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Abstract

Using a large representative sample of Indian retail equity investors, many of them
new to the stock market, we show that both feedback from investment returns and years
of investment experience have a significant effect on investor behavior, style tilts, and
performance. We identify two channels of feedback: overall performance relative to the
market, and feedback from the impact on performance of specific behavior and style
tilts. Consistent with models of reinforcement learning, feedback has strong predictive
ability for future behavior and style tilts. We show that experienced investors have
lower portfolio turnover, exhibit a smaller disposition effect, and invest more heavily in
value stocks than novice investors, although these behaviors do not fully explain their
better performance. We also find that Indian stocks held by experienced investors, or
investors whose strategies resemble those of experienced investors (with low turnover
and a value tilt), deliver abnormal returns even controlling for standard stock-level
characteristics.
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It’s a little better all the time. (It can’t get no worse.)
Lennon and McCartney, “Getting Better,” 1967.

1 Introduction

Equities play an important role in normative theories of household investment. Because
stocks have historically offered a risk premium, households with no initial exposure to the
asset class can benefit from holding at least some stocks. The optimal equity allocation
depends on market conditions, the equity premium, and many details of the household’s
financial situation, including the household’s risk aversion and other risk exposures, but
typical calibrations suggest it is substantial—at least for households with sufficient wealth
to justify paying the fixed cost of equity market participation (Campbell and Viceira 2002,
Campbell 2006, Siegel 2007, Gomes and Michaelides 2008).

Direct investment in stocks is not straightforward, however, and households can lose much
of the benefit of stock market participation if they engage in certain investment behaviors
that appear to be quite prevalent. Three such investment behaviors can be costly even in a
market where all individual stocks have the same risk and the same expected return. First,
underdiversification increases portfolio risk without increasing return (Blume and Friend
1975, Kelly 1995, Calvet et al. 2007). Second, high turnover of an equity portfolio leads to
high trading costs (Odean 1999, Barber and Odean 2000). Third, selling stocks that have
appreciated while holding those that have depreciated—a tendency known as the disposition
effect—increases the present value of tax obligations by accelerating the realization of capital
gains and deferring the realization of offsetting losses (Shefrin and Statman 1985, Odean
1998).

In a market where expected returns differ across stocks, it is also possible for households
to lose by picking underperforming stocks. They may do this by taking risk exposures that
are negatively compensated, for example by holding growth stocks in a market with a value
premium, or by adopting a short-term contrarian investment strategy (perhaps driven by
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outperform for a period of time. If these style tilts do not offset other risks of the household,
they are welfare reducing.!  Alternatively, households may lose by trading with informed
counterparties in a market that is not strong-form efficient, and thus rewards investors who
possess private information (Grossman and Stiglitz 1980, O’Hara 2003).

Households can control suboptimal investment behaviors in several ways. They can hold
mutual funds as a way to gain equity exposure without trading stocks directly. This, how-
ever, may result in trade-offs between households’ tendencies to engage in these behaviors,
the level of fees charged by intermediaries, and the possibility that mutual fund managers
may themselves be susceptible to these behaviors. Households can also learn from observ-
ing overall patterns in the market, or from their own investment experience (Nicolosi et al.
2009, Seru et al. 2010, Malmendier and Nagel 2011, 2012). In this paper we report evidence
that learning from experience is important. Importantly, however, we do not claim that
such learning is rational. Instead, it may reflect reinforcement learning, in which personal
experiences are overweighted relative to broader patterns of evidence in historical data.

Our study uses data from the Indian equity market. For several reasons this is an ideal
laboratory for studying learning among equity investors. First, India is an emerging market
whose capitalization and investor base have been growing rapidly. In such a population of
relatively inexperienced investors, learning may be faster and easier to detect than in better
established equity markets.

Second, as discussed more fully below, mutual funds account for a relatively small value
share of Indian individuals’ equity exposure. This has several important implications. Most
obviously, it is meaningful to measure the diversification of directly held stock portfolios.
The prevalence of direct equity ownership also implies that it is more important for Indian
investors to develop the skills necessary to own stocks directly than it is in a mature market

with a large mutual fund share. Finally, underdiversification of directly held Indian stock

!This is true whether risk prices are driven by fundamentals or by investor sentiment (the preferences
of unsophisticated investors for certain types of stocks). In a market where fundamentals determine risk
prices it may be more likely that households’ non-equity risk exposures justify equity positions with low
expected returns, but if this is not the case such positions still reduce household welfare just as they would
in a sentiment-driven model.



portfolios creates a rich cross-section of investment experiences that we can use to iden-
tify investors’ responses to their experiences. This source of identification is considerably
stronger than the variation in experience across cohorts exploited by Malmendier and Nagel
(2011, 2012).

India has electronic registration of equity ownership, allowing us to track the complete
ownership history of listed Indian stocks over a decade. The relatively long time dimension
of our panel allows us to measure investors’ performance using their realized returns, a
method that is vulnerable to common shocks when applied to a short panel. Moreover, our
data are monthly, and this relatively high frequency allows us to more accurately measure
momentum investing and turnover.

A limitation of our Indian data is that we have almost no information about the de-
mographic characteristics of investors. Thus we cannot follow the strategies, common in
household finance, of proxying financial sophistication using information about investors’
age, education, and occupation (Calvet et al. 2007, 2009a, Betermier et al. 2013), their 1Q
test scores (Grinblatt and Keloharju 2011), or survey evidence about their financial literacy
(Lusardi and Mitchell 2007). Instead, we study learning by relating the behavior and in-
vestment performance of each account to account age (the length of time since an account
was opened) and summary statistics about past account behavior and performance.

Both age since account opening and feedback from past investment performance have
large and statistically significant effects on a range of investing behaviors, and ultimately,
on the returns experienced by Indian retail investors. We measure this feedback both using
past account performance relative to the market, and in a more targeted fashion for each
behavior and style tilt that we study. For example, each month our investor receives new
feedback regarding the desirability of portfolio turnover from comparing the total returns
garnered by their trades over the past three months to the buy-and-hold return they would
have earned instead.

We find that both turnover and the disposition effect decline substantially with (account)
age. Over the first eight years of investing experience, controlling for feedback, we find that

turnover falls by 84% and the disposition effect by 52% relative to their means. However



there is little effect of age on the idiosyncratic variance of retail investors’ portfolios. We
find that behavior-specific feedback has a strong impact on idiosyncratic variance share and
turnover, and a weaker impact on the disposition effect. Overall account performance
appears to encourage aggressive investment behavior: less diversification, heavier trading,
and a greater disposition effect.

Investors’ style investing behavior is also affected by both overall time spent in the market
and feedback. We find a strong tendency for more experienced investors to accumulate value
stocks, a more modest tendency for investors to accumulate greater quantities of small stocks
as they become more experienced, and a small and statistically insignificant effect on the
accumulation of momentum stocks as investors age.

Feedback also has important effects on the style tilts of Indian retail investors. “Style
chasing” behavior is a feature of a number of different theoretical models, most notably that
of Barberis and Shleifer (2003), although sharp evidence on the effects of directly experienced
feedback on investing behavior is scarce. In the short term, we find that investors decumulate
outperforming styles in a manner consistent with the disposition effect. However, we find
a less precisely estimated but far longer-lived tendency to accumulate or “chase” styles in
which the investor has experienced positive returns. We also find that investors who achieve
high overall returns tend to accumulate large, growth, and high momentum stocks.

Account age and feedback ultimately affect retail investor performance both directly, and
indirectly through their impacts on behavior and style tilts. Experienced investors appear
to have substantially higher returns than novice investors, although this result is imprecisely
estimated. Investors who behave like experienced investors—those with low turnover and
a low disposition effect—perform better with and without controls for standard risk factors.
Experienced Indian investors tend to tilt their portfolios towards the type of stocks which
have higher returns: small stocks, stocks with low turnover, and stocks held by institutions.
Experienced Indian investors are also more likely to avoid large, attention-grabbing initial
public offerings.

The effects of investor experience can also be detected in the cross-section of Indian stock
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investors, those with low portfolio turnover, and those with portfolios tilted towards value
stocks have significant returns unexplained by standard factors and characteristics.

The organization of the remainder of the paper is as follows. Section 2 describes our
data, defines the empirical proxies we use for investment mistakes and style tilts, and presents
some summary statistics. Section 3 presents our methodology for estimating age and feed-
back effects. Section 4 applies this methodology to estimate age and feedback effects on
behavior, while Section 5 applies it to age and feedback effects on style tilts. Section 5 draws
implications for individuals’ account performance given their behavior and the performance

of stocks given behavior of their investor base. Section 6 concludes.

1.1 Related Literature

The behavior of individual investors in equity markets has been of interest to financial
economists studying market efficiency ever since the efficient markets hypothesis was first
formulated. Shleifer (2000) succinctly summarizes the importance of this line of inquiry
for the study of market efficiency, outlining that theoretical defenses of the efficient markets
hypothesis rest on three pillars, the first of which is rational decision making and securities
valuation by individuals, the second, the absence of correlated deviations from rational-
ity even if some investors deviate from rational decision making, and the third, limits to
arbitrage.

Understanding the behavior of individual investors is also important for the field of house-
hold finance (see Campbell 2006, for example). There has been much work on theoretically
optimal investment in risky assets, and deviations from such idealized behavior by households
have important implications for the evolution of the wealth distribution in the economy.

While the theoretical motivation for the study of individual investors has been clear for
some time, empirical work has been hampered by the difficulty of obtaining detailed data on
individual investors’ portfolios and the computational burden imposed by the study of such
large datasets. These constraints have gradually been surmounted, and this field is now one

of the most active areas of empirical research in financial economics.



Early work in the area (Cohn et al. 1975, Schlarbaum et al. 1978, Badrinath and Lewellen
1991) used relatively small samples of trader accounts from retail or discount brokerages to
shed light on the stocks held by individual investors, the returns they earned, and the practice
of tax-loss selling. The first set of empirical studies with a primary focus on questions
related to rationality and market efficiency followed in the late 1990s, also using data sourced
from discount brokerages, identifying that individual investors exhibit the disposition effect
(Odean 1998), and trade excessively in the sense that their transactions costs outweigh
any stock-picking ability they may possess (Odean 1999, Barber and Odean 2000). These
tendencies were found to vary with the demographic characteristics and trading technologies
of investors such as gender, marital status, and access to online trading (Barber and Odean
2001, 2002).

A characteristic of this early literature, and continuing to the present day, is the focus
on trading rather than investment decisions of individual investors. While many questions
in household finance are about the performance and risk properties of the entire risky asset
portfolio of individual households, much of the literature has concentrated on performance
evaluation of individual investors’ purchases and sales at different post-trade horizons (see,
for example, Coval et al. 2005, Barber et al. 2008, Seru et al. 2010), and on contrasting indi-
vidual returns with those achieved by domestic and foreign institutional investors (Grinblatt
and Keloharju 2000, Kaniel et al. 2008). A related focus has been on characterizing the
trading strategies of individual investors through the lens of various behavioral biases such
as the disposition effect, overconfidence, or inattention (see, for example, Barber and Odean
2008 and references above), and demonstrating the types of stocks (large, hard-to-value) in
which these biases are most likely to manifest themselves (Ranguelova 2001, Kumar 2009).

This focus on trades rather than on investment arises quite naturally from the limitations
of the data used to study investor behavior. In the US, discount brokerage accounts from a
single service provider may not be truly representative of the entire portfolio of an individual

investor, a problem made significantly worse when investors also have untracked mutual



fund or 401(k) investments.? And some international datasets, such as the Taiwanese stock
exchange data used by Barber et al. (2008), track all individual investor transactions but
have little detail on holdings.

Our use of Indian data on direct equity holdings and trades helps us to partially surmount
this obstacle. We have a relatively high-quality proxy for total household investment in
stocks, because equity mutual fund ownership by individual investors in India is very much
smaller than direct equity ownership. As explained in the next section, we estimate that
Indian households’ equity mutual fund holdings are between 8% and 16% of their direct
equity holdings over our sample period.

There are some other countries, such as Sweden and Finland, in which both direct eg-
uity ownership and mutual fund holdings are tracked. In principle this allows for a fuller
characterization of household investment, but most previous studies using data from these
countries have pursued different objectives than our focus on learning to invest. For ex-
ample, Grinblatt et al. (2011) show that 1Q affects stock market participation using data
from the Finnish registry which provides detailed information on direct equity portfolios
combined with an indicator for whether the household invested in mutual funds in the year
2000. Grinblatt et al. (2012) highlight the impacts of IQQ on mutual fund choice by Finnish
investors using detailed data on mutual fund choices alongside less detailed information on
direct equity investment. Calvet et al. (2007, 2009) use comprehensive data on Swedish
investors’ total wealth to shed light on stock-market participation and portfolio rebalancing,
and a recent study by Betermier et al. (2013) examines the value tilt of Swedish investors,
finding a tendency for this tilt to increase over the life cycle. However the annual frequency
of the Swedish data makes it difficult for them to evaluate higher-frequency phenomena such
as momentum investing and turnover.

Several papers, including those referenced in the previous section, share our focus on
learning by individual investors, but emphasize different facets of this important issue. Feng

and Seasholes (2005) use data on over 1500 individual accounts from China over the 1999

2Calvet et al. (2007), show that mutual fund investments are an important source of diversification for
Swedish investors.



to 2000 period, and find that both experience (measured by the number of positions taken)
and sophistication (measured by variables that include the idiosyncratic variance share)
attenuate the disposition effect. Our analysis differs from theirs in our use of a more com-
prehensive set of portfolio characteristics, including the idiosyncratic variance share, and our
exploration of feedback effects on future investing behavior. Linnainmaa (2010) estimates a
structural model of learning and trading by investors in Finland, focusing on high-frequency
traders, who make at least one round-trip trade in a given day. He finds, intriguingly, that
traders appear to experiment with high-frequency trading to better understand their levels
of skill, and cease trading if they experience poor returns. Our estimated feedback effects on
underdiversification suggest that households also experiment with the composition of their
equity portfolios, choosing to underdiversify more aggressively if they beat the market. This
finding of experimentation is also consistent with Seru et al. (2010), who carefully study the
trading behavior of Finnish investors, focusing on the disposition effect. Seru et al. find
that investors stop trading (“exit”) after inferring that their ability is poor, and that trading
experience weakens the disposition effect.®> Our work is distinguished from this literature
by our focus on investments rather than trades; to provide an instructive example, “exit” in
our setting is the relatively uncommon exit of an investor from all equity positions, whereas
Seru et al. use this term to refer to a period of time during which no trading occurs.

Other authors have demonstrated the impacts of learning, including reinforcement learn-
ing, in other settings, such as trend following by mutual fund managers during the technology
boom (Greenwood and Nagel 2009), individual investment in IPOs (Kaustia and Kniipfer
2008, Chiang et al. 2011) and household choice of credit cards (Agarwal et al., 2006, 2008).
Agarwal et al. (2008) find that households learn how best to reduce fees on their credit card
bills, and estimate that knowledge depreciates by roughly 10% per month, i.e., they find
evidence that households learn and subsequently forget. In a similar spirit our empirical

specification allows us to compare the short- and long-run effects of investment performance

3Related work on the positive effect of trader experimentation and trader experience on returns and
bias attenuation includes Dhar and Zhu (2006), Mahani and Bernhardt (2007), and Nicolosi et al. (2009).
Korniotis and Kumar (2011), in contrast, find that the adverse effects of aging dominate the positive effects
of experience.



feedback on household investment decisions.

2 Data and Summary Statistics

2.1 Electronic stock ownership records

Our data come from India’s National Securities Depository Limited (NSDL), with the ap-
proval of the Securities and Exchange Board of India (SEBI), the apex capital markets
regulator in India. NSDL was established in 1996 to promote dematerialization, that is,
the transition of equity ownership from physical stock certificates to electronic records of
ownership. It is the older of the two depositories in India, and has a significantly larger
market share (in terms of total assets tracked, roughly 80%, and in terms of the number
of accounts, roughly 60%) than the other depository, namely, Central Depository Services
Limited (CDSL).

While equity securities in India can be held in both dematerialized and physical form,
settlement of all market trades in listed securities in dematerialized form is compulsory.
To facilitate the transition from the physical holding of securities, the stock exchanges do
provide an additional trading window, which gives a one time facility for small investors to
sell up to 500 physical shares; however the buyer of these shares has to dematerialize such
shares before selling them again, thus ensuring their eventual dematerialization. Statistics
from the Bombay Stock Exchange (BSE) and the National Stock Exchange (NSE) highlight
that virtually all stock transactions take place in dematerialized form.

The sensitive nature of these data mean that there are certain limitations on the demo-
graphic information provided to us. While we are able to identify monthly stock holdings and
transactions records at the account level in all equity securities on the Indian markets, we
have sparse demographic information on the account holders. The information we do have
includes the state in which the investor is located, whether the investor is located in an ur-
ban, rural, or semi-urban part of the state, and the type of investor. We use investor type to

classify accounts as beneficial owners, domestic financial institutions, domestic non-financial



institutions, foreign institutions, foreign nationals, government, and individual accounts.*
This paper studies only the category of individual accounts.

A single investor can hold multiple accounts on NSDL; however, a requirement for ac-
count opening is that the investor provides a Permanent Account Number (PAN) with each
account. The PAN is a unique identifier issued to all taxpayers by the Income Tax Depart-
ment of India. NSDL provided us with a mapping from PANs to accounts, so in our empirical
work, we aggregate all individual accounts associated with a single PAN. PAN aggregation
reduces the total number of individual accounts in our database from about 13.7 million to
11.6 million. It is worth noting here that PAN aggregation may not always correspond to
household aggregation if a household has several PAN numbers, for example, if children or
spouses have separate PANs.

Table 1 summarizes the coverage of the NSDL dataset. The first two columns report
the total number of securities (unique International Securities Identification Numbers or
ISIN) and the total number of Indian equities reported in each year. Securities coverage
grows considerably over time from just 12,350 in 2004 to almost 23,000 in 2011, as does the
number of unique Indian equities covered. Starting at 4,533 in 2004, the number of equities
reaches a peak of 7,735 in 2012. When we match these data to price, returns, and corporate
finance information from various datasets, we are able to match between 96% and 98% of
the market capitalization of these equities, and roughly the same fraction of the individual
investor ownership share each year.

The third column shows the market capitalization of the BSE at the end of each year.
The dramatic variation in the series reflects both an Indian boom in the mid-2000s, and the
impact of the global financial crisis in 2008.

The fourth column of Table 1 shows the fraction of Indian equity market capitalization

that is held in NSDL accounts. The NSDL share grows from just above 50% at the beginning

4We classify any account which holds greater than 5% of an stock with market capitalization above 500
million Rs (approximately $10 million) as a beneficial owner account if that account is a trust or “body
corporate” account, or would otherwise be classified as an individual account. This separates accounts
with significant control rights from standard investment accounts. Otherwise our account classifications are
many-to-one mappings based on the detailed investor types we observe.
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of our sample period to about 70% at the end. The fifth column reports the fraction of
NSDL market capitalization that is held in individual accounts. The individual share starts
at about 18% in 2004, but declines to just below 10% in 2012, reflecting changes in NSDL
coverage of institutions, as well as an increase in institutional investment over our sample
period.

The sixth column shows the mutual fund share of total equities, which accounts for a
little over 3.5% of total assets in the NSDL data in 2004, growing to a maximum of 4.72%
in 2006, and declining to 3.97% by 2012. While comparing the fifth and sixth columns of
Table 1 demonstrates the magnitude of direct household equity ownership relative to mutual
funds, this simple comparison would lead to an overestimate of mutual fund ownership by
households. SEBI data in 2010 show that roughly 60% of mutual funds in India are held

®  Assuming that this share has been static over our sample period, and

by corporations.
that corporations and individuals hold roughly the same fraction of equity and bond mutual
funds, this leads us to estimate that mutual fund holdings were between 8% and 16% of
household direct equity holdings over the sample period. We note also that a 2009 SEBI
survey of Indian equity-owning households found that about 65% of such households did not
own any bonds or mutual funds.

Figure 1 illustrates the expansion of equity ownership in India by plotting the number
of individual accounts active at each point in time. From the beginning to the end of our
sample period, this number grew from 2.7 million to roughly 6.1 million, that is, by 125%.
Equity ownership expanded throughout the decade, but the rate of growth is correlated with
the return on the aggregate Indian market (illustrated by the dashed line in the figure).

Growth was particularly rapid in 2004 and 2007, and much slower in the period since the

onset of the global financial crisis.

5See SEBI website, http://www.sebi.gov.in/mf/unithold.html.
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2.2 Characteristics of individual accounts

Table 2 describes some basic characteristics of Indian individual accounts. Because this
dataset is an unbalanced panel, with accounts entering and exiting over time, we summarize
it in two ways. The first set of three columns reports time-series moments of cross-sectional
means. The first column is the time-series mean of the cross-sectional means, which gives
equal weight to each month regardless of the number of accounts active in that month. The
second and third columns are the time-series maximum and minimum of the cross-sectional
mean, showing the extreme extent of time-variation in cross-sectional average account be-
havior.

The second set of three columns reports cross-sectional moments of time-series means
calculated for each account over its active life, giving equal weight to each account for which
the given characteristic can be measured in at least twelve months. Since the cross-sectional
dimension of the dataset is much larger than the time-series dimension, we report the 10th
percentile, median, and 90th percentile of the cross-sectional distribution.

For this table and all subsequent analysis, the data used represents a stratified random
sample (described more fully in the next section) of individual accounts opened after January
2002. For accounts which opened earlier, which represent about 14.4% of all individual
accounts, we do not observe the full investing history, do not know when the account first
invested in stocks, and do not observe the initial account characteristics. In our appendix,
we show that our results are qualitatively unchanged when we perform our analyses with all
individual accounts after making assumptions required to make use of the additional older
accounts.

Account size, number of stocks held, and location

In the first panel of Table 2, we begin by reporting account sizes both in rupees (using
Indian conventions for comma placement), and in US dollars, both corrected for inflation to
a January 2012 basis. The cross-sectional average account size varies across months from
under $5,000 in 2004 to about $66,000 in June 2008, with a time-series mean of $24,771.

The median account size is however much smaller at $1,327, and even the 90th percentile
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account size is only $10,815, reflecting positive skewness in the distribution of account sizes.
This positive skewness also explains the time-series variability of cross-sectional average
account size, which is strongly influenced by the entry and exit of very large accounts. The
large difference between mean and median account sizes implies that the weighting scheme
used in summary statistics and regressions will have an important influence on the results.
Given our focus on household finance questions, as opposed to the determination of Indian
asset prices, we equally weight accounts in most of our empirical analysis as advocated by
Campbell (2006).

The number of stocks held in each account is also positively skewed. The average number
of stocks held across all accounts and time periods is almost 7, but the median account holds
only 3.4 stocks on average over its life. The 10th percentile account holds 1 stock, while the
90th percentile account holds 14.3 stocks.

The next row shows that around 56% of individual accounts are associated with urban
account addresses, 32% with rural addresses, and 12% with semi-urban addresses. These
relative shares do change somewhat over time.°

Account performance

The second panel of Table 2 looks at monthly account returns, calculated from beginning-
of-month stock positions and monthly returns on Indian stocks. These returns are those
that an account will experience if it does not trade during a given month; in the language
of Calvet et al. (2009a), it is a “passive return”. It captures the properties of stocks held,
but will not be a perfectly accurate measure of return for an account that trades within a
month.”

The table shows that on average, individual accounts have slightly underperformed the
Indian market (proxied by a value-weighted index that we have calculated ourselves). There

is considerable variation over time in the cross-sectional average, with individual accounts

6See the Data Appendix for a description of the method used to classify accounts into location-based
categories.

"The online appendix, Campbell, Ramadorai, and Ranish (2013), provides details on our procedures for
calculating Indian stock returns. The appendix also shows that our results are robust to consideration of
“active” returns from intra-month trading.

13



underperforming in their worst months by as much as 4.8% or overperforming in their best
months by as much as 10.2%. This variation is consistent with the literature on institutional
and individual performance in US data (e.g. Grinblatt and Titman 1993, Kovtunenko and
Sosner 2004, Kaniel et al. 2008), and can be explained in part by style preferences of
individual investors. There is also dramatic variation across investors in their time-series
average performance, with the 10th percentile account underperforming by 1.75% per month
and the 90th percentile account outperforming by 1.52% per month.

Underdiversification

The next set of three rows examines account-level statistics that proxy for the investment
mistakes described in the introduction. The idiosyncratic share of portfolio variance is
calculated from estimates of each stock’s beta and idiosyncratic risk, using a market model
with the value-weighted universe of Indian stocks as the market portfolio, using a procedure
very similar to that employed in Calvet et al. (2007). In order to reduce noise in estimated
stock-level betas, however, we do not use past stock-level betas but instead use fitted values
from a panel regression whose explanatory variables include stock-level realized betas (in
monthly data over the past two years), the realized betas of stocks in the same size, value,
and momentum quintiles, industry dummies, and a dummy for stocks that are less than two
years from their initial listing. To reduce noise in estimated idiosyncratic risk, we estimate
idiosyncratic variance from a GARCH(1,1) model.®

The average idiosyncratic share is about 45% in both the time-series and cross-sectional
moments, which is slightly lower than the median idiosyncratic share of 55% reported by
Calvet et al. (2007), the difference probably resulting from our use of an Indian rather than
a global market index. Once again there is considerable variation over time (from 25% to
55%) and across accounts (from 24% at the 10th percentile to 68% at the 90th percentile).
However, the idiosyncratic variance share is not skewed to the same degree as the number of

stocks held (reported in the top panel of the table), reflecting the convex declining relation

8The GARCH model is first estimated for each stock, then is re-estimated with the GARCH coefficients
constrained to equal the median such coefficient estimated across stocks. This approach deals with stocks
for which the GARCH model does not converge or yields unstable out of sample estimates.
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between the number of stocks held in a portfolio and the portfolio’s idiosyncratic risk.

Turnover

Turnover is estimated by averaging sales turnover and purchase turnover. Sales turnover
equals the value of last month’s holdings (at last month’s prices) that were sold in the current
month divided by the geometric average of the value of last month’s holdings and the current
month’s holdings. This value is winsorized at 100%. Purchase turnover equals the value
of the current month’s holdings (at current prices) that were bought in the current month,
divided by the same denominator and winsorized in the same manner. This measure of
turnover is not particularly high on average for Indian individual accounts. The time-series
mean of the cross-sectional mean is 5.7% per month (or about 68% per year), and the cross-
sectional median turnover is only 2.6% (or 31% per year). Turnover this low should not
create large differences between the passive return we calculate for accounts and the true
return that takes account of intra-month trading.

Once again, however, there is important variation over time and particularly across ac-
counts. The 10th percentile account has no turnover at all (holding the same stocks through-
out its active life), while the 90th percentile account has a turnover of 16.3% per month (196%
per year).

Following Odean (1999), we have compared the returns on stocks sold by individual
Indian investors to the returns on stocks bought by the same group of investors over the
four months following the purchase or sale. In India, the former exceeds the latter by
2.79%, which makes it more difficult to argue that trading by individuals is not economically
harmful. By comparison, the difference Odean finds in US discount brokerage data is a much
smaller 1.36%. At a one year horizon following the purchase or sale, we find that stocks sold
outperform stocks bought by 5.22% compared to 3.31% in Odean’s data.

The disposition effect

We calculate the disposition effect using the log ratio of the proportion of gains realized
(PGR) to the proportion of losses realized (PLR). This is a modification of the previous
literature which often looks at the simple difference between PGR and PLR. By calculating a

log ratio we eliminate any mechanical relation between the level of turnover and our measure
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of the disposition effect. To avoid extreme values of the ratio we winsorize PGR and PLR
below at 0.01, and find that our results are robust to reasonable variation in the winsorization
threshold.

PGR and PLR are measured within each month where the account executes a sale as
follows: Gains and losses on each stock are determined relative to the cost basis of the
position if the position was established after account registry with NSDL (i.e. if the cost
basis is known). Otherwise, we use the median month-end price over the 12 months prior to
NSDL registry as the reference point for determining gains and losses (we do this in roughly
35% of cases). Sales are counted only if a position is fully sold, although this convention
makes little difference to the properties of the measure.

The disposition effect is important for Indian individual accounts. On average across
months, the cross-sectional mean proportion of gains realized is 1.23 log points or 242% larger
than the proportion of losses realized, while the median account has a PGR that is 1.35 log
points or 286% larger than its PLR. While both time-series and cross-sectional variation
in the disposition effect are substantial, it is worth noting that over 90% of accounts in the
sample with 12 or more months with sales exhibit this effect.

In the online appendix to this paper, Campbell, Ramadorai, and Ranish (2013), we
compare the disposition effect in our Indian data with US results reported by Odean (1998).
Specifically, we plot the log mean ratio of PGR to PLR by calendar month, a series that can
be compared with Odean’s numbers. The Indian disposition effect is considerably stronger
on average than the US effect, and in both India and the US, the disposition effect is weaker
towards the end of the tax year (calendar Q4 in the US, and calendar Q1 in India).

Style tilts

Table 2 also reports several measures of individual accounts’ style tilts. We construct
account-level betas with the Indian market by estimating stock-level betas as described
earlier, and then value-weighting them within each account. The average beta is very
slightly greater than one at 1.03 in both the time-series and cross-sectional moments. The
cross-sectional mean betas have modest variation over time from 0.95 to 1.09, and the cross-

sectional variation in the time-series average beta is also small.
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In US data, individual investors overweight small stocks, which of course implies that
institutional investors overweight large stocks (Falkenstein 1996, Gompers and Metrick 2001,
Kovtunenko and Sosner 2004). We measure this tendency in our Indian dataset by calculat-
ing the value-weighted average market-capitalization percentile of stocks held in individual
accounts, relative to the value-weighted average market-capitalization percentile of stocks
in the market index. We find a modest individual-investor tilt towards small stocks: the
time-series mean percentile of market cap held by individual investors is 4.6% lower than the
market index. This tilt varies modestly over time, but never switches sign. The small-cap
tilt is skewed across accounts: the 10th percentile account has an 18% small-cap tilt while
the 90th percentile account has a 3% large-cap tilt.

Individual Indian investors have a very small tilt on average towards value stocks. Rank-
ing stocks by their book-market ratio and calculating percentiles in the same manner that
we did for market capitalization, we find that the time-series mean percentile of value held
by individual investors is only 3.5% greater than the market index. This value tilt varies
over time and does switch sign, reaching around -6% in the month that is most tilted to-
wards growth. There are also very large differences across accounts in their orientation
towards growth or value, with a spread of over 30% between the 10th and 90th percentiles
of accounts.

Finally, individual investors have a strong contrarian, or anti-momentum tilt. Ranking
stocks by momentum and calculating the momentum tilt using our standard methodology,
we find that both the time-series mean and cross-sectional median momentum tilts are about
-6%. This pattern is consistent with results reported for US data by Cohen et al. (2002),
and with short-term effects (but not longer-term effects) of past returns on institutional
equity purchases estimated by Campbell et al. (2009).

Cross-sectional correlations of characteristics

In the online appendix we ask how the account characteristics described in Table 2 are
correlated across accounts. We calculate cross-sectional correlations of account characteris-
tics for each month, and then report the time-series mean of these correlations. To limit the

influence of outliers, we winsorize account-level stock returns at the 1st and 99th percentiles,
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and winsorize account value below at 10,000 rupees (approximately $200).

There are a number of intriguing patterns in these correlations. Older accounts tend to
be larger, and account age is negatively correlated with all three of our investment behavior
proxies — an effect we explore in detail in the next section. Among the proxies, turnover also
has a 0.33 correlation with the idiosyncratic share of variance, implying that underdiversified
accounts tend to trade more. All the investment behavior proxies are positively correlated
with accounts’ market betas and negatively correlated with their size tilts, implying that
accounts holding high-beta and small-cap stocks tend to be less diversified, trade more,
and have a stronger disposition effect. The log of account value correlates negatively with
beta and value, and positively with size and momentum tilts. This implies that larger
individual accounts look more like institutional accounts in that they prefer lower-beta stocks,
growth stocks, large stocks, and recent strong performers. Finally, there is a strong negative
correlation of -0.47 between the size tilt and the value tilt, implying that individuals who
hold value stocks also tend to hold small stocks. This effect is somewhat mechanical given

the correlation of these characteristics in the Indian universe.

3 The Effects of Age and Feedback: Methodology

In this section we describe our approach to understanding how Indian investors learn. We
consider two potential sources of learning. The first is the amount of time spent by an
investor in the market, which we proxy by the time elapsed since the investor opened an
account and held stock. The second is the set of specific experiences that each investor has
had in the market. Our econometric specifications identify the first of these sources as an
age effect in the panel of investors, and the second using the fact that variation in portfolio
holdings across investors and time generates variation in their “experienced returns.” We use
these specifications to explain and forecast the evolution of investment behaviors, investor
style tilts, and overall investor performance.

Our empirical specifications are constructed to capture variation in behaviors, style tilts,

and performance arising from age and feedback. However, to ensure that we correctly
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identify these effects, we need to control for the effect of broader temporal fluctuations in
the Indian market, as well as the possibility that individuals differ in their levels of inherent
ability or sophistication.

To begin, consider a specification which provides for estimation of all these sources of
potential variation in behavior, style tilts, and performance, represented generically as an
outcome Y;; below:

Yie = 50 + 0¢ + BAu + v X + €ir, (1)

where s; is an investor fixed effect, d; represents an unobserved time fixed effect, A;; is a
measure of the age of account ¢ at time ¢, and Xj; is a predictor variable such as the feedback
experienced by investor ¢ at time ¢. In the case where Y;; measures investment performance,
we might think of s; as capturing the inherent sophistication or investment ability of investor
i.

We can re-write equation (1) in cross-sectionally demeaned form as:

Yie = Y= (s; —s¢) + (A — A) +v(Xie — X)) + €, (2)

where s; is the cross-sectional average fixed effect of investors in the market at time ¢. As
investors enter and exit the market, s; varies over time.

The fatal drawback of equations (1) and (2) is that they are not identified on account
of perfect collinearity. This is the usual problem with any specification containing a lin-
ear transformation of unrestricted age effects, unrestricted cohort or individual effects, and
unrestricted time effects (Ameriks and Zeldes 2004, Guiso and Sodini 2013).

To estimate the objects of interest (8 and ), we therefore apply restrictions on s; in
equation (2). The simplest such restriction that we employ is that s; = 0, which in the case
of a performance regression implies that the average inherent sophistication of investors in
the market does not change with time. Applying this restriction, we arrive at our baseline

specification:

Yie =Y = s+ B(Aie — At) +7(Xie — X)) + €r. (3)
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Our baseline specification is vulnerable to several econometric difficulties. First, it is
possible that the average inherent sophistication of Indian investors has been changing over
time as market participation expands. To address this possibility, in the online appendix
(Campbell, Ramadorai, and Ranish 2013), we model these changes using the cross-sectional

average of a set of investor attributes, i.e., by estimating:

Yie— Y= (s; —aCy) + (A — Ar) +v( Xyt — Xi) + i (4)

where C; includes the cross-sectional average of investor initial account value and investor
initial number of equity positions, as well as the income and literacy rates of the states in
which investors are located, and the share of the investor population residing in rural and
urban areas. Put differently, specification (4) simply attempts to fit cross-sectional average
sophistication with the set C; of cross-sectional average investor attributes. We find that the
majority of our results are unaffected by the introduction of these variables C}, despite the
fact that their introduction weakens our identification of age effects.

Second, it is well known that panel estimation with fixed effects can deliver biased es-
timates when explanatory variables are not strictly exogenous. Intuitively, if the time
dimension of the panel is short, and if high values of Y; early in the sample predict high
future values of X;, then relative to its sample mean Y; must be low later in the sample, and
will spuriously appear to be negatively predicted by X;. This is a particular problem if we
use account size as an explanatory variable to predict returns, since account size is mechan-
ically driven by past returns. Similar issues may arise when we use investment behaviors
or style tilts as explanatory variables, if their prevalence is behaviorally influenced by past
returns.

Even the use of account age as an explanatory variable may suffer from this problem if
the disposition effect — the tendency of investors to sell gains rather than losses — leads to
disproportionate exit of investors who have been lucky (Calvet et al. 2009a). In this case,
experienced investors may disproportionately be investors who had poor returns when they

were novices. In the presence of investor fixed effects, this can produce an upward bias in
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the estimated effect of account age on portfolio returns.
Fortunately this problem is less serious in our application than in many panel estimation
exercises, because our panel has a relatively long time dimension. Furthermore, in the online

appendix we respond to the problem by estimating an alternative specification:

Yi—Y, =60(Ci—C)) + B(Ai — A) +v(Xie — X)) + €t (5)

This specification restricts the individual fixed effects used in (3), modeling them using the
same set of investor attributes C' described above. By eliminating the use of sample mean
Y; to estimate fixed effects, the specification protects against the bias discussed above. The
online appendix shows that our inferences about the impact of variables (such as feedback
variables) for which we might be concerned about bias arising from violations of strict exo-
geneity are unaffected in this new specification.

With regard to the specific issue of luck-driven account exit, in the online appendix we
model the relationship of account exit to past returns and use this to simulate the survival
bias in account age effects using our primary specification. We find that the account exit
rate is too modest, and too weakly related to past returns for our inferences to be affected
significantly.

Our baseline regressions of investment behaviors also include lagged behavior, Y;;_1, as
a regressor and our figures and tables come from specifications which incorporate these
regressors. The inclusion of lagged outcome variables makes the model one in which there is
partial adjustment to an age-dependent target, although in the current version of the paper,
we do not calculate the effect of age or other right-hand-side variables on the target, but
simply report the coefficients from the estimated specifications directly, meaning that their
effects are interpretable as conditional on past levels of the outcome variables.

When estimating our specifications, we focus primarily on a flexible piecewise linear form
for the account age effect. In addition, we consider linear age effects, A;; = Agey, in our
account return regressions. This represents a tradeoff of generality for an improvement in

statistical power.
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We consider two sources of feedback in our empirical estimation. The first, which we
term “account performance feedback” is the historical total outperformance of the investor
relative to the market. The coefficients on account performance feedback capture the effects
on the outcome variables of interest (behavior and style tilts) of the investor performing
relatively well or relatively poorly over a period of time. The second is “behavior-specific”
or “style-specific” feedback. We measure this source of feedback using historical experienced
returns attributable specifically to the past behavior or style tilt of the investor which we
seek to explain. For example, when forecasting investor turnover, the turnover-specific
feedback is measured as the increase in returns due to trading activity. This is computed as
the difference between actual returns in the current month and the returns that would have
obtained if no trades had been made in the past three months.

Our regressions are estimated on a stratified random sample, drawing 5,000 individual
accounts from each Indian state with more than 5,000 accounts, and all accounts from
states with fewer than 5,000 accounts. The internet appendix shows that, as expected,
state participation rates are highly correlated with per-capita state income. Our return
regressions are estimated using about 4.2 million account months of data spanning January
2004 through January 2012, and our regressions of account behaviors and style tilts use
somewhat fewer observations, as these measures cannot be defined for as many account
months.

We estimate panel regressions applying equal weight to each cross-section, and within
each cross-section, we use weights to account for the sampling strategy. Standard errors are
computed by bootstrapping months of data, to account for any possible contemporaneous
correlation of the residuals. This estimation methodology is in the spirit of the well-known
Fama-Macbeth regression method (since it gives each time period equal weights, and assumes
errors are cross-sectionally correlated within each period but uncorrelated across periods),

although it differs in its inclusion of account fixed effects.
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4 Age and Feedback Effects on Behavior

4.1 How behavior changes with age

We first ask whether our three proxies for investment behaviors change with the age of the
account. In our specifications, we predict the idiosyncratic variance share, turnover, and
disposition bias measured by the log ratio of PGR to PLR using specification (3), allowing
for a piecewise linear age effect. Figure 2 shows our preferred presentation of these age
effects; this presentation carries through our analysis of style tilts and performance. In the
plot, the full length of each bar represents the point estimate from the regression. The solid
portion of the bar lies outside the 95% confidence interval, allowing the reader to visually
focus on the progression of the statistically significant coefficients across the age spectrum.
We scale behaviors by the time-series average of their cross-sectional means as reported in

Table 2.

The age effects documented in Figure 2 are large in economic magnitude. Over the course
of five years, monthly turnover declines by a statistically significant 38% of the time-series
average cross-sectional mean, with this number becoming an even larger 52% for an eight-
year old account relative to a novice account. The disposition bias declines by an even larger
48% for a five-year account relative to a novice, although the internet appendix shows that a
considerable portion of this effect may be attributable to the fact that early cohorts appear
more sophisticated along the dimension of the disposition bias. In contrast, the portfolio
share of idiosyncratic variance changes little with age. This may not be surprising when
considering the results of Ivkovic et al. (2008), who suggest that underdiversification may in
some cases result from stock-specific information possessed by sophisticated investors — they
find that individual trader performance improves as the number of stock holdings decrease,

holding other determinants of performance constant.
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4.2 How behavior changes with feedback

Since two of our behavior measures vary strongly with account age, it is plausible that be-
havior may also be affected not only by the fact of investing, but also by the experiences that
investors have in the market. Figure 3 shows the impacts of feedback on the three behaviors
that we consider (in rows), with the two columns showing, respectively, the impacts of past
total account performance relative to the market, and past behavior-specific feedback.

In the first row, we consider the impact of the outperformance of the account relative to
the market on the future idiosyncratic share of portfolio variance. The figure shows that
account outperformance leads investors to make larger idiosyncratic bets, especially over the
first quarter following an increase in performance. The estimated coefficient implies that the
idiosyncratic variance share becomes 9% higher than the time-series average cross-sectional
mean idiosyncratic share for a 100% increase in outperformance relative to the market in
the previous month. This may be because past outperformance encourages investors to
assess their investing skills more optimistically, in turn leading to them increasing their
idiosyncratic bets.’

The second row of Figure 3 shows the results from predicting turnover. Again, outperfor-
mance of the account relative to the market appears to have a significant effect on turnover,
with a rise of over 60% relative to mean turnover following an increase in returns of 100%
relative to the market. The effect is also longer-lived than the impact on the idiosyncratic
variance share, although it continues to show a relatively rapid decline following the first
quarter after the elevated account outperformance.

In the same row, the second column shows the impact of the increase in returns due
to trades, a measure of an account’s past trading success. For each month, the return to

trades is calculated as the difference between actual returns in the current month and the

9Note that the presence of the lagged idiosyncratic variance share in the regression controls for any
mechanical impact (given less than complete rebalancing within the month) of the return to an undiversified
account on the end-of-month idiosyncratic variance share of the account. That is, we measure account
return during the month leading up to the measurement date for the lagged idiosyncratic variance share,
not the month following that measurement date. In this way we guarantee that the effects we estimate are
behavioral and do not result mechanically from imperfect rebalancing.
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returns that would have been experienced if the account had stopped trading three months
earlier. This variable strongly predicts turnover, implying that trading profits strengthen the
tendency to trade stocks frequently. This result is consistent with the findings of Linnainmaa
(2011), who employs information on a set of high-frequency traders from Finland.

It should be noted that the effects of recent account performance and trading profits on
turnover may result in part from the disposition effect. If recent trading is profitable, then
an account has tended to purchase winners which are more likely to be sold if the investor
has disposition bias. Such sales, and subsequent purchases of replacement stocks, increase
turnover. However, the stronger response of turnover to trading profits than to account
performance suggests that the disposition effect is not the only factor driving turnover.

Finally, in the third row, we predict disposition bias. The figure in the first column
of this row shows that high account outperformance relative to the market substantially
increases the short-term tendency to sell winners rather than losers. The second column
uses a more specific measure of feedback, in which we calculate excess returns relative to
the market index on stocks that each account sold, during the three month period following
each sale, and compare the excess returns to losers sold relative to winners sold, weighting by
the value of each sale. The idea of this measure is that if an account holds mean-reverting
stocks, disposition bias tends to be profitable because winners sold underperform losers sold
after the sale date, encouraging further disposition bias. If an account holds stocks that
display short-term momentum, however, disposition bias tends to be unprofitable and may

Y This variable appears to predict the future disposition bias

be discouraged by experience.!
with the expected sign, but is not statistically significant.

Figure 4 illustrates the relative importance of account age and investment experience in
predicting each of our three investment behaviors. For all accounts that opened in December
2003, the figure shows the predicted behaviors from January 2004 through the end of the

sample, using all the predictor variables except account value from our specifications. The

figure illustrates the median and the 10th and 90th percentiles of predicted behaviors. In

0 Consistent with this view, Ranguelova (2001) finds that disposition bias is attenuated among investors
who hold small US stocks with greater momentum in their returns.
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both the disposition effect and turnover plots, the dominant influence of the age effect is
clearly visible in the figure. The spread in predicted behaviors across accounts is meaningful
for both idiosyncratic variance share and turnover.

This section provides evidence that there may be reinforcement learning among Indian
equity investors. Our interpretation might be challenged if there is reverse causality, for
example if skilled traders generate trading profits and continue to trade frequently in the
future, or if certain investors specialize in holding mean-reverting stocks for which realizing
gains and holding losses is a systematically profitable strategy. The presence of account
level fixed effects in our specifications should significantly reduce concerns on this score, as
the investor’s average skill at trading should be absorbed by these account level effects. In
addition, we will show during our analysis of the impacts of behavior on performance that
both turnover and the disposition bias are associated with lower account returns, not higher
returns as reverse causality would require. We now turn to the impacts of age and feedback
on another important dimension of investment behavior, namely, investors’ portfolio tilts

towards particular styles.

5 Age and Feedback Effects on Style Tilts

5.1 How style tilts change with age

We focus on measures of style demand and supply. Style demand is defined as the cross-
sectionally demeaned percentile of the portfolio of stocks bought by the investor multiplied
by the purchase turnover of that investor. Thus, demand for value can be high when an
investor buys a sizable amount of stocks with modest value tilt or a modest amount of stocks
with a sizable value tilt. Style supply is defined similarly, but for the investor’s sales. We
are especially interested in net style demand, which is the difference between style demand
and style supply.

The three plots of Figure 5 show how these measures of style investing behavior vary

with age for three different style dimensions, namely size, value, and momentum. The top
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panel shows that when purchasing stocks, more experienced investors tend to more strongly
favor value stocks and small stocks than novice investors. However, these more experienced
investors appear to slightly tilt away from momentum in their purchases relative to novice
investors.

The second panel in the figure shows that when selling stocks, the main tendency of
more experienced investors relative to novices is to sell growth stocks. An eight-year old
investor has monthly value supply about 0.6 turnover-weighted-percentiles lower than a
novice investor. This corresponds to sales with a value tilt about 10.5 percentiles lower than
a new investors in a month with average turnover (0.6 divided by 5.7% equals 10.5). This
tilt away from value in stock sales is the main driver of the effect observed in the third
panel, which shows that the strongest of the age effects on style tilts is the substantial net
demand by more experienced investors for value stocks. Our finding here is consistent with
the results reported by Betermier et al. (2013) for older investors in Sweden, although it is
important to keep in mind that Betermier et al. work with the age of underlying investors,
not our measure of account age.

The third panel in Figure 5 also shows a tendency for investors to accumulate greater
quantities of small stocks as they become more experienced. Finally, there is a modest U-
shaped effect on the accumulation of momentum stocks as investors age — one cannot reject
the hypothesis that eight-year-old accounts have momentum tilts that are comparable to
those of novice investors, with a minimum rate of accumulation of winners at the five-year
age mark. This may result from novices entering the market by purchasing well known
stocks that have recently appreciated, then moving to a more neutral investing style, and
then perhaps appreciating the evidence for momentum profits when they become extremely

experienced.

5.2 How style tilts change with feedback

Figure 6 shows the impacts of the outperformance of the investor relative to the market and

the style-specific feedback measures on investors’ net style characteristic demands. The top
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panel of the figure shows the impacts of these feedback measures on net size demand, the
second, on net value demand, and the third on net momentum demand.

The left column of the figure shows the impacts of account outperformance on net style
demands. These impacts appear substantial and highly statistically significant, showing
that outperformance predicts increasing accumulation of large, growth, and high momentum
stocks. One possible interpretation is that these stocks tend to have similar characteristics
to the best performing stocks among investors’ current and recent holdings. The disposition
effect implies that investors tend to sell their specific winners, but when their overall account
performance has been good this tendency may be weaker, and they may also seek to replace
these winners with other stocks that have similar characteristics at the date of sale. It is also
likely that outperformance increases overconfidence, as suggested by Daniel, Hirshleifer, and
Subrahmanyam (1998), Gervais and Odean (2001), Statman, Thorley, and Vorkink (2006),
and Kruger (2013). However, while overconfidence might explain a preference for growth
stocks it is not clear that it should generate tilts towards large-cap or momentum stocks.

The right-hand column of Figure 6 shows the impacts of style-specific feedback on the
accumulation of stocks in those styles. This style-specific feedback is constructed by taking
the total returns on the sub-portfolio of stocks held by the investor that are ranked above
the cross-sectional average of all stocks in the same period on the given characteristic (i.e.,
size, value, and past-high-returns/momentum) minus the total returns on the sub-portfolio
of stocks held by the investor ranked below average in the given characteristic. In cases
in which the investor does not own stocks ranked above or below the average for a given
characteristic, value-weighted market returns are substituted for the type of stocks that the
investor does not own (e.g. growth, if an investor holds only value stocks).

The figures show that there are two impacts of style-specific feedback. The first is a more
precisely estimated short-term effect, in which the investor decumulates the style that has
outperformed. A figure in our appendix shows that this short-term effect is due to a spike in
supply of the outperforming style, suggesting this is a manifestation of the disposition effect.
However, for all three of the styles, the less precisely estimated but far longer-lived effect is

a tendency to continue to accumulate styles in which the investor has experienced positive
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returns. This “style chasing” behavior is a feature of a number of different theoretical
models, most notably that of Barberis and Shleifer (2003).

Figure 7 illustrates the relative importance of account age and investment experience in
predicting each of the three style tilts. For all accounts that opened in December 2003, the
figure shows the predicted changes to style tilts from January 2004 through the end of the
sample, using all the predictor variables except account value from our specifications. The
figure illustrates the median and the 10th and 90th percentiles of predicted changes in net
style demands. In both the size and value plots, the dominant influence of the age effect is
clearly visible in the figure, as older investors move into smaller, value stocks. The spread
in predicted behaviors across accounts generated by differential feedback is meaningful in all

three cases.

6 Implications for Performance

In the previous sections we have shown that both account age and investment experiences
strongly affect behaviors and style tilts. How do these sources of learning feed into overall
performance? In this section we analyze the impacts of age, behaviors, and style tilts on
investor performance.

Performance is inherently difficult to measure, because account returns are subject both
to considerable idiosyncratic volatility and to common shocks resulting from our measured
style tilts and other systematic tilts.  Accordingly we look at performance using three
different approaches. First we measure performance directly at the account level; then we
analyze the returns on portfolios of stocks held by novice and experienced investors; and
finally we predict the returns on individual Indian stocks using the characteristics of the

investor base as well as characteristics of the companies themselves.

6.1 Determinants of account performance

Figure 8 shows the impact of age on account performance, estimated from a piecewise linear

model. While the reported age effects have substantial economic magnitudes (roughly 100
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basis points a month higher for an eight year old investor relative to a novice), they are
imprecisely estimated and only barely significant at the five percent level at seven years.
Table 3 reports more comprehensive results, showing that the age effect remains econom-
ically meaningful but statistically insignificant when it is restricted to be linear, and falls
in magnitude by close to one-third when measures of investor behavior and style tilts are
added as explanatory variables. Theses measures have various interesting effects. Under-
diversified investors perform better, consistent with Ivkovic et al. (2008), and high-turnover
investors perform worse, but these effects are statistically insignificant. Also, investors with
a strong disposition bias tend to perform worse, unsurprisingly given the momentum effect
in the Indian stock market. Of the style tilts, the strongest and most significant effect is

that value investors perform better.

6.2 Aggregated novice- and experienced-investor portfolios

In Table 4 we decompose the returns to various zero-cost portfolios formed on the basis of
stockholder account age. There is no equivalent of the fixed effects we have used in our
study of individual accounts, so we do not attempt to distinguish stocks that are preferred
by older accounts because of these accounts’ constant characteristics from stocks that are
increasingly preferred by accounts as they grow older.

We first form a zero-cost portfolio that goes long stocks held by a representative older
individual account (a stratified-sample-weighted average of the portfolio weights of accounts
in top quintile of accounts sorted by time since first stock investment), and goes short stocks
held by a representative novice investor (i.e. formed from accounts in the bottom such
quintile). The first column of Table 4 reports results for this portfolio. The second and
third columns decompose it into long-short portfolios formed between the older and average
(i.e. formed from accounts in the middle quintile) representative investor and average and
novice representative investor.

Figure 9 illustrates the cumulative excess returns (relative to the Indian short rate) to

the experienced-investor and novice-investor portfolios, along with the overall excess return
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of the Indian equity market, over the period January 2004-January 2012. By the end of this
period the cumulative excess return on the experienced-investor portfolio was 89%, while the
cumulative excess return on the Indian market index was 79%, and the cumulative excess
return on the novice-investor portfolio was only 10%.

In the first column of Table 4, we regress the portfolio weights in the older minus novice
zero-cost portfolio onto a vector of stock characteristics, to see what characteristics are
preferred or avoided by older investors relative to novice investors. The second and third
columns of the table do the same for the older minus average and average minus novice
portfolios respectively. In the bottom of the table, we show how the returns on the zero-
cost portfolios can be attributed into unconditional and timing effects related to either stock
characteristic tilts or a residual that we call “selectivity” following Wermers (2000).

The table shows that relative to novice investors, the most experienced Indian investors
tilt their portfolios towards small stocks, value stocks, stocks with low turnover, stocks
without large beneficial ownership, and stocks held by institutions. Experienced investors
also avoid large, attention-grabbing initial public offerings. This is perhaps unsurprising
considering that such IPOs are one of the main routes to initial investor participation in the
Indian stock market.

In terms of their contribution to performance, the stock characteristics of older investors
explain only 9 basis points out of a total outperformance relative to novice investors of 38
basis points per month. The remainder is not explained by characteristic timing, which
makes an insignificant but negative contribution of 10 basis points. The performance differ-
ential is attributable mainly to stock timing effects (27 basis points) and non-characteristic
related stock selection (13 basis points). Most of these differences are preserved when
looking at the difference between average aged and novice accounts, implying that the initial
mistakes made by inexperienced investors ( “rookie mistakes”) contribute to the performance
differential between experienced and novice accounts.

In the first column of Table 5 we evaluate the older minus novice zero-cost portfolio in
a different way, by regressing its return on six factors commonly used in the asset pricing

literature: the market return, small minus big (SMB) return, value minus growth (HML)
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return, momentum (UMD) return, and factor portfolios capturing short-term reversals and
illiquidity as measured by turnover. We find that the portfolio has a negative loading on
HML, despite its slight tilt towards value characteristics, and has a significantly positive
six-factor alpha. This result suggests that experienced investors add value not by taking
compensated factor exposures, but by finding outperforming stocks whose factor exposures
are generally poorly compensated. This suggests that the results of Coval et al. (2005) that
following high-performing individual investors’ trades generates high abnormal returns could
also apply to the overall investments of individual investors.

The remaining columns of Table 5 repeat this exercise using zero-cost portfolios that go
long stocks held by investors with high levels of behaviors or style tilts, and short stocks
held by investors with unusually low levels of these behaviors or style tilts. It appears
that underdiversified investors hold stocks with compensated factor exposures, but do not
add value relative to the six-factor model, while high-turnover investors have similar factor
exposures to underdiversified investors but have a significantly negative alpha relative to the

model.

6.3 Stock returns and the investor base

Finally, we change our focus from the performance of individual accounts to the performance
of the stocks they hold, as predicted by the investor base of those stocks. This is somewhat
analogous to the recent literature on the performance of mutual funds’ stock picks, as opposed
to the overall performance of the funds themselves (Wermers 2000, Cohen et al. 2010).
Table 6 uses Fama-Macbeth regressions to predict the returns of Indian stocks with at
least 10 individual investors in our sample of individual accounts. Column 1 shows that the
average age of the accounts that hold a stock predicts the return to that stock, consistent
with the account-level results reported in Table 4. Column 2 adds information on the
behavior of the investor base—the average share of idiosyncratic variance in the portfolios of
the stock’s investors, the turnover of these portfolios, and the disposition bias of the stock’s

investors—as well as the style tilts of the investor base. The age effect, though somewhat
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diminished, remains significant, and we find that an investor base with high turnover predicts
lower returns.

Column 3 adds a standard set of stock characteristics to the regression. The book-market
ratio and momentum enter positively, and stock turnover enters negatively, consistent with
evidence from developed markets. The effect of account age in the investor base is now much
weaker, but stocks with underdiversified investors have lower average returns (significant at
the 5% level), and stocks with disposition-biased investors have lower average returns.
The effect of a high-turnover investor base remains negative, but it is smaller in magnitude
because it is correlated with turnover in the stock itself. Finally, we see that while large
stocks have lower returns, stocks held by investors who favor large stocks—who may generally
be larger, more sophisticated investors—tend to have higher returns.

The institutional ownership of stocks is included in Table 6 to address one possible
concern about our finding of a positive age effect. Since institutional investors have gained
market share over our sample period, stocks favored by such investors may rise in price
just because they control more capital over time (Gompers and Metrick 2001). If older
individual accounts are more like institutions, and hold similar stocks, this transitional effect
may benefit long-established individual investors as well as institutions. However, in Table

6, the coefficient on institutional ownership is only weakly positive.

7 Conclusion

In this paper we have studied the investment strategies and performance of individual in-
vestors in Indian equities over the period from 2004 to 2012. We find that feedback from
investment performance and years of experience appear to be important drivers of investment
behaviour and ultimately the returns experienced by individual investors. Both turnover
and disposition bias decline with experience, but strengthen with good investment results, as
does underdiversification. The tendency to invest in value stocks and small stocks increases
with experience, but experiencing good investment performance relative to the overall market

pushes investors towards growth stocks, large stocks, and high-momentum stocks. Overall,
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it appears that the Indian market rewards investment skill, which develops over time. Good
investment performance early on, however, encourages what we might characterize as “bad”
investment behaviour, because of the strong reinforcement learning effect that we identify.
There are several interesting questions we have not yet explored, but plan to examine in
future research. First, we can ask whether feedback effects on behavior vary with age, as
might be the case if investors update priors about their skill or about the merits of selling
winning positions, and gradually become more confident in their beliefs. Related to this,
we can ask whether the response to feedback varies with investor characteristics that might
proxy for sophistication. Second, we can explore nonlinearities in responses to feedback,
for example asymmetries between positive and negative feedback, or different responses to
extreme feedback. In a similar spirit, we can study how investors react to major personal
shocks, such as losing a great deal of wealth in a company fraud. Finally, an extension of
the Indian dataset with finer geographical resolution will make it possible to ask how social
interaction or local networks affect learning (Hong et al., 2004, Ivkovic and Weisbenner,

2005, 2007).
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Table 3: Account Age Effects in Equity Portfolio Returns

Results are constructed from a stratified random sample of individual accounts opened on or after February 2002: 5,000 accounts
are drawn at random from each Indian state/territory, drawing all accounts from states with less than 5,000 accounts. A bit over
4.2 million account months spanning January 2004 through January 2012 are used in the regressions. The regression specification
is (Ri-R)=P(A;-A)+x(B;-B)+si+¢;, where R;, represents the returns of investor i in month t, A represents the account age effect,
B are the lagged account behaviors appearing in columns [c], and s are individual fixed effects. Lagged turnover and disposition
bias are averages over the past 12 months, winsorized at the 1st and 99th percentile of accounts with at least 5 observations of the
behavior in the 12 month period. Where missing, the cross-sectionally and then individually de-meaned values of lagged
behaviors are imputed as zeros. Panel regressions are run using weights that account for sampling probability and further apply
equal weight to each cross-section (month). Standard errors in () are computed from bootstraps of monthly data. Coefficients that
are significant at a five percent level are in bold type, and coefficients that are significant at a ten percent level are in italics.
Incremental R-squared is the ratio of the variance of the fitted age effects relative to the variance of monthly account excess

returns.
Dependent Variable: Account Monthly Return in Excess of Risk-Free Rate (bp) (Mean: 96.7bp)
[a] [b] [c]
Account Age (Linear) 12.01 8.25
Account Age (7.10) (6.94)
Effect Piecewise Linear See Figure 4
Lagged Idio. Share of Portfolio Var. 55.85
(76.06)
Lagged Portfolio Turnover -97.64
(68.57)
Lagged Disposition Bias -3.69
Investor (1.50)
Behavior Size Tilt 177.90
(181.70)
Value Tilt 554.30
(113.36)
Momentum Tilt -22.20
(122.11)
Incremental R 0.00031 0.00039 0.00015
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Table 4: Decomposition of the Difference in Returns on Old and New Accounts
For the period January 2004 through January 2012, portfolios are formed which buy each stock in proportion to its average weight amongst the
oldest, average (middle), or newest quintile of accounts opened on/after February 2002. Zero-cost portfolios are formed using the differences in
portfolio weights between the average and newest, oldest and average, and oldest and newest quintiles. Stocks with market capitalization below
500 million Rs (approximately $10 million) are excluded from all portfolios, leaving 2,677 stocks j in the sample. The top (portfolio tilts) part of
each column reports the time-series average of coefficients, @y, from Fama MacBeth regressions W;=¢X;+g;, of portfolio weights W on the set
X of cross-sectionally de-meaned stock characteristics listed in the table. Normalized rank transforms are used to measure market capitalization,
book-market, momentum, turnover, and beneficial and institutional ownership shares. The bottom panel provides a decomposition of total
returns, %;W;R;, to these zero-cost portfolios. Returns are first broken into timing effects {Z;W;R;-X;Wy, iRy} and selection effects
{ZiWoar jRoarj}- Next, we run Fama MacBeth regressions of returns on stock characteristics {R;=yX;+n;}. Using these regressions, selection
effects are decomposed into "stock characteristic selection” { Zj(@yarXpar) (WoarXparj) } and "additional stock selection” {Z;gpq.inparj} effects.
Timing effects are decomposed into "stock characteristic timing" {Z;[ (X)) (W Xj)-(@parXbar,) (WoarXvarj)] } and "additional stock timing" {Z;(gjm;-
EparjNbarj) }» Where the coefficients with t-subscripts are from the cross-sectional regressions run in Fama MacBeth estimation. Standard errors in (
) are computed by bootstrap, and standard errors in the return decomposition account for uncertainty in both portfolio weight and return
regressions. Statistically significant coefficients at the five and ten percent level are indicated by bold and italicized type respectively.

Zero-Cost Portfolio Represents: Oldest minus Newest Oldest minus Average Average minus Newest
Portfolio Tilts (1000 X ¢y,,) [1] [2] [3]
Market beta -0.547 -0.393 -0.154
(0.568) (0.224) (0.428)
Market capitalization -0.318 -0.448 0.130
(0.233) (0.185) (0.272)
Book-market 0.171 0.100 0.071
(0.143) (0.095) (0.179)
Momentum (t-2:t-12 returns) -0.003 0.113 -0.116
(0.340) (0.255) (0.175)
Stock turnover -0.908 -0.237 -0.671
(0.262) (0.306) (0.396)
Beneficial ownership -0.604 -0.457 -0.147
(0.367) (0.192) (0.246)
Institutional ownership 0.919 0.447 0472
(0.356) (0.162) (0.438)
Ln(1+stock age) 0.010 0.216 -0.207
(0.075) (0.118) (0.104)
Large IPOs (market cap if age<1 -13.358 -0.733 -12.625
year) (3.723) (0.358) (3.625)
Return Decomposition
Stock characteristic selection 8.52 3.37 5.15
(5.54) (2.34) (3.54)
Additional stock selection 12.90 4.72 8.19
(14.55) (5.97) (11.15)
Stock characteristic timing -9.63 1.16 -10.79
(11.13) (5.73) (7.17)
Additional stock timing 26.60 -0.41 27.02
(21.24) (7.35) (21.53)
Total difference in returns 38.40 8.83 29.56
(28.34) (10.87) (24.42)
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Table 6: Predicting Indian Stock Returns Using Characteristics of Investors

The dependent variable is monthly stock returns from January 2004 through September 2011 for each of 3,614 stocks
with at least 10 individual investors from our sample individual accounts. Stockholder account age is the average
account age of investors in the stock in the given month. For behavioral and style tilts (i.e. value weighted average
style percentile of the investor's portfolio), we use the average behavior or style tilt across individual investors, where
the measure from each investor is taken as the cumulative average of a cross-sectionally de-meaned measure of the
behavior or style tilt. Average investor account age, behavior measures, style tilts, as well as market capitalization,
book-market, momentum, turnover, and beneficial and institutional ownership share measures are converted to
normalized rank form. The regressions below are carried out by the Fama MacBeth procedure, with a Newey West
serial correlation adjustment. All coefficients are multiplied by 100 for readability, and statistical significance at the
five and ten percent level are indicated by bold and italicized type respectively.

[1] [2] [3]
Account Age 1.61 0.61 0.14
(0.58) (0.29) (0.23)
Idio. Share of -0.22 0.16
Portfolio Var. (0.32) (0.34)
Portfolio Turnover -1.88 -0.64
(0.54) (0.32)
Investor Disposition Bias -0.16 -0.12
Characteristics (0.29) (0.25)
Size Tilt -0.46 1.32
(1.29) (0.59)
Value Tilt 1.83 -0.70
(0.46) (0.51)
Momentum Tilt 0.81 0.19
(0.47) (0.32)
Market beta 0.35
(1.30)
Market -3.40
capitalization (1.63)
Book-market 3.91
(0.67)
Momentum 3.16
Stock (0.58)
Characteristics Stock turnover -1.73
(0.41)
Beneficial 0.75
ownership (0.33)
Institutional 0.28
ownership (0.37)
Ln(1+stock age) 0.09
(0.11)
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Figure 2: Account Age Effects for Investor Behaviors

Idiosyncratic Share of Portfolio Variance

0.02 -

0.01 -

0.00 T . [
0 Years 1 Year 2 Years 3 Years 4 Years 5 Years 6 Years 7 Years 8 Years

Turnover

0-00 T T T T T T T T
0 Years I@r 2ls 3 S 4 S 5 S 6 S 7 S 8 S

-0.10 -

-0.20 -

-0.30 -

-0.40 -

-0.50 -

-0.60 -
Disposition Bias (In(PGR/PLR))
3 S 4 S 5 S

0.00 T

Q\
»
~
»
o0
%

-0.10 -

-0.20 -

-0.30 -

-0.40 -

-0.50 -

-0.60 -

-0.70 -

The plots above are produced from account behavior regressions following Equation 3. The combined bars represent the
point estimate given by the regression, while the solid part of the bar lies outside the 95% confidence interval. Account
behaviors are scaled by the time-series average of their cross-sectional means as reported in Table 2.
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Figure 3: Investing Behavior Response to Feedback at Various Horizons
Account Performance Feedback (Left) and Behavior Feedback (Right)

Idiosyncratic Share of Portfolio Variance

0.14 -
0.12
0.10
0.08
0.06
0.04
002 ®ceccccccecccccccce
0.00 ~ T "".'.'.':'.'.'.'.'.'.".'.'.'1'." i ,,..t.v.a.i.v.-'.a.sl'
0,02 ! t-"13 19 25 t-31 t-37 t-43°-49 t-55
0.04 - Turnover
0.80 ~ 1.60 -
0.70 - 1.40 -
0.60 - 1.20 -+
0.50 - 1.00 -
0.40 - 0.80 ~
0.30 - 0.60 -
0.20 - 0.40 -
0.10 - 0.20 -+
0.00 {rrrrreEgTTETTETTYERTTT rrrrrrrrrerrrereeern 0.00 et
010 trl t-7 t-13 t-19 t-25 t-31 t-37 t-43 t-49 t-55 2020 trl 7 t-13 t-19 t-25 t-31 t-37 t-43 t-49 t-55
Disposition Bias
100 4 050 -
0.80 0.40 -+
060 030 T i
0.40 02 |, g
0.20 0.10 - Terneandd :
0.00 0.00 -+
tH 7. 1-3t~19v‘25t31t37t43t19t55’ trl t7 t~13t]9t25t3’1’t67t43t49t55
-0.20 - 0109t s T
040 | 020 S

Plots are produced from account behavior regressions following Equation 3.Dotted lines represent 95% confidence
intervals. All behaviors are scaled by their mean, given in Table 2. All behavioral feedback measures are defined such
that positive coefficients indicate that the feedback reinforces in the given behavior. Only one plot appears for
idiosyncratic share of portfolio variance, as account outperformance is also used as a measure of behavioral feedback.
Behavior feedback for turnover is taken as the increase in returns due to trading activity; the difference between actual
returns in the current month and the returns that would have obtained if no trades had been made in the past three
months. Behavior feedback for the disposition bias is taken as the increase in returns due to selling off gains versus
losses; excess returns on stocks three-months following sales, with each sale weighted in proportion to the value of the
sale (relative to the investor's portfolio) and with the outperformance of gains counting negatively in the measure.
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Plots above use the account behavior regressions following Equation 3.Specifically, age effects (see Figure 2), feedback coefficients (see Figure

3), and the coefficient on lagged behavior from this regression are combined with the actual age and feedback received by individual investor

accounts opened in December 2003. The 10th, 50th, and 90th percentiles of the simulated distribution appear above. Cumulative changes in

behavior are scaled by the time-series average of their cross-sectional means as reported in Table 2.
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Figure 5: Account Age Effects for Style Characteristic
Supply/Demand
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The plots above are produced from style demand/supply regressions following Equation 3. The combined bars represent
the point estimate given by the regression, while the solid part of the bar lies outside the 95% confidence interval.
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Figure 6: Net Characteristic Demand Response to Feedback at Various
Horizons
Account Performance Feedback (Left) and Style Feedback (Right)
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Plots are produced from account net style characteristic demand regressions following Equation 3. Dotted lines represent
95% confidence intervals. Feedback is defined as the total returns of stocks held by the investor ranked above-average in
the given characteristic (i.e. large/value/high-momentum) minus the total returns of stocks held by the investor ranked
below-average in the given characteristic. Value-weighted market returns are substituted for returns for any type of stock
the investor does not own (e.g. growth, if an investor holds only value stocks).
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Plots are produced from account net style characteristic demand regressions following Equation 3. Specifically, age effects (see Figure 5) and

feedback coefficients (see Figure 6) are combined with the actual age and feedback received by individual investor accounts opened in December

2003. The 10th, 50th, and 90th percentiles of the simulated distribution appear above.
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Figure 8: Account Age Effects in Equity Portfolio Returns
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solid and patterned bars represent the point estimate given by the regression, while the solid part of the bar (non-zero only at 7 years) lies outside the 95% confidence interval.
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Figure 9: Cumulative Indian Excess Equity Return Received by Oldest and
Newest Quintile of Accounts
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Representative portfolios of account-age based groups are formed by equally weighting across the actual portfolio weights of accounts in each
age group. The "oldest" and "newest" groups represent the oldest and newest quintile of accounts present in each month from within the set of

accounts started on or after February 2002. The top plot produces excess returns by subtracting the yield on three-month Indian Treasury bills
from returns on the indicated portfolios.
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1 Data Construction

1.1 Stock-Level Data

We collect stock-level data on monthly total returns, market capitalization, and book value
from three sources: Compustat Global, Datastream, and Prowess. Prowess further reports
data sourced from both of India’s major stock exchanges, the BSE and NSE. In addition,
price returns can be inferred from the month-end holding values and quantities in the NSDL
database. We link the datasets by ISIN.!

To verify reliability of total returns, we compare total returns from the (up to three) data
sources, computing the absolute differences in returns series across sources. For each stock-
month, we use returns from one of the datasets for which the absolute difference in returns
with another dataset is smallest, where the exact source is selected in the following order of
priority: Compustat Global, Prowess NSE, then Prowess BSE. If returns are available from
only one source, or the difference(s) between the multiple sources all exceed 5% then we
compare price returns from each source with price returns from NSDL, We then use total
returns from the source for which price returns most closely match NSDL price returns,
provided the discrepancy is less than 5%.

After selecting total returns, we drop extended zero-return periods which appear for
non-traded securities. We also drop first (partial) month returns on IPOs and re-listings,
which are reported inconsistently. For the 25 highest and lowest remaining total monthly
returns, we use internet sources such as Moneycontrol and Economic Times to confirm that
the returns are indeed valid. We also use internet sources to look up and confirm returns

for stock-months where returns are missing and the stock comprises at least one percent of

! Around dematerialisation, securities’ ISINs change, with some data linked to pre-dematerialisation ISINs
and other data linked to post-dematerialisation ISINs. We use a matching routine and manual inspection to
match multiple ISINs for the same security.



stock holdings for the representative individual investor for either the previous or current
month.

The resulting data coverage is spotty for the very smallest equity issues, which could lead
to survivorship issues. Therefore, in computing account returns we stock-months where the
aggregate holdings of that stock across all account types in NSDL is less than 500 million
Rs (approximately $10 million) at the end of the prior month.

We follow a similar verification routine for market capitalization and book value, confirm-
ing that the values used are within 5% of that reported by another source. Where market
capitalization cannot be determined for a given month, we extrapolate it from the previous
month using price returns. Where book value is unknown, we extrapolate it forward using

the most recent observation over the past year.

1.2 Classification of Investor Account Geography (Urban/Rural/Semi-
Urban)

We provided NSDL with a mapping of PIN codes (Indian equivalent of ZIP codes) to an
indicator of whether the PIN is a rural, urban, or semi-urban geography. To make this
determination, PIN codes were matched to state and district in an urbanization classification
scheme provided by Indicus. In cases where urbanization at the district level is ambiguous,
we use use postal data, noting that the distribution of number of large postal branches and

small sub-branches in a PIN is markedly different in urban and rural geographies.

2 Additional Exhibits

Table A1 provides the cross-sectional correlations of the account characteristics examined in
Table 2.

Figure A1 provides a monthly measure of the disposition effect computed just as in Odean
(1998), alongside Odean’s measure based on US brokerage accounts. The Indian tax year
ends in March, whereas the US tax year (relevant for Odean’s investors) ends in December.
The level of disposition effect is lower than the typical levels seen at the individual account
level, as this aggregate monthly statistic effectively applies weight to accounts in proportion
to the number of stock positions they hold, and investors with more stock positions exhibit
a smaller disposition effect.

Figure A2 plots the population per NSDL account against per capita income at the state
level. The size of the bubbles indicate state population. The largest contributor to the
data is relatively populous and wealthy Maharashtra, which comprises over one-fifth of all
accounts in the NSDL data.



3 Robustness Exercises

3.1 Addition of Accounts Opened Prior to February 2002

The data used throughout the paper excludes accounts opened prior to February 2002. For
accounts which opened earlier, we do not observe the full investing history, do not know when
the account first invested in stocks, and do not observe the initial account characteristics.
Such accounts represent about 14.4% of all accounts present in our sample, though they
represent a larger fraction of earlier (smaller) cross-sections and thus have potential for
significant impact on our results.

To make use of this data in our basic analyses, we impute the first date of stock investment
(from which account age is gauged) as equal to three months following the month the account
opens. This is roughly equal to the mean time between account opening and stock investment
that we observe for accounts opened on/after February 2002. We further assume that cross-
sectionally then individually de-meaned feedback and account behaviors were zero for all
accounts prior to February 2002 (i.e. all previous cross-sectional variation was explained by
the individual account effect s;).

Figures A3, A5, and A7 show that age effects in our account behavior, style, and return
regressions, are qualitatively very similar. Figures A4 and A6 show that the same holds true
for the response of investor behavior and style preferences to outperformance and behavior
(or style)-specific performance. Table A2 shows that our account return regression allocates
a similar share of increased returns to the pure age effect and investor behaviors and favored
stock characteristics (which change with account age). Table A3 and Figure A8 show that
the preferences over stock characteristics held by pre-2002 investors are similar in direction
to those held by the oldest post-2002 investors, and returns on the two age groups of accounts

are similar.

3.2 Sensitivity of Results to the Use of “Passive” Account Returns

We compute and use “passive” returns throughout the paper; the returns that the investor
would have received if they did not trade during the given month. We can compute “active”
returns which take account of trading, but assumptions are required since we do not know
the exact timing or order of the purchases and sales which occur during the month. Here,
we take two extreme assumptions about this timing, yielding a “high leverage” and “low
leverage” measure of active returns.

First, we assume that as much investor capital as possible was tied-up during the month;
purchases occurred at the beginning of the month and sales at the end. This will tend to bias

net returns towards 0%. To compute this “low leverage” active return, we take the weighted



average return on the portfolio of stocks j held at the beginning of the month and the
portfolio of stocks bought during the month, where returns on stocks sold or bought during
the month reflect partial-month returns. The resulting expression is given by Equation 1

below.

Ractive >_;j(HoldingV aluej; + SalesValuejy) .
! B >_;j(HoldingV alue;j;— + PurchaseV aluejq) (1)

Next, we assume that as little investor capital as possible was tied-up during the month;
purchases occurred at the end of the month and sales at the beginning. This “high leverage”
approach, given by Equation 2, will bias net returns away from 0%. Equation 2 is poorly
behaved for account-months where starting and ending balances are very small relative to
the purchase and sales values that occur during the month, so we drop account-months for
which sales and purchases combined exceed ten times the account value at the beginning of
the month (about 0.5% of all account months). There is really very little we can say with

our data about the returns received by habitual day-traders.

>_;j(HoldingV aluej, + max(0, SalesValuej, — PurchaseV alue;;))

= 2
>_;j(HoldingV alue;j ;-1 + max(0, PurchaseV aluej, — SalesV aluej)) 2)

activex
R,

Figure A9 shows that the age effects from our baseline account returns regression are

similar whether passive returns or either form of active returns is used.

3.3 Controlling for Time-Variation in the Inherent Sophistication

of the Average Individual Investor

Our baseline specification, Equation 3 below, implicitly assumes that the inherent sophisti-

cation of the average individual investor in the Indian market is constant, i.e. s; = 0.

Yie =Y = s+ B(Air — At) +7(Xie — X)) + €ur. (3)

It is possible that the average inherent sophistication of Indian investors has been chang-
ing over time as market participation expands. To address this possibility, we model these
changes in s; using the cross-sectional average of a set of investor characteristics Cy, resulting

in Equation 4 below.

Yie =Y = (s; — aCy) + (A — Ar) +v( Xt — X)) + i (4)

The investor characteristics in C' include the (log) value and number of stock positions

when the account was opened, the literacy rate and log income level of the state where



the account was opened, and dummies indicating if the account was opened in a rural or
urban area. Note that while the investor level set of these characteristics, C;, may be a
very noisy proxy for an individual’s inherent sophistication, the cross-sectional mean of the
characteristics C; may yet provide a good proxy for time-variation in the average inherent
sophistication of investors.?

Figure A10 shows plots of the fitted series —a(C}, which represent changes in average
inherent sophistication of investors over time. For most investor behavior series, the model
suggests a modest decrease in inherent investor sophistication, which may be understandable
in a market with a steadily increasing participation rate. However, the average inherent
disposition effect grows dramatically over time. This is attributed to the fact that the
average investor in later years opens their account with fewer stock positions, and such
investors exhibit far greater disposition effect.

Figure A11 through A13 provide the age effects from regressions using Equation 4 along-
side age effects from our baseline Equation 3. Consistent with the results in Figure A10,
the age effects generally attenuate modestly, with the exception of the disposition effect,
for which the age effect is absorbed by controls for average inherent investor sophistication.
Table A4 shows that the relationship of account returns to account behaviors and stock
characteristics does not change meaningfully.

Account age is a characteristic which only varies across-cohorts at a given point in time,
but our feedback measures primarily vary within cohorts. Since only the cross-cohort varia-
tion can be potentially explained by changes in average inherent investor sophistication, our

estimation of feedback effects is virtually unaffected.

3.4 Measuring Significance of Violations of Strict Exogeneity

Panel estimation with fixed effects can deliver biased estimates when explanatory variables
are not strictly exogenous. Intuitively, if the time dimension of the panel is short, and if
high values of Y; early in the sample predict high future values of X;, then relative to its
sample mean Y; must be low later in the sample, and will spuriously appear to be negatively
predicted by X;. This is a particular problem if we use account size as an explanatory variable
to predict returns, since account size is mechanically driven by past returns. Similar issues
may arise when we use investment behaviors or style tilts as explanatory variables, if their
prevalence is behaviorally influenced by past returns.

As an alternative, we consider Equation 5 below, which restricts individual effects to the
span of account characteristics C'. These are the same account characteristics whose cross-

sectional averages are used to model average inherent investor sophistication in Equation 4

20f course, if the number of characteristics in C' equals the time-dimension of our data, C will span s,
but we lose identification.



from the last section. While Equation 5 loses the potentially important ability to control for
account-specific propensities towards the behaviors and styles, by removing the individual

fixed effect we no longer need to worry about violations of strict exogeneity.

Yie =Y =0(C; — Cy) + B(Ai — Ar) +v(Xir — Xi) + €t (5)

Figures A14 and A15 show that the response of investor behavior and net style demands
to feedback are qualitatively similar when we use Equation 5. Table A5 shows that violations
of strict exogeneity appear to lead to an overstatement of the returns to value investing (a
strong portfolio value tilt is associated with relatively poor past returns), but otherwise
conclusions are similar to our baseline model.

However, even account age is vulnerable to violations of strict exogeneity if the disposition
effect — the tendency of investors to sell gains rather than losses — leads to disproportionate
exit of investors who have been lucky (Calvet et al. 2009a). In this case, experienced
investors may disproportionately be investors who had poor returns when they were novices.

To respond, we model the relationship of account exit to past returns and use this to
simulate the survival bias in account age effects using our primary specification (Equation 3).
Results of the simulation are given in Table A6. The account exit rate is too modest, and
too weakly related to past returns for our inferences to be affected significantly. As some

further evidence, Table A5 shows that age effects are similar under Equation 5.
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Table A3: Decomposition of the Difference in Returns on Old and New Accounts

In column [4], the analysis from Table 4 is replicated for a zero cost portfolio formed from the difference in
portfolio weights between accounts opened prior to February 2002 and the oldest quintile of accounts opened
on/after February 2002. The properities of portfolios formed from the difference in oldest and newest accounts
opened on/after Februrary 2002 (a copy of Table 4 column [1]) is provided for comparison.

Pre 2002 Accounts minus

Zero-Cost Portfolio Represents: Oldest minus Newest Oldest
Portfolio Tilts (1000 x ¢,,) [1] (4]
Market beta -0.547 -0.697
(0.568) (0.274)
Market capitalization -0.318 -0.601
(0.233) (0.099)
Book-market 0.171 -0.735
(0.143) (0.200)
Momentum (t-2:t-12 returns) -0.003 -0.266
(0.340) (0.167)
Stock turnover -0.908 1.067
(0.262) (0.791)
Beneficial ownership -0.604 0.614
(0.367) (0.519)
Institutional ownership 0.919 0.494
(0.356) (0.163)
Ln(1+stock age) 0.010 0.546
(0.075) (0.208)
Large IPOs (market cap if age<1 -13.358 0.447
year) (3.723) (0.327)
Return Decomposition
Stock characteristic selection 8.52 -0.98
(5.54) (8.55)
Additional stock selection 12.90 -2.34
(14.55) (3.64)
Stock characteristic timing -9.63 -0.31
(11.13) (2.35)
Additional stock timing 26.60 -3.39
(21.24) (4.00)
Total difference in returns 38.40 -7.02
(28.34) (10.79)
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Table A5: Account Age Effects in Equity Portfolio Returns - Robustness Check for Exogeneity Bias

Specifications [a'] and [c'] below are based on Equation 5 in the text: (R;-R)=0(C;-C)+B(A;-A)+y(X;-X)+€;

(i.e. a set of 12 investor characteristics C; described in the text proxy for the individual i's inherent

sophistication). All other aspects of the regression and data used are identical across the two regression

specifications.

Dependent Variable: Account Monthly Return in Excess of Risk-Free Rate (bp) (Mean: 96.7bp)

From Table 3 Restricted Individual Effects
[a] [c] [a] [c]
Account Age (Linear) 12.01 8.25 12.34 9.83
Account Age (7.10) (6.94) (4.73) (4.51)
Effect Piecewise Linear
Lagged Idio. Share of 55.85 53.04
Portfolio Var. (76.06) (60.33)
Lagged Portfolio -97.64 -117.48
Turnover (68.57) (63.86)
Lagged Disposition -3.69 -0.99
Investor Effect (1.50) (1.48)
Behavior Size Tilt 177.90 227.04
(181.70) (178.50)
Value Tilt 554.30 298.79
(113.36) (91.73)
Momentum Tilt -22.20 105.67
(122.11) (126.57)
Incremental R? 0.00031 0.00015 0.00020 0.00012

Table A6: Bias from Performance (Luck) Driven Exits in Return
Regressions with Investor Fixed Effects

We use data from January 2004 through July 2011 to estimate a logit model where account exit (liquidation
of all stockholdings with no subsequent stock purchases) is predicted by lagged account average
outperformance versus the mean individual investor. Next, simulated investors (from five cohorts, one year
apart) are assigned to idiosyncratic return volatility percentiles, with returns bootstrapped from the
corresponding percentile of accounts in the sample. There are no age or investor sophistication effects in the
simulation, which does not affect results. Exits are simulated for these investors using the logit model and
our regressions of returns on account age with investor fixed effects is run. In variants [2], we add monthly
fixed effects to the estimated logit model and simulation. In variant [3], we increase the sensitivity of exits
to returns by five standard errors above that used in the baseline, while holding constant the unconditional
exit rate. The simulation is run repeatedly to obtain the standard errors in ( ) on the estimated biases.

Estimated bias in Return Regression Specification [1a] - monthly returns (bp) per year of
account age (estimated at 12.01bp/mo in Table 3)

Baseline [1] 0.74

(0.03)
Logit model and simulations include monthly fixed (2] 0.66
effects (0.03)
Sensitivity of exits to performance equals logit model [3] 1.30

estimate plus five standard errors (0.06)
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Figure A3: Account Age Effects for Investor Behaviors, Including
Accounts Opened Prior to Feb. 2002
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The plots above are produced in the same manner as in Figure 2, but include accounts opened prior to February 2002 in the scaling and regression

model used.
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Figure A4: Investing Behavior Response to Feedback at Various Horizons, Including Accounts
Opened Prior to Feb. 2002
Account Performance Feedback (Left) and Behavior Feedback (Right)
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These plots are generated in the same was as Figure 3, but use accounts opened prior to February 2002 in the regression model and scaling

applied.
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These plots are generated in the same was as Figure 5, but use accounts opened prior to February 2002 in the regression model.
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Figure A6: Net Characteristic Demand Response to Feedback at Various Horizons, Including
Accounts Opened Prior to 2002
Account Performance Feedback (Left) and Style Feedback (Right)
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These plots are generated in the same was as Figure 6, but use accounts opened prior to February 2002 in the regression model.
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Idiosyncratic Share of Portfolio Variance

Turnover
o
2

++++ Momentum

== == Value

Size

I T T T T 1 r T
o o (e} (e} o o (e} (e} [} o
s 5 5 5 5 & & & a =

(owydq) suImoy $seoXH 9Jelouan) 0} AN[IQY JUAIOYU] 95BIOAY

JOTABYQg JUQIoyU] 9SeIoAY

puewo
onsLsloeIey)) JA1S JON JULIOYU] ATBIOAY

The series above provide the de-meaned fitted values of -aC, estimated from regression Equation 4. The fitted series represents predicted time-
variation in the average investor's inherent ability to produce returns/behavior/net style characteristic demand generated by time-variation in the

inherent characteristics of investors in the market. As with other investing behavior plots, values are scaled by the time-series average of the cross-

sectional means (in Table 2).
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Figure A11: Account Age Effects for Investor Behaviors without (solid
and cross-hatched) and with (dotted) control for Cross-Sectional Average
Inherent Investor Sophistication
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The plots above compare the age effects shown in Figure 2 (solid and cross-hatched bars) with those constructed when the regression specification
is augmented with controls for the inherent sophistication of investors present in each month. See text for a discussion of these controls C,.
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Figure A12: Account Age Effects for Style Characteristic Supply/Demand
with (dotted) and without (solid and cross-hatched) control for Cross-Sectional Average
Inherent Investor Sophistication
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The plots above compare the age effects shown in Figure 5 (solid and cross-hatched bars) with those constructed when the regression specification
is augmented with a set of controls for potential changes in the inherent sophistication of investors present in each month.
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Figure A14: Investing Behavior Response to Feedback at Various Horizons
from Equation 5 (Restricted Individual Effects)
Account Performance Feedback (Left) and Behavior Feedback (Right)
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Plots are produced from account behavior regressions following Equation 5. Otherwise, the data and methods used to construct these plots are
identical to Figure 3.
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Figure A15: Net Characteristic Demand Response to Feedback at Various Horizons
Account Performance Feedback (Left) and Style Feedback (Right)
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Plots are produced from account behavior regressions following Equation 5. Otherwise, the data and methods used to construct this plot are
identical to Figure 6.
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