into more- and less-
experienced sub-samples (we consider two classification rules, discussed below). We then form
portfolios that essentially mimic the two experience sub-samples’ buying and selling decisions.
That is, a purchase (sale) transaction in the experienced sub-sample prompts the experienced
purchase (sale) portfolio to buy and hold the stock for one month.*® Likewise, a purchase (sale)
transaction in the inexperienced sub-sample prompts the inexperienced purchase (sale) portfolio
to buy and hold the stock for one month. The daily raw returns of the four resulting portfolios

(i.e., experienced purchases, experienced sales, inexperienced purchases, and inexperienced sales)

¥ While portfolio returns may also reflect trade quality, directly examining investors’ executed trades is more
informative and does not suffer from potential contemporaneous correlation among individual portfolio returns.
For a discussion of calendar-time portfolio returns and potential impacts, see Barber and Lyon (1997), Seasholes
and Zhu (2007).

> This assumption is largely to be consistent with the one-month period used in the rest of the paper. We also
assume one-year holding periods and obtain slightly stronger results.
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are calculated on both an equally-weighted and value-weighted basis. Next, average trade
quality within a given experience sub-sample can be approximated by (i) comparing the daily
raw returns of its purchase and sale portfolios, and (ii) regressing this net return series on the
Fama-French factors to estimate excess return. For example, if (i) the experienced purchase (sale)
portfolio’s average subsequent raw returns exceed those of the experienced sale (purchase)
portfolio, or (ii) the average experienced buy-minus-sell excess return alpha is significantly
positive (negative), then the experienced sub-sample can be said to have made high (low) quality
trades. Further, by comparing the average buy-minus-sell daily raw and excess returns across
the two experience sub-samples, we can determine whether experience helps improve trade

quality.

In Table 5, transactions occurring earlier (later) in the sample period — i.e., between 1991
and 1993 (1994 and 1996) — are assigned to the less- (more-) experienced sub-sample. Looking
at the daily return differences between purchase and sale portfolios within these sub-samples, it
initially appears that the average individual investor is not a very good trader (supporting Odean
(1999) and Barber and Odean (2000)). That is, both the inexperienced and experienced sub-
samples’ value-weighted purchase portfolios significantly under-perform their respective sale
portfolios (by 3.8 and 0.6 basis points per day, respectively). However, this 3.2 basis point
difference in net portfolio performance between sub-samples is statistically significant,
suggesting that relative trade quality does indeed increase with experience. Additionally, while
the average daily excess returns of both the inexperienced and experienced sub-samples’ buy-
minus-sell trading strategies are significantly negative (by 3.6 and 1.4 basis points per day,
respectively), the 2.2 basis point improvement between the experienced and inexperienced three-
factor alphas lends additional support to our argument. We obtain similar results when the
subsequent daily returns of the experienced and inexperienced purchase and sale portfolios are

calculated on an equally-weighted basis.

(Insert Table 5 about there)

However, to determine whether this average relative trade performance improvement

results from experience (i) enabling investors to increase their trade quality (i.e., investors learn
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to trade better), or (ii) instructing investors as to appropriate market presence (i.e., poorly-
performing investors quit trading, see Seru et al. (2007)), we replicate the above portfolio
approach using only investors who trade in both sub-periods. Looking at the results in Table 6,
we find again that relative trade performance improves significantly with experience, albeit to a
lesser extent, when considering only investors who stay in the market. This suggests that the
overall performance improvement in the second half of the sample period is due to both sample
selection and increased trading ability. Nevertheless, while the extent to which their purchases
underperform their sales may have decreased, it is important to bear in mind that these more-

experienced individuals still, on average, cannot beat the market.

(Insert Table 6 about there)

Finally, by comparing trades executed in different calendar time periods (as we do in
Tables 5 and 6), we ignore the possibility that unobserved variables might systematically affect
all investors in both sub-periods (e.g., a temporal shift in investor sentiment or market return),
first depressing and then boosting relative trade quality. To circumvent this problem and
compare the subsequent investment performance of trades made in the same time period by
investors with varying investment experience, we adopt an alternate method for separating
experienced from inexperienced trades. Specifically, in Table 7, transactions performed by
investors with newer (older) accounts — i.e., those opened in 1990 or 1991 (between 1985 and

1989) — are assigned to the less- (more-) experienced sub-sample.*®

This change in experience classification, which contrasts the returns generated by
different investor groups during the same period, produces two notable results. First, while both
the inexperienced and experienced sub-samples’ mimicking purchase portfolios still
underperform their respective sale portfolios (by 2.8 and 0.6 basis points per day, respectively,
when portfolio returns are value-weighted), the experienced return difference is no longer

statistically significant. Second, while the average daily excess returns of both the inexperienced

16 We exclude households who opened their first account prior to 1985 primarily because these households tend to
include much older and wealthier individuals, and previous studies have shown that such characteristics
considerably affect trade decisions and performance (Dhar and Zhu (2006), Linnainmaa (2006), Grinblatt and
Keloharju (2001)).
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and experienced sub-samples’ buy-minus-sell trading strategies are still negative (by 3.3 and 1.0
basis points per day, respectively), the experienced excess return is similarly no longer
statistically different from zero, suggesting relatively better performance by the experienced
group. Thus, the significant improvement in the raw and excess return differences between sub-
samples appears to be driven by the remarkably poor quality of inexperienced investors’ trades.
We obtain similar results when the subsequent daily returns of the experienced and

inexperienced purchase and sale portfolios are calculated on an equally-weighted basis.*’

(Insert Table 7 about there)

V. Conclusions

This paper analyzes potential learning behavior evidenced by individual investors’ stock
trading from two perspectives. First, we question whether investors’ future trade performance
and activity is affected by their previously-demonstrated trading ability, which proxies for
private signal precision and is inferred from their prior purchases’ subsequent performance. We
find that (i) the subsequent purchase’s profit likelihood, (ii) the profitable portion of ensuing
purchases, and (iii) future trade intensity measures all increase with our proxies for perceived
private signal precision. Together, this suggests that as an investor’s confidence in the precision
in her private signals increases, the resulting indication of higher future purchase excess returns

spurs the investor to trade more actively.

Second, we question whether trading experience help investors obtain better investment
performance. Not only does excess portfolio return improve with account tenure, but we also
find that trade quality (i.e., average raw and excess buy-minus-sell returns) significantly
increases with experience (i.e., calendar time and account tenure). Overall, our findings are
consistent with the hypothesis that despite their various documented mistakes, individual
investors do learn from their investment history, adjust their future stock trading accordingly,

and achieve higher investment performance as they gain experience.

17 Other investor characteristics, such as age, income, and occupation, are not responsible for the return difference as
we intentionally include only households that opened their accounts between 1985 and 1989 as the control group
for the experienced investors, who share very similar profiles to the sample investors.
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Table 1
Data Summary

This table reports summary statistics of trading frequency, turnover, and inferred trading abilities
(which proxy for private signal precision) for households who opened their first accounts in 1990
or 1991 at a large discount brokerage firm. Trade frequency measures equal the total number of
trades (purchases and sales), purchases only, or sales only divided by the number of months.
Monthly purchase (sale) turnover is calculated as the dollar value of purchase (sale) trades
executed in a month divided by the end-of (start-of)-the-month’s portfolio value. Average
portfolio turnover is the average of the month’s purchase and sale turnover. Consistent and big
hit abilities (FS;; and FB;;) capture investors’ ability to predict the direction and both the
direction and magnitude of future excess returns, respectively. The two measures are defined in
Equation (1) and (3) in Section IlI.

Panel A: Trade Frequency

Mean Median Std Dev. Min Max
Trades / Month 0.79 0.16 0.37 0.00 113.00
Purchases / Month 0.45 0.08 0.20 0.00 49.67
Sales / Month 0.36 0.06 0.15 0.00 63.33

Panel B: Turnover

Mean Median Std Dev. Min Max
Avg Port Turnover 0.071 0.049 0.064 0.001 0.456
Purchase Turnover 0.072 0.048 0.069 0.001 0.689
Sale Turnover 0.069 0.048 0.068 0.000 0.483

Panel C: Abilities

Mean Median Std Dev. Min Max
Consistent Abilities -0.093 -0.266 0.628 -0.999 0.999
Big Hit Abilities 0.001 0.009 0.595 -0.999 0.999




Table 2
Inferred ability and Profitability of Future Trades

For the probit model, the dependent variable equals 1 if the next stock purchased by a household
after inferring its ability subsequently generates a positive abnormal one-month return; and 0
otherwise. For the linear model, the dependent variable equals the fraction of stocks purchased
during the 6 months following the household’s ability inference that generate positive subsequent
1-month abnormal returns. Independent variables include individual fixed effects, the investor’s
(i) inferred ability monthly measure: FS;i; or FBiy; (ii) lagged one-month portfolio return; (iii)
lagged six-month portfolio return; and (iv) the total number of purchases executed by the
investor over the six months following their ability inference. * (**) indicates statistical
significance at the 5% (1%) level. T-statistics are provided in brackets.

FS FB
Probit Linear Probit Linear
model Model model model
Inferred Ability **0.165  **0.049 **0.139 *0.041
[4.12] [2.99] [3.24] [2.25]
Lagged 1-month portfolio return 0.012 0.009 0.014 0.012
[1.33] [0.88] [1.15] [0.45]
Lagged 6-month portfolio return 0.002 0.004 0.002 0.002
[0.79] [0.92] [0.37] [0.39]
Number of subsequent purchases **.0.027 **.0.033
[-5.56] [-5.22]
Individual fixed effect Yes Yes Yes Yes
(Pseudo) R-square 0.19 0.07 0.14 0.06




Table 3
Security Analysis Ability and Stock Purchases

We perform the following fixed-effect panel regression specification:
T=C+pF,+p,N; + 103Ti7(t—1 + PRyt PR+ PR+ o (SDm,t - SDm,t—1)+ PsGCR3, .+ PV 1+ 0 DEC, + o JAN, + ¢,

In Panel A, the dependent variable T,, equals the number of household i’s month t total trades (purchases and sales) in the first two

columns, the household’s monthly purchases in the middle two columns, and the household’s monthly sales in the last two columns. In
Panel B, the dependent variable T, equals household i’s average portfolio turnover during month tin the first two columns, the

household’s monthly purchase portfolio turnover in the middle two columns, and the household’s monthly sale portfolio turnover in the
last two columns.

F,, assumes the value of FS;i; and FBiy, respectively. FS;; (FBit) measures investors’ ability to forecast the signs (both the signs and
magnitudes) of excess stock returns over the following month. N,, is the number of purchases the investor has performed to date, a
component of the FS;; determination. To obtain the next regressor (T, ,), the fitted value of the lagged dependent variable T WE
apply the instrumental variable approach to the regression: T, , =a+bT, _, +b,T, ,+b,T, _, +e,,. We also include lagged market return
Rn.: lagged portfolio return R, households’ lagged mutual fund and stock positions P, (coefficients and standard errors are
multiplied by 1,000,000), change in the cross-sectional stock return standard deviation SD, ,—SD,, ,, lagged three-year S&P500 return
GR3, ., lagged dollar value of NYSE/AMEX/NASDAQ traded stocks Vv ., , and December DEC, and January JAN, dummy

variables.

There are 65,118 observations for each regression. Coefficients and t-statistics are reported below. * (**) indicates statistical significance
at the 5% (1%) level. T-statistics are reported in brackets.



Panel A: Number of Trades

Total Trades Purchase Trades Sale Trades

FSit FBi+ FSit FBi: FSit FBi+

Inferred Ability **0.045 **0.044 **0.064 **0.051 0.020 *0.031
[2.98] [3.02] [3.25] [3.11] [1.10] [1.97]

Total Prior Purchases 0.094 0.087 0.082 0.080 0.056 0.057
[0.89] [1.05] [1.43] [1.51] [0.73] [0.75]

Lag (Trade, fitted) **0.204 **0.195 **0.164 **0.156 **0.135 **0.140

[67.44] [59.49] [55.67] [61.42] [33.49] [37.53]

Lag (Market Ret) **0.910 **0.893 **0.805 **0.809 **(.551 *0.575
[4.98] [4.94] [4.31] [4.30] [2.61] [2.36]

Lag (Portfolio Ret) **(.223 **(.196 **0.321 **().286 **0.177 **(.182
[3.59] [3.74] [2.86] [2.64] [3.40] [3.35]

Lag (Position) **0.149 **(.146 **0.147 **0.144 0.151 0.151
[4.94] [4.85] [4.27] [4.22] [1.80] [1.89]

Change in Std Dev -0.104 -0.114 **-0.383 **-0.364 0.008 0.014
[-1.45] [-1.92] [-3.29] [-3.05] [0.81] [1.06]

Lag (3-year Ret) **0.446 **0.477 **0.424 **0.421 **(0.582 **(0.583
[8.96] [8.23] [4.15] [4.11] [8.05] [7.65]

Lag (Trading Vol) **0.544 **0.537 **0.498 **0.505 *0.296 *0.307
[10.61] [10.59] [9.99] [9.92] [2.22] [2.46]

December Dummy -0.011 -0.010 -0.025 -0.027 -0.018 -0.018
[-0.89] [-0.87] [-1.61] [-1.58] [-0.59] [-0.56]

January Dummy 0.035 0.036 *0.045 *0.044 0.028 0.026
[1.87] [1.69] [2.34] [2.29] [1.01] [1.01]




Inferred Ability

Total Prior Purchases

Lag (Turnover, fitted)

Lag (Market Ret)

Lag (Portfolio Ret)

Lag (Position)

Change in Std Dev

Lag (3-year Ret)

Lag (Trading Vol)

December Dummy

January Dummy

Panel B: Turnover

Whole Sample Purchase Turnover Sale Turnover
FSit FBi FSit FBi+ FSit FBi+
**0.022 **0.018 **0.018 *0.016 *0.006 *0.007
[5.74] [3.33] [6.84] [2.30] [1.98] [2.11]
-0.007 -0.006 -0.010 -0.008 -0.006 -0.005
[-0.93] [-0.75] [-1.05] [-0.81] [-0.64] [-0.44]
**0.069 **0.062 **0.077 **0.075 **0.039 **0.042
[15.28] [14.77] [28.93] [29.42] [11.22] [9.74]
**0.183 **0.189 **0.162 **0.165 **0.079 **0.079
[4.84] [5.15] [6.30] [6.34] [2.70] [2.65]
**0.047 **0.048 **0.019 **0.019 **0.043 **0.044
[6.85] [7.04] [3.94] [3.95] [7.55] [7.49]
-0.001 0.006 **.0.001 **.0.001 **0.001 **0.001
[-0.05] [0.27] [-4.87] [-4.96] [4.92] [4.87]
**0.084 **0.091 *0.032 *0.032 **0.094 **0.097
[4.00] [4.54] [2.12] [2.05] [5.32] [5.65]
**0.173 **0.149 **0.112 **0.112 **0.094 **0.092
[16.98] [16.22] [16.04] [15.88] [11.37] [10.94]
**.0.002 **.0.002 **.0.002 **.0.002 **-0.001 **.0.002
[-16.43] [-15.51] [-16.24] [-16.83] [-6.94] [-7.17]
*-0.006 *-0.006 *-0.004 **-0.006 -0.004 -0.004
[-2.45] [-2.31] [-2.44] [-2.79] [-1.49] [-1.51]
**0.012 **0.011 0.004 0.004 **0.009 **0.011
[3.21] [2.86] [1.64] [1.79] [2.87] [3.12]




Table 4

Trading Experience and Portfolio Performance

This table reports the results of fixed effect panel regressions which test whether investors’ previous trading experience improves their
future risk-adjusted excess portfolio return.
RER,, = C; + p,Purchases, , + p,Stocks; , + p,Variance,, + p,Time;, + &'Controls, , + &,

For household iin month t, RER,, is the Fama-French three-factor adjusted excess portfolio return; Purchases;, is the number of previous
purchases the investor has made; Stocks;, is the number of different stocks the investor has previously purchased; Variance; , is the variance
of these previous purchases’ dollar amounts, and Time,, denotes the number of months which have elapsed since account opening.
Controls,, is a vector of control variables, including 11 month dummies, the investor’s previous month’s portfolio value, and the current
and lagged value of the market’s monthly trading volume.

While all sample households are included in Panel A regressions, Panel B regressions are performed on only a portion of sample investors.
Specifically, active traders complete at least 25 trades in the sample period; Inactive traders complete fewer than 25 trades. Winners include

households belonging to the top tercile of investors sorted on average excess portfolio return; Average performers include those belonging
to the middle tercile; Losers include those belonging to the bottom tercile.

Coefficients are multiplied by 1,000,000 and are accompanied by * (**) if significant at the 5% (1%) level. T-statistics are provided in
brackets.



Panel A. Full Sample Regressions

Specification |

Specification Il

Specification 111

Specification IV

Specification V

Purchases -37.863 -0.709
[-0.87] [-0.01]
Stocks -91.395 -304.705
[-0.88] [-1.37]
Variance *0.000 *0.000
[2.39] [2.33]
Time **545.903 **608.429
[6.52] [6.98]
R-Square 0.0163 0.0163 0.0164 0.0170 0.0172
Panel B: Subsample Regressions for Specification V
Active Traders Inactive Traders Winners Average Losers
Purchases -26.095 -150.643 -76.496 167.953 -13.226
[-0.26] [-0.14] [-0.39] [1.33] [-0.07]
Stocks -213.682 -1542.711 -167.217 **-683.423 -237.693
[-0.87] [-1.07] [-0.38] [-2.74] [-0.36]
Variance 0.000 0.000 0.000 -0.000 0.000
[1.93] [1.02] [1.56] [-0.21] [1.20]
Time **426.923 **899.080 200.522 **668.041 **097.368
[3.35] [7.11] [0.92] [8.10] [5.80]
R-Square 0.0163 0.0197 0.0148 0.0366 0.0182




Table 5
Calendar-Time Return Differences between Periods of Varying Experience: Full Sample

This table contrasts calendar-time returns for trades made by sample investors across periods
with varying experience. Specifically, the less-experienced period spans 1991 to 1993, while the
more-experienced period spans 1994 to 1996. The mimicking purchase (sale) portfolio purchases
a stock when sample investors purchase (sell) the stock. Returns assume a one-month holding
period. Value-weighted portfolio returns are weighted by the dollar value of each investor trade.
The 3-factor alpha is obtained by regressing the daily spread between the purchase and sale
portfolios on the Fama-French factors (Market, SMB, HML). *, ** and *** indicate statistical
significance at the 10, 5, and 1 percent level, respectively. t-statistics are enclosed in brackets.

Panel A: Value-Weighted Mimicking Portfolios

Daily Purchase Daily Sales Daily Return 3-Factor
Return Return Difference Alpha
Less experienced
Mean (1) 0.029 0.068 **.0.038 ***.0.036
t-statistic [0.78] [1.83] [-22.22] [-20.69]
More experienced
Mean (2) 0.044 0.051 ***.0.006 ***.0.014
t-statistic [0.91] [1.12] [-3.75] [-8.38]
Difference (2-1) 0.015 -0.017 ***0.032 ***0.022
t-statistic [0.24] [-0.29] [13.67] [9.15]
Panel B: Equally-Weighted Mimicking Portfolios
Daily Purchase Daily Sales Daily Return 3-Factor
Return Return Difference Alpha

Less experienced
Mean (1) 0.031 **0.066 ***.0.035 ***.0.035
t-statistic [0.87] [2.86] [-21.88] [-21.89]
More experienced
Mean (2) 0.042 *0.059 ***.0.017 ***.0.027
t-statistic [1.08] [1.71] [-12.14] [-16.88]
Difference (2-1) 0.012 -0.007 ***0.018 ***0.008
t-statistic [0.22] [-0.16] [8.47] [3.53]




Table 6
Calendar-Time Return Differences between Periods of VVarying Experience: Sub-sample

This table replicates table 5, using only the 1,854 sample households that made at least one trade
during both the less-experienced sub-period (1991 to 1993) and the more-experienced sub-period
(1994 to 1996). Again, the mimicking purchase (sale) portfolio purchases a stock when sample
investors purchase (sell) the stock. Returns assume a one-month holding period. Value-weighted
portfolio returns are weighted by the dollar value of each investor trade. The 3-factor alpha is
obtained by regressing the daily spread between the purchase and sale portfolios on the Fama-
French factors (Market, SMB, HML). *, ** and *** indicate statistical significance at the 10, 5,
and 1 percent level, respectively. t-statistics are enclosed in brackets.

Panel A: Value-Weighted Mimicking Portfolios
Daily Purchase Daily Sales Daily Return 3-Factor

Return Return Difference Alpha
Less experienced
Mean (1) 0.035 0.072 ***.0.037 ***.0.044
t-statistic [0.87] [1.87] [-21.76] [-25.88]
More experienced
Mean (2) 0.044 0.051 ***-0.006 ***.0.010
t-statistic [0.91] [1.12] [-3.75] [-8.38]
Difference (2-1) 0.009 -0.021 *0.031 **0.034
t-statistic [0.14] [-0.35] [1.87] [2.18]

Panel B: Equally-Weighted Mimicking Portfolios
Daily Purchase Daily Sales Daily Return 3-Factor

Return Return Difference Alpha
Less experienced
Mean (1) 0.038 *0.069 **-0.031 ***.0.033
t-statistic [0.92] [1.73] [-18.41] [-20.59]
More experienced
Mean (2) 0.042 *0.059 ***.0.017 ***.0.027
t-statistic [1.08] [1.71] [-12.14] [-16.88]
Difference (2-1) 0.005 -0.010 ***0.014 **0.006
t-statistic [0.08] [-0.19] [6.49] [2.57]




Table 7

Calendar-Time Return Differences between Investors with Varying Experience

This table contrasts calendar-time returns for trades made in the same period (525,139 trades
between 1992 and 1996) by sample investors with varying experience. Specifically, the less-
experienced investors opened their accounts in 1990 or 1991 (n=18,374), while the more-
experienced investors opened their accounts between 1985 and 1989 (n=37,771). The mimicking
purchase (sale) portfolio purchases a stock when sample investors purchase (sell) the stock.
Returns assume a one-month holding period. Value-weighted portfolio returns are weighted by
the dollar value of each investor trade. The 3-factor alpha is obtained by regressing the daily
spread between the purchase and sale portfolios on the Fama-French factors (Market, SMB,
HML). *, ** and *** indicate statistical significance at the 10, 5, and 1 percent level,

respectively. t-statistics are enclosed in brackets..

Panel A: Value-Weighted Mimicking Portfolios

Daily Purchase Daily Sales Daily Return 3-Factor
Return Return Difference Alpha
Less experienced
Mean (1) 0.042 *0.070 ***.0.028 ***.0.033
t-statistic [1.07] [1.79] [-3.90] [-4.13]
More experienced
Mean (2) *0.065 **0.071 -0.006 -0.010
t-statistic [1.87] [2.03] [-0.89] [-1.43]
Difference (2-1) 0.024 0.0014 **0.022 **0.023
t-statistic [0.45] [0.03] [2.30] [2.16]
Panel B: Equally-Weighted Mimicking Portfolios
Daily Purchase Daily Sales Daily Return 3-Factor
Return Return Difference Alpha

Less experienced
Mean (1) 0.042 *0.068 ***.0.026 ***.0.029
t-statistic [1.14] [1.84] [-4.21] [-4.13]
More experienced
Mean (2) *0.066 *0.069 -0.004 -0.009
t-statistic [1.94] [1.92] [-0.59] [-1.29]
Difference (2-1) 0.024 0.002 **0.022 **0.02
t-statistic [0.47] [0.04] [2.42] [2.02]
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