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Abstract

This dissertation presents three empirical analyses on individual investment decisions with risky
financial markets. Each chapter investigates a distinct aspect of individual financial behaviour
with risky financial markets, but provide evidence on one important aspect of household finance:
Individual behaviour is systematically different from normative views of what they ought to do.
The first paper, Endowment effects in the field: Fvidence from India’s IPO lotteries presents
large-scale field evidence to a suite of laboratory studies call into question the fundamental
neoclassical assumption that preferences and beliefs are independent of fownership. It documents
that winners of randomly assigned initial public offering (IPO) lottery shares are significantly
more likely to hold these shares than lottery losers, 1, 6 and even 24 months after the random
allocation. This finding persists in samples of highly active investors, suggesting along with
additional evidence that this “endowment effect” is not driven by inertia alone. This evidence is
consistent with the laboratory literature that documents endowment effects for risky gambles. The
second paper, The effect of experience on investor behaviour: Evidence from India’s IPO lotteries
exploits the randomized allocation of stocks in Indian IPO lotteries to provide new estimates
of the causal effect of investment experiences on future investment behaviour. It shows that
investors experiencing exogenous gains in IPO stocks (the treatment) are more likely to apply for
future IPOs, increase trading in their portfolios, exhibit a stronger disposition effect, and tilt their
portfolios towards the sector of the treatment IPO. These effects vary with the size, variability
and salience of the gain, and are stronger for smaller and younger investors. However, these effects
persist for larger and older investors, suggesting that experiencing gains exerts a powerful force
even on sophisticated players in financial markets. The third paper, The effect of subjective life
expectancy on financial decisions investigates one potential mechanism by which experiences affect
individual financial decisions. It investigates whether exposure to natural disasters and mass
shootings influences subjective life expectancy and affect financial decisions. Using data from
the United States, the paper shows that being exposed to natural disasters and mass shootings
significantly decreases an individual’s subjective life expectancy. Further, it shows that such
experiences monotonically reduce the share of financial assets in equities and non-government
bonds for increasing levels of lifespan optimism. These findings provide evidence for the existence
of an expectations channel for personal experiences to affect financial decisions. Taken together,
these three studies contribute to the growing body of work on household finance and open the

door to further theoretical and empirical research in the field.
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1 Introduction

The study of household finance is challenging because household behavior
is difficult to measure, and households face constraints not captured by
textbook models. (John Campbell, Presidential address, AFA 2006)

The study of household finance — that is, how households use financial in-
struments to attain their objectives (Campbell, 2006) — had received relatively
little focus until a decade ago (Tufano, 2009). In order to attain their objectives,
households plan over a long but finite horizon with uncertain labour income and
take financial decisions across a range of liquid and illiquid assets such as housing,
risky financial investments such as equities, and bonds amidst constraints on their
ability to borrow. Such decisions often run contrary to what households ought to
do per standard textbook models in finance. These differences from the normative
benchmark may arise due to differences in the characterisation of beliefs and
preferences from standard textbook models, more complex time-varying structures
to beliefs and preferences, or simply due to a lack of financial knowledge and
capability.! The assessment of household financial decisions and its departure from
standard workhorse models in finance not only inform meaningfully about household
welfare, but as succintly argued in Campbell (2016), also “contributes meaningfully
to the evolution of wealth inequality” in a society.

Workhorse models in economics typically assume that agents have stable
preferences — independent of the states of the world — and beliefs well-founded in

all relevant past statistical information available and updated according to Bayes’

For example, Calvet, Campbell and Sodini (2007) assess the welfare costs of household
investment mistakes and show that poorer and less well-educated households make significant
investment mistakes. More recently, Campbell (2016) argues that the complexity of modern
financial products deem even the very sophisticated households to know very little about the
nature of risk and return from these products.
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rule. However, recent research work takes the view that the preferences and beliefs
of individuals are far more malleable and influenced by specific realized paths of
personal histories, also known as personal experiences (see, for example Kdszegi
and Rabin, 2007; Rabin and Weizsacker, 2009; Camerer and Ho, 1999; Roth and
Erev, 1995; Ellison and Fudenberg, 1993).

Empirical work that tests the effects of personal experience on economic decision-
making relates such experiences to long run risk-taking in financial markets and
find that investors living through periods of low stock returns, inflation, and
unemployment suffer declines in stock market participation and allocations to
risky assets even decades after the experience (Malmendier and Nagel, 2011, 2009;
Kniipfer, Rantapuska and Sarviméki, 2014). Another strand of the literature studies
how recent portfolio experiences shape short-term decisions, finding that savings
and stock trading decisions appear to respond to investors’ personal experiences.?

A challenge confronting all empirical evidence on the departure of household
behaviour from a normative benchmark is that the econometrician does not observe
or measure the ez-ante levels of preferences and beliefs and the evolution of such
preferences and beliefs. For instance, if an econometrician observes investors who
have recently experienced gains in financial markets and exhibit subsequent changes
in investment behaviour, she might be favourably disposed to conclude that these
return experiences influenced future risk preferences of the investors. This conclusion,
however, is potentially erroneous. It is possible that the initial experience with gains
were by themselves due to higher risk-taking, caused by unobserved changes to
investor risk preferences. The ideal research design requires sharply identified real-

world settings where the econometrician can determine a causal relationship between

2A large literature relates investors’ experienced asset returns to future investment behavior.
One strand focuses on how prior gains and losses affect risk-taking, see Thaler and Johnson (1990)
for one of the first analyses of this nature, and Gamble and Johnson (2014). Another strand looks
at how investor experiences in specific asset classes change future investments in those assets;
Kaustia and Kniipfer (2008) and Chiang, Hirshleifer, Qian and Sherman (2011) focus on the IPO
market and (Choi, Laibson, Madrian and Metrick, 2009) study savings in retirement plans. See
Andersen, Hanspal and Nielsen (2014) for a recent review. For recent work using Indian data in
this context, see Campbell, Ramadorai and Ranish (2014).
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experiences and observed outcomes. This would typically involve an experience
that individuals did not self-select themselves to experience it.

This thesis brings to bear the tools of causal micro-econometrics and large
administrative datasets to ask questions on the magnitude and economic significance
of the effects of experiences on investor decisions across three different aspects of
investment behaviour. The first paper provides evidence from a real, large-stakes
market (the stock market) that challenges the foundational assumption in economics
that ownership does not affect the valuation of an asset. The second paper provides
causal estimates of the effect of an exogenous returns experience in the stock
market on short-term future investment decisions taken by households, arguing
that preferences and actions are reference-dependent, supporting a vast theoretical
literature since Kahneman and Tversky (1979). The third paper drills deeper to
understand the potential mechanism by which experiences affect financial decisions.
It provides empirical evidence that subjective expectations is indeed a mechanism
underlying the relationship between experiences and financial decision making.

The three papers in this dissertation contribute to the field of household finance
in distinct ways. The first paper adds to a growing body of empirical observations
that call into question a fundamental assumption that the willingness to pay and to
accept are the same. The second paper suggests that individual preferences may be
state-contingent, i.e., the realization of a particular state of the world affects future
investment behaviour. It raises important questions about standard models that
assume stable preferences and beliefs to construct a reliable benchmark. The third
paper provides a glimpse into how households subjectively evaluate the realization
of statistically unlikely mortality events, suggesting that households are prone to
be affected by rare experiences that become salient. It raises important questions
about belief formation in normative benchmark and the need to depart from rational
expectations in evaluating household decision-making.

Given the distinct nature of each analysis, I review the major findings of each

paper separately, highlighting its relevance and contribution to the literature.
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A detailed survey of the existing body of research related to these topics is
presented in Chapter 2.
Paper 1: Endowment effects in the field

In this joint work with Santosh Anagol and Tarun Ramadorai, we study a
natural experiment in which millions of market participants outside of the lab
are randomly assigned risky gambles. Owing to regulation, in many cases, Indian
initial public offering (IPO) shares are randomly assigned to applicants. This
randomization means that winners and losers in these IPO lotteries, on average,
have virtually identical preferences, beliefs, and information sets before the shares
are allotted. While lottery losers do not have the opportunity to buy the shares at
the TPO issue price, they receive cash back which is equivalent to the TPO issue
price.> Once the stock begins to trade freely, the groups of winners and losers have
equal opportunities to trade in it. Given the equivalence of information sets and
background characteristics induced by the random assignment, we should expect
that the holdings of this randomly allocated stock should converge rapidly over
time across the two groups. If randomly assigned ownership induces changes in
valuation, however, we should see a divergence in the behavior of the randomly
chosen winners and losers.

We document that the winners of IPO lotteries are substantially more likely to
hold the randomly allocated IPO shares for many months and even years after the
allocation. In our main results we find that 62.4 percent of IPO winners hold the
IPO stock at the end of the month after listing, while only 1 percent of losers hold
the stock. Six months after the lottery assignment the gap decreases slightly, to
46.6 percent of winners holding the stock and 1.6 percent of the losers holding the
stock, but even 24 months after the random assignment we find that winners are
35 percentage points more likely to hold the IPO stock than losers.

This fact bears a striking resemblance to numerous laboratory studies that have
documented that the simple fact of owning an object causes subjects to become

reluctant to part with it. These lab findings of an “endowment effect” call into

3We refer to the price that lottery winners pay for the IPO stock as the “issue price," and the
first price that the stock trades at on the exchange as the “listing price."



1. Introduction

question the fundamental neoclassical assumption that preferences and beliefs are
independent of ownership, and augur important implications for a wide variety of
field contexts. However, significant challenges confront the literature on endowment
effects. Firstly, market participants are likely to have more relevant experience
than laboratory subjects, and the limited field evidence available suggests that
experience appears to attenuate or even eliminate the measured endowment effect
(see, for example, List (2003) and List (2011)). Secondly, lab findings of endowment
effects appear sensitive to experimental procedures, which makes it difficult to
generalize these results to the field (Plott and Zeiler, 2005). And lastly, new lab
evidence on the endowment effect shows that it also appears in gambles, and
not just in physical objects with fixed payoffs (Isoni, Loomes and Sugden, 2011;
Sprenger, 2015), though there is as yet little field evidence on the prevalence of
the endowment effect for gambles.

Broadening the evidence base on endowment effects outside the lab faces a
fundamental obstacle: it is essentially impossible to draw inferences in the absence
of random assignment of endowments to market participants. Any comparison of
agents’ behavior without random assignment of ownership is potentially subject
to selection bias — those who selected into ownership have almost surely done so
because they value the object or gamble more in the first place.

To evaluate whether our results are a manifestation of an endowment effect in
the field, it is crucial to understand whether differences in our natural experiment
setting from the laboratory setting might induce the winner-loser divergence absent
an endowment effect. For our results to be a manifestation of the endowment effect,
randomly induced ownership must cause winners’ willingness to accept (WTA) to
become greater than losers’ willingness to pay (WTP) for the IPO stock.? Accepting
this interpretation requires ruling out explanations for the winner-loser divergence
that do not produce a gap between winner WTA and loser WTP. Perhaps the
most plausible alternative is that lottery winners and losers face formal or informal

costs of trading which are large enough to cause the divergence in holdings that

4WTA is the lowest price that a seller is willing to sell at. WTP is the highest price a buyer is
willing to pay.
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we observe (such costs are minimized in laboratory experiments). In our setting,
such costs might include brokerage commissions, transactions costs, taxes, or inertia
generated by cognitive processing costs of paying attention to the stock, accessing
the brokerage account, or placing trades.

We study this issue in detail, developing a formal framework which we describe
later in the paper, but note here that a number of empirical findings are inconsistent
with this explanation. First, we find that the divergence persists strongly even
as we look at investors who made more and more trades on average prior to the
[PO — lottery winners at the 99th percentile of the trading distribution (more than
30 trades per month on average in the six months prior to the lottery) are still
approximately 30 percent more likely to hold the stock than losers. Second, we find
a large divergence amongst the sub-sample of lottery winners who make a large
number of trades of sizes less than or equal to the position size of the IPO stock
in the months after the IPO.? Third, we find that even in sub-samples of lottery
winners and losers that have actively sold another previously allotted IPO stock,
winners are still substantially more likely to hold the current IPO stock than losers,
casting doubt on the idea that the divergence is due only to investors who do not
pay attention to the IPO stocks in their portfolio. Fourth, we find that lottery
winners are more likely to make the active decision of buying additional shares of
the IPO stock than lottery losers, which is consistent with the idea that lottery
winners have a higher WTP for the stock than lottery losers. This is particularly
difficult to explain via transactions costs, even if such costs are investor, time, and
security-specific. Finally, lottery losers are not more likely to purchase another
substitute stock, confirming that the winner-loser divergence in ownership is not
undone by transactions in other stocks.

Overall, we conclude that most reasonable models of inertial behavior driven by

costs of trading are unlikely to explain our results.® As we report in detail later, we

5These findings also assuage concerns that our results are being driven by “trade uncertainty”—
the idea that investors are uncomfortable with trading in general and therefore stick to the status
quo (Engelmann and Hollard, 2010).

6In related work, we find that lottery winners have a higher trading intensity of the non-IPO
stocks in their portfolio than lottery losers, and tend to tilt their portfolios in the direction of the



1. Introduction

also find little evidence to suggest that wealth effects, capital gains taxes, information
acquisition costs, or other alternative explanations can explain our results.

We do find that the divergence in holdings attenuates substantially for the
most experienced traders in our setting, as in List (2003). For each investor,
we observe the number of IPOs they have previously been allotted over the past
10 years, a measure of experience which varies from 0 previous experiences up
to 30 previous experiences at the 90" percentile of the distribution. Consistent
with List (2003), we find a strong negative correlation between this experience
measure and the difference in holdings between lottery winners and losers, even after
controlling for many investor and IPO characteristics. However, while List (2003)
finds that endowment effects become negligible amongst his sample of experienced
traders (sports card dealers and very experienced non-dealers), we find substantial
endowment effects even amongst investors who have participated in over 30 IPOs —
on average these highly experienced winners still hold 27 percent of their lottery
allotments at the end of the month of randomly receiving the IPO, while losers
hold 7 percent of the initial allocation.”

Our evidence of an endowment effect even for experienced participants is valuable,
because there are many plausible ways that participants could learn to avoid the
behavior that we observe. Given the large size and overall popularity of the IPO
market in India, investors have ample opportunities to learn from more experienced
peers, as well as from the universe of public sources (e.g., advice on IPO investing
on the many TPO message boards).® Further, participants in our setting can use
information gained through these avenues to plan their behavior in advance to
eliminate endowment-effect behavior. For example, an investor could follow the

simple rule of always selling the IPO allocation immediately after the stock lists,

industry sector in which the TPO stock is situated, suggesting that winning the lottery appears to
reduce the (cognitive) transaction costs associated with making trades (Anagol, Balasubramaniam
and Ramadorai, 2015).

"These results are also interesting in light of Haigh and List (2005), who find that professional
futures traders exhibit greater myopic loss aversion and raise the possibility that market experience
might exacerbate behavioral anomalies. Our evidence rejects the idea that more experienced
market participants exhibit the endowment effect anomaly more strongly.

8See www.chittogarh.com for an example.
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and always choosing not to purchase the IPO if they lose the lottery.? It is also
worth noting that in our setting, participants can learn over a considerable length
of time across multiple IPOs — i.e., given the shorter duration of lab experiments, it
seems less likely that subjects in the lab would explicitly consider the counterfactual
choice had they been allocated a different object. In our setting, a participant
might experience winning the IPO lottery in one case, and losing in the other. It
seems natural that experiencing both the “endowed” and “non-endowed” states
would encourage the agent to demonstrate consistent behavior across the two, and
it is therefore all the more surprising that experienced investors continue to exhibit
divergent behavior based on random assignment of ownership.

We explore potential theoretical underpinnings for the endowment effect that we
detect in our setting, noting that while carefully and cleverly designed laboratory
experiments have been successful in distinguishing theoretical explanations of
endowment effects,!® our field setting (and very likely most field settings) does
not allow for precise conclusions regarding mechanisms. Nevertheless, we check
the extent to which leading theoretical models of the endowment effect generate
additional predictions that are supported by the data.

A leading explanation for the endowment effect is that agents have reference-
dependent preferences, as originally proposed by Kahneman and Tversky (1979).!
Most of the empirical literature has focused on the case of consumption goods,
where specifying the reference point as current ownership can lead to owners
valuing goods more than non-owners. More recently, Kdszegi and Rabin (2006,
2007) propose a broader framework where the referent is the entire distribution
of the agent’s expected outcomes. This formulation makes the prediction that

choices between gambles and certain amounts exhibit an “endowment effect for

9Indeed, 38 percent of investors do follow this path, and (evaluated ex-post) benefit from it,
as on average, cumulative returns on the IPOs in the sample, measured relative to the issue price,
are -54% over the 12 months following the TPO.

108ee, for example, (Engelmann and Hollard, 2010; Ericson and Fuster, 2014; Weaver and
Frederick, 2012; Goette, Harms and Sprenger, 2014; Heffetz and List, 2014; Sprenger, 2015; Song,
2015).

See Pope and Schweitzer (2011) for field evidence on reference-dependent preferences, and
Pope and Sydnor (2016) for a recent review of field evidence on behavioral anomalies more broadly.



1. Introduction

risk,” that is, decision-makers endowed with a risky lottery will be less risk-averse
regarding the lottery than decision-makers that are endowed with a certain amount,
and considering the same risky lottery.'? New lab work finds significant evidence
for this effect (Sprenger, 2015).

Motivated by this literature, we develop two models which apply expectations-
based reference-dependent preferences to our setting. The first of the two models
in this class is the Sprenger (2015) “endowment effect for risk” model, in which
agents evaluate the comparison between the IPO stock (which we treat as a risky
gamble in the model) and cash. The second model in this class more closely matches
features of our real-world experimental environment — agents in this augmented
model evaluate both the initial risky gamble of the lottery assignment of the IPO,
as well as the subsequent comparison between the IPO stock and cash. In both
models, we find the range of parameter values (for the extent of loss aversion, the
expected return on the stock, and in the second model, the expected probability of
winning the TPO lottery) for which the same agent would choose to hold the stock
if they won the lottery, but not purchase the stock if they lost the lottery.'?

We find that both models that employ expectations-based reference-dependent
preferences are able to deliver the endowment effect plan as a personal equilibrium
(PE) within plausible parameter ranges. In both models, the endowment effect PE
requires that agents expect medium-size returns on the risky gamble. These medium-
size return expectations are achievable through a combination of beliefs about skewed
payoffs on the lottery and beliefs about the likelihood of experiencing gains versus
losses. Put differently, medium-size return expectations can be delivered either

through small probabilities of large gains or through large probabilities of small gains.

12pyt differently, agents endowed with a gamble and given the choice of a certain amount in
the gamble’s outcome support are predicted to exhibit near-risk-neutrality, while those endowed
with the certain amount are predicted to exhibit risk-aversion when given the choice of taking the
gamble.

13In the language of K&szegi and Rabin (2006), we find the range of parameter values where we
would observe an endowment effect in our experiment because agents are playing their “personal
equilibrium” (PE) strategies. In several cases, we also consider whether the plan generates the
highest expected utility of all possible PE plans, i.e., whether it is a “preferred personal equilibrium”
or PPE.
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In the augmented model which includes the initial risky gamble of the lottery
assignment of the IPO, we also find that low anticipated probabilities of winning
the lottery are more likely to generate the endowment effect. This is because the
agent compares how she feels when she wins the lottery to how she feels when she
loses, and as the probability of winning the lottery becomes higher, this comparison
becomes less and less important because the agent’s reference points are less and less
affected by her expectations of losing the lottery. Consistent with this prediction,
we find in the data that estimated endowment effects do become smaller as the
probability of winning the lottery increases.

Next, we evaluate a different theoretical mechanism, in which the endowment

PANAY

effect is founded on agents’ “aversion to bad deals” as in Weaver and Frederick
(2012). In this model, lottery losers endogenously lower their valuation for the IPO
stock because they often have to purchase it at a price higher than the price at

t.14 The bad deals model predicts large endowment

which lottery winners purchase i
effects if the price lottery losers pay is far higher than the issue price, and small
endowment effects when the trading price is close to the issue price. We find mixed
evidence for this prediction. On the first day of trading, lottery losers almost
never purchase the stock irrespective of the difference between the market price
and the issue price. However, by the end of the first full month of trading, lottery
losers do appear more likely to purchase IPO stocks with smaller gaps between the
current market price and the issue price, particularly in samples of more active
traders. That said, the estimated winner-loser divergence even for these small
listing gain stocks does not go to zero.

Finally, we consider the possibility that the divergence in winner and loser
holdings is an artefact of agents knowing that they are subject to a lottery allocation.
For example, lottery losers might lower their WTP for the IPO stock simply because
they lost the lottery — we dub this the “sour grapes” hypothesis. A few features of

the data suggest that this explanation is not the main driver of our results. First,

Note that a standard expected utility decision maker does not consider the issue price in
choosing whether to purchase the stock as a lottery loser. She will just compare her valuation for
the stock with the market price, and purchase if her valuation is higher.

10
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we find that lottery losers are more, not less, likely to purchase the IPO stock
that they lost in the lottery, when compared to their propensity to purchase a
size-and-industry matched stock.'® Second, under the sour grapes hypothesis, we
might naturally expect that lottery losers would also have a distaste for future
IPO lotteries. We find, however, that losers are only very marginally less likely
than winners to apply for future IPO allocations.'¢

To summarize, we find evidence of an endowment effect for risky gambles in a
major market outside of the laboratory. Even after controlling for IPO market and
trading experience, many market participants act as if they have higher valuations
for a gamble when they are randomly endowed with it. The results are inconsistent
with the basic prediction of expected utility theory that valuations of gambles
should be consistent across ownership versus non-ownership states of the world.
Our evaluation of theoretical models points to reference-dependent utility models
as the leading explanation for our results. For one, investors appear to behave
as if they are averse to paying higher prices than the issue price, suggesting that
they treat this price as a reference price. In addition, we find that the Koszegi
and Rabin (2006, 2007) models are able to rationalize our findings as a personal
equilibrium,'” indicating that our findings may be an “in-the-field” manifestation

of the endowment effect for risk.

5L ottery winners purchase the matched stock at similar rates to the lottery losers, suggesting
that there is nothing in particular that makes lottery losers dislike the matched stock.

16 An analogous explanation in this category is that winners choose to hold the IPO stock
because of some positive emotions associated with winning the lottery. This explanation also does
not seem satisfactory; we find that investors tend to hold the IPO stock for very similar durations
as their most recently purchased (non-IPO) stock. Taken together, these results suggest that our
finding of an endowment effect in this setting is unlikely to be just an artefact of the experimental
setting that we study.

1"We note, as in Sprenger (2015), that the personal equilibrium (PE conditions) are supported
by our results, but not the preferred personal equilibrium (PPE) refinement. We leave these
details to the online appendix.
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Paper 2: The effect of experience on investor behavior

In this joint work with Santosh Anagol and Tarun Ramadorai, we study a
natural experiment to provide precise causal estimates of the effects of experience
on short-term investment behaviour by individuals in stock markets.

As discussed earlier in this chapter, a fundamental challenge confronting empirical
work on experience effects on short-term financial decision-making is the fact that
most investment experiences are determined endogenously by the investor. The
implicit assumption in much of the work relating past investment return experiences
to future outcomes is that investor return experiences can be treated as exogenous
because investors typically cannot predict returns (i.e. return experiences are due
to luck). These studies compare investors who experienced high returns with those
who experience low returns, and argue that future changes in behavior are causally
driven by this variation. The challenge here is that this comparison conflates the
return experience with characteristics of the investor that might cause them to have
different types of return experiences. For example, an investor who makes large
single bets in individual stocks is likely to experience extremely high or low returns,
whereas an investor who mainly trades to re-balance will experience moderate
returns. Naturally, a comparison of investors based on returns will mix both the
effects of the returns as well as whatever characteristics cause some investors to
make large single bets versus others to diversify; while attempts can be made to
control for such investor characteristics, it is difficult to argue that any control
strategy will guarantee clean identification of the experience effects. Our design
allows us to avoid the assumption that past trading profits are exogenous, and
instead utilizes purely randomized variation in experience.

Another challenge confronts work on experience effects on longer-run risk-taking,
namely that it is unobservable whether specific investors were interested in economic
matters, or physically invested in the stock market or other risky assets during
important historical episodes. In this sense, averaging outcomes across all investors
alive during a particular historical event produces a potentially downward-biased

measure of experience treatment effects.
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The ideal research design in this case would be to find a setting in which
investment experiences are randomly assigned to investors, and then track how this
random assignment of experience affects future behavior. In this kind of design, we
can be sure that the investment experience is orthogonal to the investor’s preferences
and beliefs. Further, this kind of design is a particularly sharp test because there is
no reason that investor’s should rationally learn from a randomized experiences.
This paper introduces a new research design for estimating the causal relationship
between investor experiences and future behavior. We exploit the fact that (owing
to excess demand) shares in initial public offerings (IPOs) are often allocated to
retail investors using randomized lotteries. By comparing allocated versus non-
allocated applicants, we can identify the causal effect of how the experience of
IPO initial returns (which are often high, and vary substantially across IPOs)
changes future investment behavior.

We apply this research design to India, where we have data from 54 different
IPOs in which 1.5 million retail investor accounts experienced randomized allocation
in lotteries between 2007 and 2012. For all 469,288 treatment and 1,093,422 control
accounts, we are able to track the details of investment in their equity portfolios on a
monthly basis both prior to and following treatment. Given the large number of IPO
experiments that we observe, we also have substantial power to test how different
types of return experiences affect investors. Moreover, we are able to estimate
heterogenous treatment effects, i.e., estimate how investors’ responses to experience
vary with investor characteristics such as the size of the pre-existing portfolio of the
investor and the “age in the market” of the investor. To our knowledge, this is the
first paper to estimate the causal effect of return experiences using the randomized
allotment of real securities to particular investors.!® Regarding external validity,

we show that the distribution of account values and trading experience of our IPO

8While our specific data and analysis focus on India, we also note that this research design
could be applied to many countries that use lottery systems to allocate IPO shares, including
Bangladesh, Brazil, China, Germany, Hong Kong, Singapore, Sweden, and Taiwan. In addition,
several brokerages, such as TD Ameritrade, E-Trade and Fidelity in the United States, allocate
shares to individual investors using random assignment or cut-off rules in trading activity or
portfolio values; our methodology could also be applied to data from such individual brokerages.
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lottery applicants are similar to these distributions in the full sample of Indian
investors, and also similar to individual investors in the United States (suitably
adjusted for GDP per capita differences).

We begin our analysis by testing whether investors that are randomly allotted
shares are more likely to apply for future IPOs. Our results confirm previous non-
experimental results that personal experience in the IPO market appears to lead to
reinforcement learning (see Kaustia and Knitipfer, 2008; Chiang et al., 2011). We find
that conditional on applying for an IPO, investors who “win the IPO lottery,” i.e.,
those that are randomly allocated IPO shares with positive returns, are significantly
more likely to apply for future IPOs, and investors randomly allocated IPOs with
negative returns are significantly less likely to apply for future IPOs.

We next test whether investors’ randomized IPO return experiences cause
substantially different trading decisions in their non-IPO portfolios. As we explain
more fully below, we believe this analysis best exploits our experimental design.
We find that the exogenous shock of receiving a gain in an IPO security strongly
increases treated investors’ propensity to trade stocks, exacerbates the disposition
effect, and causes small but precisely estimated increases in the fraction of the
investor’s portfolio that is invested in the industry sector of the treatment IPO
stock. We also find that there is a small but significant increase in the total number
of stocks held by investors experiencing IPO lottery wins.!®

Treatment effects are not homogenous across investors or experiences. Treatment
effects inherit the sign of the first-day IPO return, meaning that they are generally
negative for negative treatment returns. If our results were simply explained by
investors rebalancing towards optimal portfolios, losses experienced on IPOs with
initial negative returns should also increase trading volume as simple predictions
on rebalancing are symmetric across loss and gain domains. We find, instead,
that negative treatment returns lead to statistically insignificant, though negatively
signed changes in investor trading volume. Moreover, our results on disposition

and familiarity are inconsistent with such optimizing behavior.

19 A1l these results are estimated removing the direct allocation of the IPO stock that treatment
accounts have because they were “winners” of the lottery.
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Treatment effects also appear stronger for more extreme positive treatments,
i.e., IPOs with extremely high returns. Treatment effects are also larger for IPOs
with less initial variability in returns, and for IPOs raising a large amount of capital,
suggesting that there are important roles for the perception of risk in experiences,
as well as for the salience of experiences.

We can also rule out that wealth effects are the main driver of our results. First,
the value of the gain IPO winners get is small relative to the fact that investors
must put US$ 1,750 in an escrow account to participate in the IPO in the first
place. This fact makes it unlikely that winning the IPO lottery is somehow relieving
a wealth constraint that causes a change in behavior across lottery winners and
losers. Second, while the effects of experience appear to be stronger for smaller
accounts, we find that even for investors with average portfolio sizes in excess of
US$ 10,000, small gains in TPO lotteries (averaging roughly US$ 70) continue to
produce economically and statistically significant effects on a range of outcome
variables. These results also suggest that these experience effects exert a powerful
influence on investor behavior even on sophisticated investors.?’

Finally, we find that treatment effects remain significant for investors of all
account ages — they are substantially greater for rookies in the market, but continue
to exist for those with substantially longer exposure to the stock market. These
patterns are interesting in light of prior work on the relationship between experience
and market anomalies (as in List, 2004).

Overall, we view our results as important for the development of both behavioral
and rational theories of investor behavior. Many previous behavioral models assume
that investors narrowly frame stocks separately when evaluating performance,
and in this sense ignore the potential for cross-security effects within investor
portfolios (see, for example, Barberis et al., 2006). For example, current models
of “realization utility,” the idea that investors receive utility jolts at the time of
selling an investment, generally assume that utility is defined at the asset level

and generally ignore the possibility that there may be cross-asset realization utility

20Wealth is generally considered to be highly correlated with sophistication in work on household
finance (see, for example, Campbell, 2006).
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effects (see Barberis and Xiong, 2012; Frydman et al., 2014). However, it seems
plausible that realizing a gain in one stock might make an investor more willing to
realize a loss in another because utility jolts are bracketed together. Our findings
suggest that experiences arising from one stock in a portfolio has a causal effect
on decisions regarding other securities, or put differently, we find that there can
be contagion effects even within an investor’s portfolio.

On the other hand, it is difficult to square our results with fully rational theories of
economic decision-making, as it is difficult to explain them using mechanisms such as
wealth effects or rational portfolio rebalancing.Much like the related literature in this
field that uses non-experimental variation for identification, we find strong evidence
consistent with reinforcement learning behavior by investors in financial markets.
Howevar, a fundamental difference between our setting and this previous work on
investor learning is that, because the experiences we study are randomized, there is
no reason that the randomized return experience should cause the lottery winners
in our setting to update their beliefs. Previously detected learning effects likely
both include learning about the investor’s ability as well as the exogenous shocks
in performance (Barber (2010), Linnainmaa (2010), Gervais and Odean (2001),
Nicolosi (2009)). In this sense, learning the specifically randomized experiences we
can observe in our setting is a particularly interesting null hypothesis.

Finally, our results are also related to the recent literature (see, for example,
Parker et al., 2011; Agarwal et al., 2007; Bertrand and Morse, 2013) which uses
micro-data to study the consumption response to unanticipated income shocks.
Most of these studies harness the power of experimental or quasi-experimental
variation to reject the predictions of the rational expectations life-cycle/permanent
income hypothesis. Our results are similar in approach, and complement this
literature by showing that there are good reasons to believe that shifts in beliefs
and preferences caused by exogenous variation in gains and losses have effects on
investment (and not just consumption) behavior.

Paper 3: The effect of subjective life expectancy on financial decisions
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Standard economic models work under the premise that an agent with stable
risk preferences and rational expectations is an apt characterization of the real
world. Recent evidence challenges this premise by documenting that personal
experiences affect economic decisions (Malmendier and Nagel, 2011). However, little
is known about the channels through which experiences affect economic decisions.
Experiences may affect economic decisions by influencing risk attitudes, or by
altering beliefs and expectations of future events. In this paper, I identify deviations
in subjective life expectancy from objective life table probabilities (henceforth
known as mortality deviations) as one of the channels for experiences to affect
an individual’s financial portfolio choice.?!

I document the causal effect of natural disasters and mass shootings on mortality
deviations by using county-level variation in disaster declarations from the Federal
Emergency Management Agency (FEMA) and incidents of mass shootings from
the Stanford Mass Shootings Database (SMD). After controlling for economic,
demographic and spatial differences in life expectancy, I find that individuals
exposed to these experience shocks are significantly more pessimistic about their
life expectancy. My findings show that exposure to a natural disaster reduces
subjective life expectancy by 1.3 percentage points (pp). In terms of economic
significance, these revisions in expectations are at least five times larger than
rational revisions according to Bayes’ rule and about 10 percent of the unconditional
average in-sample mortality deviations.

To assess the robustness of this relationship between experiences and expec-
tations, I estimate the impact of mass shootings and find that exposure to mass
shootings reduces subjective life expectancy by 2.2 pp. In addition, I find that the
disaster effects on individuals residing in neighboring counties to disaster affected
regions are equally strong. They are more than two-thirds of the impact on those
residing in disaster-affected regions. These results lend further support to the

conclusion that disaster experiences reduce lifespan expectations. Breaking the

2L A simple scatter-plot of mortality deviations against the share of financial assets invested in
stocks and non-government bonds by individuals (Figure B.1a) suggests that investment in risky
assets is positively correlated with lifespan optimism.
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sample into lifespan optimists (individuals with positive mortality deviations) and
pessimists (individuals with negative mortality deviations), I also find that lifespan
optimists become less optimistic when they experience natural disasters and lifespan
pessimists do not react at all.

I go on to estimate the impact of natural disasters on the share of financial
investments in equities and non-government bonds (risky assets share) by individuals.
Exposure to a natural disaster decreases the share of risky assets by 1.29 pp,
consistent with evidence in Bharath and Cho (2015). In support of the hypothesis
that disaster effects operate through the subjective life expectancy channel, natural
disasters reduce risky assets share only when there are deviations between subjective
life expectancy and objective life table probabilities. In other words, after controlling
for mortality deviations, natural disasters have no unconditional impact on the share
of risky assets. I find that a disaster experience lowers the risky asset share by about
1 pp for lifespan optimists and does not affect risky asset share for lifespan pessimists.
Extreme optimists with over 420 pp deviation from life table probabilities reduce
their risky asset share by about 30 basis points (bps) more than moderate optimists
(< 20 pp. positive deviations), presenting a step-wise increase in disaster experience
effects. These effects are also persistent — past disaster experiences shape lifespan
expectations and affect current investment decisions.

Taken together, these empirical results suggest that personal experiences affect
lifespan expectations and investment decisions. In particular, lifespan expectations
may be related to risky behavior in at least two ways. First, they potentially alter
the individual’s expected lifespan, i.e., the time horizon for optimization. I refer
to this negative impact on expected lifespan as lifespan pessimism. Second, such
experiences may contribute to being generally pessimistic about a range of future
events, which is known as dispositional pessimism.?? Dispositional pessimism may

affect both lifespan expectations and average return expectations from investing in

22Geveral studies in psychology and medicine use psychometric tests to measure dispositional
pessimism — the tendency to be generally pessimistic about a range of expectations — and show
that it is a significant factor that affects individual decision-making (see, for example, Scheier and
Carver, 1985).
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financial markets, two of the most relevant expectations in the context of individual
economic decision-making.??

To distinguish between lifespan pessimism and dispositional pessimism, I set up a
canonical life-cycle model. In the first model, the agent is a lifespan pessimist whose
expectations in other dimensions are optimal.?* In the second model, the agent
exhibits dispositional pessimism, which I model as positively correlated deviations
in lifespan expectations and expectations about average financial returns.

The canonical model follows Cocco, Gomes and Maenhout (2005) and Love
(2013). I introduce lifespan pessimism by increasing the conditional life table
mortality probability (1 —(¢)) by a factor 7, i.e., (1 —(¢))(1+4 7) where 7 € [0, 1].
For dispositional pessimism, I assume that fraction of 7, i.e., lifespan pessimism,
affects financial return expectations.

Relative to the baseline profile without any bequest motives, a lifespan pessimist
marginally increases her share of investment in risky assets, although the extent
to which she accumulates wealth is lower (and her saving profile is lower). At
reasonably low levels of pessimism (less than 4 percent deviation from rational
expectations) the average increase in risky assets share is marginal at 0.16 pp) and at
very high levels (over 50 percent deviation from rational expectations) about 1.28pp
before retirement. After retirement, the corresponding averages are marginally
higher at lower magnitudes of pessimism (at 0.56 pp) and much higher at higher
magnitudes of pessimism at 7.86 pp. This relationship between lifespan pessimism
and risky behavior is governed by the changes to the discount rate. As the discount
rate increases, wealth accumulation decreases and the expected value of future

income decreases. This lowers the wealth to present value of all future income ratio

23For a subset of respondents where I measure both mortality deviations and financial return
expectations in the Health and Retirement Study (HRS). I show that financial return expectations
are positively correlated with lifespan expectations, suggesting that dispositional pessimism is
indeed a plausible mechanism. This is also in line with Puri and Robinson (2007), who show that
respondents in the Survey of Consumer Finances who think economic conditions will stay the
same or deteriorate are more pessimistic about the age at which they expect to die than those
who think that economic conditions will improve.

24Recent work by Heimer, Myrseth and Schoenle (2016) has shown the importance of this
mechanism for savings and consumption decisions. By calibrating a canonical life-cycle model
with subjective life expectancy, Heimer, Myrseth and Schoenle (2016) show that the young under
save and retirees draw down their assets more slowly.
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and increase the agent’s share of investments in risky assets.?> Holding fixed risk
attitudes, changes in risky behavior due to pure lifespan pessimism is small.

Relative to the baseline profile without any bequest motive, a lifetime disposi-
tional pessimist (where the agent is both a lifespan pessimist and a financial returns
pessimist) reduces her share of investment in risky assets throughout her lifetime,
although she converges to the baseline level of exposure by the end of her lifetime.
This mechanism is more consistent with the empirical findings.

In the presence of a bequest motive, the strength of pure lifespan pessimism
is weakened towards the end of an agent’s life. Without a bequest motive, an
extreme lifespan pessimist (with more than 50 percent deviation from objective
life table expectations) increases her risky share by 8.32 pp, whereas with bequest
motives, the average increase after retirement is a modest 1.33 pp. Changes in the
average effects on risky asset share before retirement move in the same direction
although the magnitude of adjustment is not significantly lower. Reasonably
strong bequest motive offsets responses to pure lifespan pessimism after retirement.
However, the effects of dispositional pessimism are stronger in the presence of
bequest motives. An extreme dispositional pessimist under-invests in risky assets
by 22.17 pp after retirement in the presence of bequest motives, an addition of 4
pp to the underinvestment without a bequest motive. With bequests, the positive
effect of pure lifespan pessimism on risky asset share is dampened and reduction
in investments into risky assets through the dispositional pessimism channel is
exacerbated, lending further support to dispositional pessimism as the underlying
mechanism to the observed empirical findings.

This paper connects to several strands of literature. The literature on experience
effects as in Anagol, Balasubramaniam and Ramadorai (2015); Giuliano and
Spilimbergo (2014); Malmendier and Nagel (2011); Choi, Laibson, Madrian and
Metrick (2009); Kaustia and Kniipfer (2008) and Malmendier and Tate (2005),

question standard models in economics with stable risk preferences and expectations

25However, an assumption that the impact of pessimism is before savings have adjusted implies
that a higher discount rate only lowers the expected value of future labour income. This increases
the wealth to income ratio, thereby marginally reducing the share of risky assets.
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that are unaltered by experiences. This paper provides evidence of the expectations
channel through which experiences affect economic decisions. Studies such as
Puri and Robinson (2007) show that optimism affects economic choices including
financial decisions. This paper provides evidence on the mechanisms through which
such expectations affect financial decisions.

Additionally, this work relates to the long-standing literature on survival
beliefs as explored most recently by Heimer, Myrseth and Schoenle (2016) and by
Rappange, Brouwer and Exel (2015); Jarnebrant and Myrseth (2013); Gan, Hurd
and McFadden (2005); Hurd and McGarry (2002); Smith, Taylor and Sloan (2001);
Hurd and McGarry (1993); Hamermesh (1985). I show that mortality beliefs are also
affected by personal experiences and estimate how such experiences contribute to
expectation errors. Finally, this work contributes to the growing corpus of knowledge
on household financial behavior, valuation expectations, and the optimality of
such expectations (Anagol, Balasubramaniam and Ramadorai, 2016; Barberis,
Greenwood, Jin and Shleifer, 2015; Campbell, 2006; Brunnermeier and Parker, 2005).

The remainder of the thesis is organised as follows. Chapter 2 presents an
extensive literature review spanning the three topics above. Chapter 3, Chapter
4 and Chapter 5 correspond to my first paper titled, (Endowment Effects in the
Field: Evidence from India’s IPOs), second titled, (The Effect of Experience on
Investor Behaviour: Evidence from India’s IPOs) and third titled, (The Effect
of Subjective Life Expectancy on Financial Decisions) respectively. Chapter 6
concludes highlighting the general implications of this three-paper dissertation

and directions for future work.
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2 Literature Review

The study of household finances has grown rapidly in recent years. The body of work
over the past decade has documented financial mistakes — measured as household
behaviour that deviates from prescribed action from standard finance theory in
ways that are difficult to rationalise. Behavioural finance theory has provided the
tools to assess the nature of belief formation, reference-dependent preferences and
household decision-making while abandoning the assumption of revealed preferences.
The three papers in this dissertation add to the literature by providing precisely-
estimated causal relationship between individual experiences and their financial

decision making.

1 Overview of the Household Finance Literature

The study of household finances has grown rapidly in recent years. The body of work
over the past decade has documented financial mistakes — measured as household
behaviour that deviates from prescribed action from standard finance theory in
ways that are difficult to rationalise (see, for example Andersen, Campbell, Nielsen
and Ramadorai, 2015; Calvet, Campbell and Sodini, 2009; Choi, Laibson, Madrian
and Metrick, 2009; Odean, 1998). Another strand of work in the field of household
finance has studied household characteristics most correlated with financial mistakes,
and of the financial systems in which households operate that either mitigate or
exacerbate poor financial decisions (see, for example Demirgiig-Kunt, Klapper,
Singer and Van Oudheusden, 2015; Guiso, Haliassos and Jappelli, 2002).
Studying household financial behaviour is difficult as well-identified empirical
estimates of financial mistakes require high quality data and natural settings
that enable a precise measurement of the effects of interest. However, such
precise studies are increasingly possible across the world due to availability of

high quality administrative data from various countries that have well-identified
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natural experiments that allow for precise empirical estimates. For example, Giglio,
Maggiori and Stroebel (2014) use high quality administrative data from the UK and
Singapore to study discount rates for real estate over very long horizons. Similarly,
Campbell, Ramadorai and Ranish (2015) use a unique large-scale, representative
administrative data on mortgage loans to study discrete regulatory changes in India
and trace its effects on risky mortgage lending. In the next three sub-sections,
I summarise the extant state of household balance sheets across the world, and
what is known in the literature about household financial decisions, after which, I
turn to discussing the findings known thus far in the three focus areas of the

papers in this dissertation.

1.1 Participation

The question of how households use financial markets can be assessed in two stages:
participation or the extensive margin and allocation or the intensive margin. In
this section I discuss the findings in the literature on questions of participation
and in the next, about allocation.

Table 1 in Badarinza, Campbell and Ramadorai (2016a) report participation
rates in particular assets and liabilities for 13 developed countries!', and Figure 3 in
Badarinza, Balasubramaniam and Ramadorai (2016b) present participation rates
additionally for two large developing economies, India and China. Participation
rates in financial markets, in general, are very high. In all but one of the 13
developed economies, over 90% of households report holding some financial assets.?
However, 70% of Indian and Chinese households report holding some financial
assets (Badarinza, Balasubramaniam and Ramadorai, 2016b) — a fraction much
lower than the developed countries.

Within financial assets, households in developed countries participate the highest
in bank deposits and transaction accounts. In this light, Demirgii¢-Kunt, Klapper,

Singer and Van Oudheusden (2015) use survey data from 148 countries around the

!The countries are Australia, Canada, Germany, Greece, Finland, France, Italy, Netherlands,
Solvakia, Spain, United Kingdom and the United States.

2As reported in Badarinza, Campbell and Ramadorai (2016a), in Greece, only 74% of
households report holding any type of financial asset.
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world and show that 50% of adults worldwide have a bank account at a formal
financial institution although the peneteration rates vary by level of economic
develoment and across income groups within countries. A large fraction of financial
asset participation in developing countries are in transaction accounts and are
often not used for other purposes.

In all of the developed countries reported in Badarinza, Campbell and Ramadorai
(2016a), the second most important asset participation rate is for retirement assets
held in defined-contribution pension plans. At the same time, the largest difference
between India, China and the developed countries in the sample reported by
Badarinza, Balasubramaniam and Ramadorai (2016b) is the lack of formal pension
plans participation.

Other than bank deposits and transaction accounts, in many countries, house-
holds tend to participate in stock markets through directly held stocks rather
than through mutual funds. Despite the fact that individual investors tend to
underperform institutions in stock markets (Ramadorai, 2010), households tend
to participate directly in stock markets than through financial intermediaries. In
countries like India, over 90% of household investment in stock markets are through
direct market participation.

Economic theory posits that households stand to gain with at least some exposure
to risky assets, regardless of how risk averse they tend to be. However, evidence
on the ground suggests that households are constrained by factors that go beyond
those incorporated in conventional models of household decision making.

A wide variety of factors such as trust (Guiso, Sapienza and Zingales, 2008, 2004),
transaction costs (Attanasio and Paiella, 2011) and financial knowledge (Van Rooij,
Lusardi and Alessie, 2011) influence participation decisions. By asking five simple
financial literacy questions® in different surveys across the world, Van Rooij, Lusardi

and Alessie (2011) show that nearly a quarter of households do not understand

3The five questions test the respondent’s understanding of basic numeracy (basic multipli-
cation), interest compounding, inflation, time value of money (differentiating a friend receiving
10,000 dollars today and 3 years from now), and money illusion (raise in nominal income and
inflation).
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compounding of interest rates, and the time value of money. However, they also
show that literacy does have an effect on stock market participation. Similarly,
Guiso, Sapienza and Zingales (2008) show that less trusting individuals are less
likely to buy stock and, conditional on buying a stock, they buy less than they
ought to. Additionally, they provide evidence consistent with lack of trust being an

important factor in explaining the limited household participation in stock markets.

1.2 Allocation

Table 2 in Badarinza, Campbell and Ramadorai (2016a) report the magnitude and
composition of assets and liabilities in specific assets and liabilities for 13 developed
countries?, and Figure 4 in Badarinza, Balasubramaniam and Ramadorai (2016b)
present portfolio allocation patterns additionally for two large developing economies,
India and China.® In Australia, Canada, the United Kingdom, to some extent the
United States, and in the Netherlands, retirement assets have a relatively higher
allocation of gross total assets. In southern Europe (Greece, Spain and Italy),
housing forms the largest fraction of asset value in the household portfolio and
have relatively lower participation rates in financial markets. Similarly, Indian and
Chinese households have high fraction of their wealth in real estate and housing and
negligible fraction of wealth in financial assets. A substantial fraction of financial
assets for Indian and Chinese households are also in deposit and transaction accounts.
To a large extent, households hold financial assets primarily in deposit and trans-
action accounts. While it is rational for liquidity-constrianed households with low
levels of buffer-stock savings to keep their assets in deposit and transaction accounts,
extreme cases such as Germany where the mean asset share in such instruments are
about 30% does not square with rational models of household behaviour.
Allocation of financial assets to mutual funds, bonds, and listed stocks comprise

a small fraction of household portfolios. A sizeable equity premium from investing in

4The countries are Australia, Canada, Germany, Greece, Finland, France, Italy, Netherlands,
Solvakia, Spain, United Kingdom and the United States.

5Portfolio allocation is determined as the average share of each asset category, relative to
gross total assets. This is done by equally-weighting rather than through wealth-weighting
household-level portfolio shares to better represent the portfolio of a typical household.
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stock markets theoretically imply that investing in stocks is rational for households
as it improves consumption welfare outcomes.

Lastly, non-financial holdings such as vehicles and consumer durables, real
estate and housing form a disproportionately high fraction of wealth amongst
households. In India, other non-financial assets such as investments in gold form
a disproportionately high fraction of gross total assets. Theortetical work by
Badarinza (2011) has attempted to rationalize this allocation decision studying
collateralized debt and social externalities. To the extent durable goods have
a triple role — providing direct utility in holding them, be a social positioning
device and be collateralizable — households hold more durable assets than in
a canonical framework.%

The magnitude and composition of financial assets, especially within the space
of equities and bond instruments are affected by various factors. The literature
on individual equity portfolio choice suggests that households are under-diversified
severely (see, for example Calvet, Campbell and Sodini, 2007). Recent work on
the role of information in individual portfolio choice suggests that investors who
can collect information systematically deviate from holding a diversified portfolio
(Van Nieuwerburgh and Veldkamp, 2010; Biais, Bossaerts and Spatt, 2009; Banerjee,
2011; Maenhout, 2004). However, the systematic under-diversification observed
among individuals across the world also suggests that individuals are biased towards
stocks they are familiar with within the equity portfolio (Seasholes and Zhu, 2010;
Ivkovié and Weisbenner, 2005). Similarly, salient events such as corporate scandals
also affect household participation and allocation decisions in equities (Giannetti

and Wang, 2016).

6The literature summarized here primarily focus on questions on the choices made by households
over financial and non-financial assets. Liabilities, the other side of the household balance
sheet, also form a major segment of this literature. For more details on household choices over
liabilities, especially mortgages, see Badarinza, Campbell and Ramadorai (2016a); Badarinza,
Balasubramaniam and Ramadorai (2016b); Andersen, Campbell, Nielsen and Ramadorai (2015);
Lusardi and Tufano (2009).

31



1. Owverview of the Household Finance Literature

1.3 What drives Household Financial Decisions?

The primary response in the literature to the simple fact that the actual household
decisions cannot be reconciled with standard models in finance is to consider
behavioural models of preferences that incorporate stylised phenomena such as loss
aversion (Tversky and Kahneman, 1991) , mental accounting (Thaler, 1999), recall
bias (Stango and Zinman, 2009) and salience (Bordalo, Gennaioli and Shleifer, 2012).

In this approach, the actual behaviour of households are modeled by abandoning
the framework of revealed preference and modeling the precise cognitive processes
used by households to organize, evaluate and manage their finances. The literature
has grown to consider the lessons drawn from behavioural finance theory and
compare it to results from standard finance theory to consider how households can
be educated to make better and more rational decisions (Campbell, 2006).

Different strands of behavioural finance theory has come to aid in understanding
household financial behaviour. For instance, empirical work that support the seminal
theoretical work by Tversky and Kahneman (1991) show that households exhibit
loss-averse preferences (see, for example Genesove, Mayer et al., 2001; Barberis
and Thaler, 2003; Haigh and List, 2005). However, loss averse preferences cannot
explain many of the observed facts about household behaviour. As summarized in
Thaler (1999) and others since, mental accounting has been a powerful explanation
to observed behavioural differences especially with observed assignment of activities
to specific financial accounts by households. Similarly, Stango and Zinman (2009)
show that households tend to have an “exponential growth bias”, that is, the
tendency to linearize exponential functions when assessing them, and this explains
two stylized facts in household finance: “the tendency to underestimate an interest
rate given other loan terms, and the tendency to underestimate the future value
given other investment terms”. In terms of its economic significance, Stango and
Zinman (2009) show that more biased households tend to borrow more, save less
and favour shorter term loan contracts.

Introducing a new theoretical framework, Bordalo, Gennaioli and Shleifer (2012)

present a theory of choice whereby agents make decisions based on the attention
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drawn to well-defined salient payoffs. Modelling expectations for agents, they
present a context-dependent representation of various choices that individuals face
and are able to account for a variety of empirically observed phenomena such as
frequent risk-seeking behaviour, and reversals in preferences.

To a large extent, behavioural finance theory has provided the theoretical tools
to understand and model financial behaviour. However, a key aspect of the literature
has been to ask whether such less-welfare producing behaviour amongst households
can be un-learned through more experience with markets, and or education.

The literature on learning by doing, that is, through greater experience in
markets is mixed. Based on empirical evidence in the literature till 2012, Koestner,
Meyer and Hackethal (n.d.) show that investment performance improves as investors
gain experience, but only on some dimensions. They show that underdiversification
and the disposition effect (the tendency to hold on to stocks that lose value more
than those that have gained in value) do not decline as investors gain experience.
However, they show that investment experience is correlated with less portfolio
turnover (they reduce the extent of active trading) and conclude that over-confident
investors reduce their extent of overconfidence. More recently, Campbell, Ramadorai
and Ranish (2014) shows that equity investors respond to investment experience
positively. They show that years of investment experience and feedback from
investment returns have significant effects on performance, favoured stock styles and
investment behaviour. Further, Campbell, Ramadorai and Ranish (2014) identify
two channels of feedback through which investors learn: performance relative to
the market and the experienced returns to investor behaviour.

Research in household finance so far has shown that households with certain
characteristics make better financial decisions than others, and that poor decisions
can have important consequences for household welfare. Further, there is some
evidence that households learn from their past mistakes, although that may not
necessarily be true about certain class of mistakes that are systematic and entrenched.
The three papers in this dissertation contribute to this literature in a few ways. They

contribute to a growing body of work that seek to precisely estimate the magnitude
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of mistakes made by households in different dimensions. They document the effect
of sharply identified exogenous experiences — one of the main sources of departure
from rational canonical models — on investment decisions. Finally, they add to the
growing body of knowledge on behavioural traits of individuals that are systematic
but absent in standard canonical normative frameworks that assess economic welfare.

The extant literature for each of the papers, more specifically, are sufficiently
distinct from one another. The following three sections summarize what is known

about each of the areas explored by them.

2 Paper I: Endowment Effects

In his seminal paper, “Toward a positive theory of consumer choice”, Thaler (1980)
argued that in specific well defined conditions, consumers act in a manner that is
inconsistent with economy theory and coined the phrase, “endowment effect”. This
effect describes the reluctance of people to part from assets that belong to their
endowments. Kahneman and Tversky (1984) describe the effect as the following:
“When it is more painful to give up an asset than it is pleasurable to obtain it, buying
prices will be significantly lower than selling prices. That is, the highest price that an
individual will pay to acquire an asset will be smaller than the minimal compensation
that would induce the same individual to give up that asset, once acquired.”
Numerous laboratory studies have documented evidence that point to the
endowment effect (see, for example, early works of Knetsch and Sinden, 1984;
Knetsch, 1989; Kahneman, Knetsch and Thaler, 1990; Franciosi, Kujal, Michelitsch,
Smith and Deng, 1996). These lab findings of an “endowment effect” questions the
fundamental neoclassical assumption that preferences and beliefs are independent
of ownership, and augur important implications for a wide variety of field contexts.
A typical experiment in the literature to identify the endowment effect involves
a set up with a random allocation design with two treatments. In one treatment,
the participant is endowed with a mug, and has the option to trade it for a pen.
In a second treatment, a different participant is endowed with a pen and has to

option to trade it for a mug. All participants are typically allocated one of the two
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treatments randomly. Should the “endowment effect” exist, fewer than 50 percent
of the subjects will swap their endowment for the other good. In another version
of the experiment, only one half of the participants are endowed with a good, and
then their valuation of the good is elicited. In this paradigm, if people tend to pay
more to retain something they own than to obtain something they do not, then it
is said that there is a “WTA-WTP” gap, echoing the endowment effect.

Knetsch (1989) shows evidence in favour of the endowment effect (89% of those
originally endowed choose not to trade it for the other good). List (2011) takes
this laboratory experiment to a real well-functioning market, the sportscard market
and presents evidence of the endowment effect, but also suggests that such an
anomaly disappears after repeated interactions in the market. In other words, List
(2011) suggests that market anomalies such as the endowment effect disappears
once participants repeatedly interact in a real-world marketplace.

However, significant challenges confront this literature. Plott and Zeiler (2005)
conduct experiments to explore whether “subject misconceptions”, as opposed
to the a theory of preferences as underlying the phenomena of the “endowment
effect” may account for the differences between willingness to pay (“WTP”) and the
willingness to accept (“WTA”). In their work, Plott and Zeiler (2005, 2007) show
that laboratory features may spuriously produce differences between WTA and
WTP that may be interpretted as an endowment effect. They identify four specific
features that the measurement of the endowment effect may particularly be sensitive
to: (1) the endowed object is placed physically in front of the subject — therefore
those endowed may gain more information about the endowed versus non-endowed
object, (2) the endowed object is called or interpretted as a gift, (3) the procedure
measuring the WTA-WTP gap may not be properly incentivized, and (4) the subject
is not guaranteed anonymity when making choices. Using this, Plott and Zeiler
(2007) argue that the endowment effect can also be explained by classical preference
theories (as opposed to Prospect theory as in Kahneman and Tversky (1979)).

Recent models of reference-dependent preferences as in Készegi and Rabin (2006)

suggest that expectations play a prominent role in the presence of the endowment
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effect. Taking this further, Sprenger (2015) shows that there is an endowment
effect for risky gambles and demonstrates that participants display a high degree of
risk aversion when choosing between fixed amounts and changing gambles. In his
risk-preference experiment, Sprenger (2015) asks half of the participants a series
of certainty-equivalents for given gambles. The other half were asked a series of
probability equivalents for given certain amounts where for all decisions, the certain
amount was fixed while the gamble probabilities were changed. In this setting,
Sprenger (2015) finds that both between and within participants, risk-neutrality is
obtained in the certainty equivalents data while a significant risk aversion is obtained
in probability equivalents. This important addition to the theoretical and laboratory
literature has little evidence in real-world marketplaces where individuals value
assets that have risky-payoffs. This paper in the dissertation provides estimates
of the endowment effect in a large stakes, real-life market place wherein investors

value a risky asset, i.e., an endowed stock, against a risk-free asset, cash.

3 Paper II: Experience Effects

Although the psychology literature argues that personal experiences (in particular,
recent ones) exert greater influence on personal decisions, traditional models in
economics do not allow for such a possibility (Nisbett and Ross, 1980; Weber,
Bockenholt, Hilton and Wallace, 1993; Hertwig, Barron, Weber and Erev, 2004).
To a large extent, standard models are primarily based on the premise that
individuals digest all available past information sets while forming beliefs about
future risky outcomes. In their seminal work titled, “Depression Babies: Do
Macroeconomic Experiences Affect Risk Taking?”, Malmendier and Nagel (2011)
show that individuals who experienced low stock-market returns throughout their
lives are less willing to take risk in the future, and are less likely to participate in

the stock market and are more pessimistic about the expected future returns.”

"To a large extent, experience effects pertain directly to beliefs that require normative research
to step away from assuming rational-expectations in modelling human behaviour. For a recent
theoretical exposition on experience effects, see Malmendier, Pouzo and Vanasco (2016).
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A large literature relates investors’ experienced asset returns to future investment
behaviour. In one of the first analysis of this nature, Thaler and Johnson (1990) ask
whether risk-taking is affected by prior gains and losses. They present laboratory
experiments that show increased risk seeking in the presence of a prior gain and the
desire to “break-even” in the presence of prior losses, suggesting that individuals are
influenced by prior outcomes. In a more recent study, Gamble and Johnson (2014),
present empirical evidence that investors who experience big losses and remain
in the market increase their portfolio risk following losses. Andersen, Hanspal
and Nielsen (2014) study how personal experiences affect risk taking by studying
whether individuals choose to keep or rebalance unexpected inheritances of risky
assets in the aftermath of bank defaults during the financial crisis of 2008. They find
that personal, first-hand experiences on risk taking is strongly negative whereas the
effects are less pronounced when close family members experience such losses and
are marginally negative when those living in municipalities where banks defaulted
have a negative personal experience. This suggests a specific structure to the
degree of importance ascribed to experiences surrounding individuals in its role
on future investment behaviour.

Other works on risk-taking and personal experiences include macroeconomic
shocks due to the great financial crisis of 2008 (Guiso, Sapienza and Zingales, 2013;
Kniipfer, Rantapuska and Sarviméki, 2014), corporate fraud experiences (Giannetti
and Wang, 2016), personal experiences in the stock market (Kaustia and Kniipfer,
2008; Chiang, Hirshleifer, Qian and Sherman, 2011; Choi, Laibson, Madrian and
Metrick, 2009). All these works point to a growingly well established fact that past
experiences affect future investment behaviour in financial markets.

More broadly, individual investors in financial markets are typically “mis-behaved”
(to borrow from Thaler’s book on behavioural finance), in that they do not adhere to
standard decisions that are well supported by textbook models of investor behaviour
and hence do not perform well. A handbook survey chapter by Barber and Odean
(2013) summarizes the extant state of the literature on individual investors in

financial markets and broadly point to a few important insights from the literature.
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Many individual investors hold under-diversified portfolios. This is true of
investors across the world — for a recent exposition, see Campbell, Ramadorai and
Ranish (2014). These under-diversified investors also “trade actively, speculatively,
to their deriment” (Barber and Odean, 2013). As a group, individual investors
make systematic buy and selling decisions that are different from other investor
types in the stock market, and hold concentrated stock portfolios. A large part
of the poor performance can be traced to transaction costs, although individual
investors lose money on their trades even before accounting for such costs.

The extent of evidence about individuals learning from the past is mixed.
Several studies suggest that individual investors may repeat behaviours that lead
to positive outcomes and avoid those that coincide with negative outcomes. For
instance, Choi, Laibson, Madrian and Metrick (2009) show that investors overweight
personal experiences with savings decisions and those whose 401(k) accounts in the
United States experienced good returns or have had lesser volatility in performance
increase their saving rates. Similarly, Strahilevitz, Odean and Barber (2011) find
that investors purchase stocks that were previously sold at a profit than those
that were sold at a loss.

Broadly, the literature has documented well that investors trade frequently, have
perverse stock selection choices, incur high investment costs and avoidable return
losses. Furthermore, they exhibit the disposition effect, that is to hold on to loser
stocks more than the winners — thus generating higher tax liabilities. The evidence
on the performance of such investors is resoundingly against such practice and
point to a significant role for financial intermediation.

However, empirical studies so far has one important challenge that remains to be
addressed before ascribing the observed investment behaviour to past experiences:
endogeneity. A major unobserved characteristic of individuals is the prevailing level
of risk preferences, or their skills — two of the attributes that are very difficult to
measure. Although empirical work has been careful to control for investor and
time characteristics in the analysis, isolating the experience-behaviour relationship

without knowing whether such unobserved confounding factors have been suitably
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controlled for is difficult. Additional to concerns of econometric identification, the
literature on experience effects suffer from the difficulty that it is unobservable
whether specific investors were interested in economic matters, or physically invested
in the stock market or other risky assets during past macroeconomic experiences, or
broader events in the stock and bond markets. In this way, averaging outcomes across
all investors during a particular historical event could potentially underestimate
the measure of experience treatment effects. The ideal design involves a setting
where an experience is randomly assigned to investors and to then track the future
investment behaviour of those who experienced (the “treatment”) and those who
did not (the “control”). This paper in the dissertation utilises a natural experiment
in India that provide for new, precise, causal estimates of the effect of experience

on future investment behaviour in stock markets.

4 Paper III: Subjective Expectations and Finan-
cial Decisions

The literature on experience effects as detailed in Section 3 documents that personal
experience has an important role to play in future household investment behaviour.
While the second paper in this dissertation sharply identifies a causal estimate of
the relationship between an exogenous return experience and future short-term
investment behaviour, this paper focuses on the observation that very little is
known in the literature about the channels through which such experiences affect
economic decisions made by households. Most of the evidence on experience effects
pertains directly to beliefs; for instance the expectations of future stock market
performance as in Malmendier and Nagel (2011). However, a causal association
between a channel and experience effects are yet to be established.

In any economic model, the discount rate J plays an important role in the
inter-temporal trade-off between present and future consumption stream. Amongst
different expectations formed by individuals, mortality expectation is noteworthy
as it affects many economic and financial decisions through the discount rate. A

decrease in an agent’s life expectation alters the time horizon of optimization, which
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could be modeled as an increase in the discount rate — that is, a strict preference
for consumption when young than old. Mortality expectations of an individual has
serious consequences on financial decisions taken both when young and old. Savings
and consumption decisions aside, the willingness to take insurance cover, age of
retirement and planning for retirement with annuities are inextricably linked to
the life-horizon for which such planning is undertaken. The relevance of subjective
mortality expectations to financial markets, especially to insurance markets, cannot
be understated. To the extent an individual’s expectation of life-span is truthfully
revealed, it could also play a role in pricing insurance contracts.

Theoretical models since Yaari (1965) have examined the optimal lifetime
consumption and savings path under the assumption of a known age-wise survival
probabilities, typically using the actuarial life table data on survival. The earliest
work to consider subjective mortality expectations in lieu of the actuarial data,
Hamermesh (1985), concluded that life- cycle models using actuarial measures are
likely to overestimate savings in the near term and underestimate the same from age
sixty until very old (99-100). Subjective probabilities also predict actual mortality,
take into account that mortality rates are on the decline, and are informative
(Rappange, Brouwer and Exel, 2015; Jarnebrant and Myrseth, 2013; Hurd and
McGarry, 1993; Hurd, 2009; Smith, Taylor and Sloan, 2001). While this strand of
literature suggests that the information content in subjective probabilities cannot
be ignored, some other evidence also point towards the presence of systematic biases
in subjective survival expectations (Edwards, 2006; Elder, 2007).

Recent research work with survival expectations interpret the expectation
deviation from period life-table probabilities as “expectation errors” or as mea-
sures of optimism Groneck, Ludwig and Zimper (2014); Wu, Stevens and Thorp
(2013). Using a new cross-sectional survey of survival expectations across the
age distribution, Heimer, Myrseth and Schoenle (2016) interpret the deviation
as “errors” due to individuals over-weighting low likelihood events. Although
these deviations present systematic biases, they do tend to contain information to

predict actual mortality (Edwards, 2006; Elder, 2007). Elder (2007) also shows
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that these subjective probabilities contain information not found in self reported
health status or objective measures of health limitations as in the Health and
Retirement Study survey. Decomposing this deviation into “systematic” bias or
“errors” and individual specific information is critical to understanding the role
of individual subjective expectations.

Although recent surveys as in Heimer, Myrseth and Schoenle (2016) brings
to bear certain advantages over existing panel data sources such as the Health
and Retirement Study (HRS), it also limits the extent to which such expectation
information can be related to a rich set of observed demographic, geographic, health
and financial characteristics of the individual. This is particularly important since
expectation deviations from life-table probabilities computed across age, gender and
race may primarily reflect socio-economic differences in mortality rates and therefore
need to be controlled for. Other than the rich set of observed characteristics, an
important dimension of identification unavailable in cross-sectional studies is time.
Time variation in subjective expectations are likely to be as informative and soundly
identified, if not better than cross-sectional variation, in exploring how beliefs are
formed. Furthermore, as seen later in this paper, empirical specifications that
identify with variation within the number of years to target age used in the HRS
questions also captures a lot of the benefits accrued from a new survey (as the ones
in Heimer, Myrseth and Schoenle (2016); Wu, Stevens and Thorp (2013) and allow
for matching empirical observations to theoretical predictions from a lifecycle model.
That said, most rich panel datasets (such as the HRS) that ask survival expectations
questions, do not cover the young, prompting a trade-off between new cross-sectional
surveys as in Heimer, Myrseth and Schoenle (2016) and Wu, Stevens and Thorp
(2013) and traditional sources of panel data such as the HRS. This paper exploits
the rich observed characteristics of the survey respondents in the HRS and locates
itself on the other end of the trade-off made in Heimer, Myrseth and Schoenle (2016).
It documents the role of subjective life expectancy in the economic and financial
decisions in a setting where the shape of the discount parameter over the life-cycle

is determined by the mortality expectations of individuals in the United States.
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The next three chapters present each of the three papers in this dissertation
and Chapter 6 concludes with a summary of what is gathered from the three

empirical chapters of this dissertation.
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3 Endowment Effects in the Field

%
Evidence from India’s IPO Lotteries

Winners of randomly assigned initial public offering (IPO) lottery shares are
significantly more likely to hold these shares than lottery losers 1, 6, and even
24 months after the random allocation. This finding persists in samples of highly
active investors, suggesting along with additional evidence that this “endowment
effect” is not driven by inertia alone. The effect decreases as experience in the IPO
market increases, but remains even for very experienced investors. These results
provide field evidence derived from the behavior of 1.5 million Indian stock investors
consistent with the laboratory literature that documents endowment effects for risky

gambles.

1 Introduction

This paper begins with a fact. We study a natural experiment in which millions
of market participants outside of the lab are randomly assigned risky gambles.
Owing to regulation, in many cases Indian initial public offering (IPO) shares are
randomly assigned to applicants. This randomization means that winners and
losers in these IPO lotteries should have virtually identical preferences, beliefs, and
information sets before the shares are allotted. While lottery losers do not have

the opportunity to buy the shares at the IPO issue price, they receive cash back

*This is joint work with Santosh Anagol and Tarun Ramadorai. Ramadorai is at Imperial
College Business School, and CEPR. Anagol is at The Wharton School, University of Pennsylvania.
We gratefully acknowledge the Alfred P. Sloan Foundation for financial support, and the use
of the University of Oxford Advanced Research Computing (ARC) facility for processing. We
thank Sushant Vale for dedicated research assistance, and Ulf Axelson, Eduardo Azevedo, Pedro
Bordalo, John Campbell, Andreas Fuster, Nicola Gennaioli, David Gill, Raj Iyer, Dean Karlan,
Judd Kessler, Ulrike Malmendier, Ian Martin, Andrei Shleifer, Dmitry Taubinsky, Shing-Yi Wang
and seminar and conference participants at the Advances in Field Experiments Conference at the
University of Chicago, the AFA Annual Meetings, Bocconi, Imperial College Business School, the
Institute for Fiscal Studies, Goethe University, the London School of Economics, London Business
School, Oxford, and Wharton for comments.
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1. Introduction

1 Once the stock begins to trade freely,

which is equivalent to the TPO issue price.
the groups of winners and losers have equal opportunities to trade in it. Given
the equivalence of information sets and background characteristics induced by the
random assignment, we should expect that the holdings of this randomly allocated
stock should converge rapidly over time across the two groups. If randomly assigned
ownership induces changes in valuation, however, we should see a divergence in
the behavior of the randomly chosen winners and losers.

We document that the winners of IPO lotteries are substantially more likely to
hold the randomly allocated IPO shares for many months and even years after the
allocation. In our main results we find that 62.4 percent of IPO winners hold the
IPO stock at the end of the month after listing, while only 1 percent of losers hold
the stock. Six months after the lottery assignment the gap decreases slightly, to
46.6 percent of winners holding the stock and 1.6 percent of the losers holding the
stock, but even 24 months after the random assignment we find that winners are
35 percentage points more likely to hold the IPO stock than losers.

What is striking about this fact is the similarity it bears to the numerous
laboratory studies that have documented that the simple fact of owning an object
causes subjects to become reluctant to part with it. These lab findings of an
“endowment effect” call into question the fundamental neoclassical assumption
that preferences and beliefs are independent of ownership, and augur important
implications for a wide variety of field contexts. However, significant challenges
confront the literature on endowment effects. Three important ones are that (1)
market participants are likely to have more relevant experience than laboratory
subjects, and the limited field evidence available suggests that experience appears
to attenuate or even eliminate the measured endowment effect (see, for example,
? and ?); (2) lab findings of endowment effects appear sensitive to experimental
procedures, which makes it difficult to generalize these results to the field (?); and

(3) new lab evidence on the endowment effect shows that it also appears in gambles,

'We refer to the price that lottery winners pay for the IPO stock as the “issue price," and the
first price that the stock trades at on the exchange as the “listing price."
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and not just in physical objects with fixed payoffs (?7), though there is as yet little
field evidence on the prevalence of the endowment effect for gambles.

Broadening the evidence base on endowment effects outside the lab faces a
fundamental obstacle: it is essentially impossible to draw inferences in the absence
of random assignment of endowments to market participants. Any comparison of
agents’ behavior without random assignment of ownership is potentially subject
to selection bias — those who selected into ownership have almost surely done so
because they value the object or gamble more in the first place.

To evaluate whether our results are a manifestation of an endowment effect in
the field, it is crucial to understand whether differences in our natural experiment
setting from the laboratory setting might induce the winner-loser divergence absent
an endowment effect. For our results to be a manifestation of the endowment effect,
randomly induced ownership must cause winners’ willingness to accept (WTA) to
become greater than losers’ willingness to pay (WTP) for the IPO stock.? Accepting
this interpretation requires ruling out explanations for the winner-loser divergence
that do not produce a gap between winner WTA and loser WTP. Perhaps the
most plausible alternative is that lottery winners and losers face formal or informal
costs of trading which are large enough to cause the divergence in holdings that
we observe (such costs are minimized in laboratory experiments). In our setting,
such costs might include brokerage commissions, transactions costs, taxes, or inertia
generated by cognitive processing costs of paying attention to the stock, accessing
the brokerage account, or placing trades.

We study this issue in detail, developing a formal framework which we describe
later in the paper, but note here that a number of empirical findings are inconsistent
with this explanation. First, we find that the divergence persists strongly even
as we look at investors who made more and more trades on average prior to the
IPO — lottery winners at the 99th percentile of the trading distribution (more than
30 trades per month on average in the six months prior to the lottery) are still

approximately 30 percent more likely to hold the stock than losers. Second, we find

2WTA is the lowest price that a seller is willing to sell at. WTP is the highest price a buyer is
willing to pay.
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a large divergence amongst the sub-sample of lottery winners who make a large
number of trades of sizes less than or equal to the position size of the IPO stock
in the months after the IPO.? Third, we find that even in sub-samples of lottery
winners and losers that have actively sold another previously allotted IPO stock,
winners are still substantially more likely to hold the current IPO stock than losers,
casting doubt on the idea that the divergence is due only to investors who do not
pay attention to the IPO stocks in their portfolio. Fourth, we find that lottery
winners are more likely to make the active decision of buying additional shares of
the IPO stock than lottery losers, which is consistent with the idea that lottery
winners have a higher WTP for the stock than lottery losers. This is particularly
difficult to explain via transactions costs, even if such costs are investor, time, and
security-specific. Finally, lottery losers are not more likely to purchase another
substitute stock, confirming that the winner-loser divergence in ownership is not
undone by transactions in other stocks.

Overall, we conclude that most reasonable models of inertial behavior driven by
costs of trading are unlikely to explain our results.* As we report in detail later, we
also find little evidence to suggest that wealth effects, capital gains taxes, information
acquisition costs, or other alternative explanations can explain our results.

We do find that the divergence in holdings attenuates substantially for the most
experienced traders in our setting, as in 7. For each investor, we observe the number
of IPOs they have previously been allotted over the past 10 years, a measure of
experience which varies from 0 previous experiences up to 30 previous experiences
at the 90" percentile of the distribution. Consistent with ?, we find a strong
negative correlation between this experience measure and the difference in holdings
between lottery winners and losers, even after controlling for many investor and IPO

characteristics. However, while ? finds that endowment effects become negligible

3These findings also assuage concerns that our results are being driven by “trade uncertainty”—
the idea that investors are uncomfortable with trading in general and therefore stick to the status
quo (Engelmann and Hollard, 2010).

“4In related work, we find that lottery winners have a higher trading intensity of the non-IPO
stocks in their portfolio than lottery losers, and tend to tilt their portfolios in the direction of the
industry sector in which the TPO stock is situated, suggesting that winning the lottery appears to
reduce the (cognitive) transaction costs associated with making trades (7).
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amongst his sample of experienced traders (sports card dealers and very experienced
non-dealers), we find substantial endowment effects even amongst investors who
have participated in over 30 IPOs — on average these highly experienced winners
still hold 27 percent of their lottery allotments at the end of the month of randomly
receiving the IPO, while losers hold 7 percent of the initial allocation.’

Our evidence of an endowment effect even for experienced participants is valuable,
because there are many plausible ways that participants could learn to avoid the
behavior that we observe. Given the large size and overall popularity of the IPO
market in India, investors have ample opportunities to learn from more experienced
peers, as well as from the universe of public sources (e.g., advice on IPO investing
on the many IPO message boards).® Further, participants in our setting can use
information gained through these avenues to plan their behavior in advance to
eliminate endowment-effect behavior. For example, an investor could follow the
simple rule of always selling the IPO allocation immediately after the stock lists,
and always choosing not to purchase the IPO if they lose the lottery.” It is also
worth noting that in our setting, participants can learn over a considerable length
of time across multiple IPOs — i.e., given the shorter duration of lab experiments, it
seems less likely that subjects in the lab would explicitly consider the counterfactual
choice had they been allocated a different object. In our setting, a participant
might experience winning the IPO lottery in one case, and losing in the other. It
seems natural that experiencing both the “endowed” and “non-endowed” states
would encourage the agent to demonstrate consistent behavior across the two, and
it is therefore all the more surprising that experienced investors continue to exhibit

divergent behavior based on random assignment of ownership.

5These results are also interesting in light of ?, who find that professional futures traders exhibit
greater myopic loss aversion and raise the possibility that market experience might exacerbate
behavioral anomalies. Our evidence rejects the idea that more experienced market participants
exhibit the endowment effect anomaly more strongly.

6See www.chittogarh.com for an example.

"Indeed, 38 percent of investors do follow this path, and (evaluated ex-post) benefit from it,
as on average, cumulative returns on the IPOs in the sample, measured relative to the issue price,
are -54% over the 12 months following the TPO.
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We explore potential theoretical underpinnings for the endowment effect that we
detect in our setting, noting that while carefully and cleverly designed laboratory
experiments have been successful in distinguishing theoretical explanations of
endowment effects,® our field setting (and very likely most field settings) does
not allow for precise conclusions regarding mechanisms. Nevertheless, we check
the extent to which leading theoretical models of the endowment effect generate
additional predictions that are supported by the data.

A leading explanation for the endowment effect is that agents have reference-
dependent preferences, as originally proposed by ?.° Most of the empirical literature
has focused on the case of consumption goods, where specifying the reference
point as current ownership can lead to owners valuing goods more than non-
owners. More recently, ?? propose a broader framework where the referent is the
entire distribution of the agent’s expected outcomes. This formulation makes the
prediction that choices between gambles and certain amounts exhibit an “endowment
effect for risk,” that is, decision-makers endowed with a risky lottery will be less
risk-averse regarding the lottery than decision-makers that are endowed with a
certain amount, and considering the same risky lottery.!® New lab work finds
significant evidence for this effect (?).

Motivated by this literature, we develop two models which apply expectations-
based reference-dependent preferences to our setting. The first of the two models
in this class is the 7 “endowment effect for risk” model, in which agents evaluate
the comparison between the IPO stock (which we treat as a risky gamble in the
model) and cash. The second model in this class more closely matches features of
our real-world experimental environment — agents in this augmented model evaluate
both the initial risky gamble of the lottery assignment of the IPO, as well as the

subsequent comparison between the IPO stock and cash. In both models, we find

8See, for example, (7777777).

9See ? for field evidence on reference-dependent preferences, and ? for a recent review of field
evidence on behavioral anomalies more broadly.

10pyt differently, agents endowed with a gamble and given the choice of a certain amount in
the gamble’s outcome support are predicted to exhibit near-risk-neutrality, while those endowed
with the certain amount are predicted to exhibit risk-aversion when given the choice of taking the
gamble.
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the range of parameter values (for the extent of loss aversion, the expected return
on the stock, and in the second model, the expected probability of winning the
IPO lottery) for which the same agent would choose to hold the stock if they won
the lottery, but not purchase the stock if they lost the lottery.!!

We find that both models that employ expectations-based reference-dependent
preferences are able to deliver the endowment effect plan as a personal equilibrium
(PE) within plausible parameter ranges. In both models, the endowment effect PE
requires that agents expect medium-size returns on the risky gamble. These medium-
size return expectations are achievable through a combination of beliefs about skewed
payoffs on the lottery and beliefs about the likelihood of experiencing gains versus
losses. Put differently, medium-size return expectations can be delivered either
through small probabilities of large gains or through large probabilities of small gains.

In the augmented model which includes the initial risky gamble of the lottery
assignment of the IPO, we also find that low anticipated probabilities of winning
the lottery are more likely to generate the endowment effect. This is because the
agent compares how she feels when she wins the lottery to how she feels when she
loses, and as the probability of winning the lottery becomes higher, this comparison
becomes less and less important because the agent’s reference points are less and less
affected by her expectations of losing the lottery. Consistent with this prediction,
we find in the data that estimated endowment effects do become smaller as the
probability of winning the lottery increases.

Next, we evaluate a different theoretical mechanism, in which the endowment

YA

effect is founded on agents’ “aversion to bad deals” as in 7. In this model, lottery
losers endogenously lower their valuation for the IPO stock because they often have
to purchase it at a price higher than the price at which lottery winners purchase

it.12 The bad deals model predicts large endowment effects if the price lottery losers

HTn the language of ?, we find the range of parameter values where we would observe an
endowment effect in our experiment because agents are playing their “personal equilibrium” (PE)
strategies. In several cases, we also consider whether the plan generates the highest expected
utility of all possible PE plans, i.e., whether it is a “preferred personal equilibrium” or PPE.

I2Note that a standard expected utility decision maker does not consider the issue price in
choosing whether to purchase the stock as a lottery loser. She will just compare her valuation for
the stock with the market price, and purchase if her valuation is higher.
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pay is far higher than the issue price, and small endowment effects when the trading
price is close to the issue price. We find mixed evidence for this prediction. On the
first day of trading, lottery losers almost never purchase the stock irrespective of
the difference between the market price and the issue price. However, by the end
of the first full month of trading, lottery losers do appear more likely to purchase
IPO stocks with smaller gaps between the current market price and the issue price,
particularly in samples of more active traders. That said, the estimated winner-loser
divergence even for these small listing gain stocks does not go to zero.

Finally, we consider the possibility that the divergence in winner and loser
holdings is an artefact of agents knowing that they are subject to a lottery allocation.
For example, lottery losers might lower their WTP for the IPO stock simply because
they lost the lottery — we dub this the “sour grapes” hypothesis. A few features of
the data suggest that this explanation is not the main driver of our results. First,
we find that lottery losers are more, not less, likely to purchase the IPO stock
that they lost in the lottery, when compared to their propensity to purchase a
size-and-industry matched stock.'® Second, under the sour grapes hypothesis, we
might naturally expect that lottery losers would also have a distaste for future
IPO lotteries. We find, however, that losers are only very marginally less likely
than winners to apply for future IPO allocations.*

To summarize, we find evidence of an endowment effect for risky gambles in a
major market outside of the laboratory. Even after controlling for IPO market and
trading experience, many market participants act as if they have higher valuations
for a gamble when they are randomly endowed with it. The results are inconsistent
with the basic prediction of expected utility theory that valuations of gambles

should be consistent across ownership versus non-ownership states of the world.

BLottery winners purchase the matched stock at similar rates to the lottery losers, suggesting
that there is nothing in particular that makes lottery losers dislike the matched stock.

14 An analogous explanation in this category is that winners choose to hold the IPO stock
because of some positive emotions associated with winning the lottery. This explanation also does
not seem satisfactory; we find that investors tend to hold the IPO stock for very similar durations
as their most recently purchased (non-IPO) stock. Taken together, these results suggest that our
finding of an endowment effect in this setting is unlikely to be just an artefact of the experimental
setting that we study.
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Our evaluation of theoretical models points to reference-dependent utility models
as the leading explanation for our results. For one, investors appear to behave as if
they are averse to paying higher prices than the issue price, suggesting that they
treat this price as a reference price. In addition, we find that the 7?7 models are able
to rationalize our findings as a personal equilibrium,® indicating that our findings

may be an “in-the-field” manifestation of the endowment effect for risk.

2 The Experiment: India’s IPO Lotteries

Our experiment uses the Indian retail investor IPO lottery as a naturally occurring
setting in which some agents are randomly endowed with an asset while others
are not, and where we can observe agents’ choices to trade the asset following the
random endowment. In this section we describe the circumstances in which these
lotteries occur (including a specific example), and in the next section describe how
they can be used to estimate endowment effects. We provide the precise details of
the IPO lottery process and associated regulations in Appendix Section A.1.6
To summarize, these IPO lotteries arise in situations in which an IPO is
oversubscribed, and the use of a proportional allocation rule to allocate shares
would violate the minimum lot size of shares set by the firm. In these situations, the
lottery is run to give investors who applied for shares their proportional allocation in
expectation. The outcome of the lottery is that some investors who applied receive
the minimum lot size, while others who applied receive zero shares. The fundamental
reason for the lottery is that in India, regulations require that a firm must set
aside 30% or 35% of its shares (depending on the type of issue) to be available for
allocation to retail investors at the time of IPO. For the purposes of the regulation,

“retail investors” are defined as those with expressed share demands beneath a preset

15We note, as in Sprenger (2015), that the personal equilibrium (PE conditions) are supported
by our results, but not the preferred personal equilibrium (PPE) refinement. We leave these
details to the online appendix.

16 As with many other details of regulation in the country, the Indian regulatory process for
IPOs is quite complex. Several papers (e.g., ??) have used this complexity of the Indian regulatory
process to cleanly identify a range of economic phenomena.
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value. At the time of writing, this preset value is set by the regulator at Rs. 200,000
(roughly US $3,400); this value has varied over time (see Appendix Section A.1).}"

The share allocation process in an Indian IPO begins with the lead investment
bank, which sets an indicative range of prices. The upper bound of this range
(the “ceiling price”) cannot be more than 20% higher than the lower bound (or
“floor price”). Importantly, a minimum number of shares (the “minimum lot
size”) that can be purchased at IPO is also determined at this time. All IPO
bids, and ultimately, share allocations, are constrained to be integer multiples
of this minimum lot size.

Retail investors can submit two types of bids for IPO shares. Ninety-three
percent of the sample submit a “cutoftf” bid, where the retail investor commits
to purchasing a stated multiple of the minimum lot size at the final issue price
that the firm chooses within the price band. To submit the bid, the retail investor
deposits an amount into an escrow account, which is equal to the ceiling of the
price band multiplied by the desired number of shares. If the investor is allotted
shares, and the final issue price is less than the ceiling price, the difference between
the deposited and required amounts is refunded as cash to the investor.!®

Once all bids have been submitted the total levels of demand and supply of
shares are set and regulation determines how shares will be allotted in the case
that demand exceeds supply. We define retail over subscription v as the ratio
of total retail demand for a firm’s shares to total supply of shares by the firm to

retail investors. There are then three possible cases:

1. v < 1. In this case, all retail investors are allotted shares according to their

demand schedules.

ITThis regulatory definition technically permits institutions to be classified as retail when
investing amounts smaller than the limit, but over our sample period, we verify using independent
account classifications from the depositories that this very rarely occurs.

8The remaining investors in our sample submitted “full demand schedule” bids. In this type
of bid the investor specifies the number of lots that they would like to purchase at each possible
price within the indicative range, once again depositing in escrow the maximum monetary amount
consistent with their demand schedule at the time of submitting their bid, with a cash refund
processed for any difference between the final price and the amount placed in escrow.
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2. v > 1, and shares can be allocated to investors in proportion to their stated
demands without any violation of the minimum lot size constraint. There is

no lottery involved in this case.

3. v >> 1 (the issue is substantially oversubscribed), and a number of investors
under a proportional allocation scheme would receive an allocation which is
lower than the minimum lot size. This constraint cannot be violated by law,
and therefore, all such investors are entered into a lottery. In this lottery, the
probability of receiving the minimum lot size is proportional to the number
of shares in the original bid and lottery applicants receive their proportional

allotment in expectation.!®

This third case, in which the lottery takes place, provides the random variation
that we exploit to test for the endowment effect. Far from being an unusual
occurrence, in our sample alone (which is a subset of all IPOs in the Indian market
over the sample period), roughly 1.5 million Indian investors participate in such
lotteries over the 2007 to 2012 period in the set of 54 IPOs that we study.

The time line of the application and allotment process is as follows. Applications
are received over a two-day period termed the “subscription period.” Shares are
allotted to the winner’s accounts approximately 12 days after the applications are
received. The shares typically list approximately 21 days after the subscription
period. Refunds of the escrow amounts begin to be processed after the allotments
are made, usually 14 days after the allotments are made. Lottery losers receive
a complete refund on their escrow amounts.

An Example: Barak Valley Cements IPO Allocation Process. Barak Valley
Cements’ TPO opened for subscription for the two day period October 29, 2007
through November 1, 2007. The stock was simultaneously listed on the National
Stock Exchange (NSE) and the Bombay Stock Exchange (BSE) on November 23,
2007. The price that lottery winners paid for the stock, which we refer to as the
“issue price” throughout the paper, was Rs. 42 per share. The price the stock first

19 Appendix Section A.3 shows a mathematical derivation of the probabilities of winning
allotments based on the level of excess demand.
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traded at on the market, which we we refer to as the “listing" price, was 62 rupees per
share. The stock closed on the first day of listing at Rs. 56.05 per share, for a 33.45%
listing day gain. The retail over subscription rate v for this issue was 37.62. Given
this high v, all retail investors that applied for this IPO were entered into a lottery.

Appendix Table A.1.1 shows the official retail investor IPO allocation data for
Barak Valley Cements.? Each row of column (0) of the table shows the share
category ¢, associated with a number of shares applied for given in column (1),
which, given the minimum lot size x = 150 for this offer is just cz. In this case,
the total number of share categories (C') equals 15, meaning that the maximum
retail bid is for 2,250 shares.?! Column (2) of the table shows the total number of
retail investor applications received for each share category, and column (3) is the

product of columns (1) and (2). Column (4) shows the investor allocation under

a proportional allocation rule, i.e., 7. Given that these proportional allocations
are all below the minimum lot size of 150 shares, regulation requires the firm to
conduct a lottery to decide share allocations.

Column (5) shows the probability of winning the lottery for each share category
¢, which is p = ¢. For example, 2.7% of investors that applied for the minimum
lot size of 150 shares will receive this allocation, and the remaining 97.3% of
investors applying in this share category will receive no shares. In contrast, 40.6%
of investors in share category ¢ = 15 receive the minimum lot size = 150 shares.
For this particular PO, all retail investors are entered into a lottery, and ultimately
receive either zero or 150 shares of the IPO. Column (6) shows the total number
of shares ultimately allotted to investors in each share category, which is the
product of z, column (2), and column (5). Columns (7) and (8) show the total
sizes of the winner and loser groups in each share category for the Barak Valley

Cements PO lottery, respectively.

20These data are obtained from http://www.chittorgarh.com/ipo/ipo_boa.asp?a=134.

21The number of share categories is capped at 15 here because C' = 16 would correspond
to 2,400 shares, and a subscription amount of Rs. 100,800 at the issue price of Rs. 42. This
subscription amount would violate the prevailing (in 2007) regulatory maximum retail investor
application constraint of Rs. 100,000 rupees per IPO.
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It is perhaps easiest to think of our data as comprising a large number of
experiments, in which each experiment is a share category within an IPO. Within
each experiment the probability of treatment is the same for all applicants, and
we exploit this source of randomness, combining all of these experiments together
to estimate the average causal effect of winning an TPO lottery on future holdings
of the IPO stock.

Data. When an individual investor applies to receive shares in an Indian IPO their
application is routed through a registrar. In the event of heavy over subscription
leading to a randomized allotment of shares, the registrar will, in consultation with
one of the stock exchanges, perform the randomization to determine which investors
are allocated. We obtain data on the full set of applicants to 85 Indian IPOs over
the period from 2007 to 2012 from one of India’s largest registrars. 54 of these
IPOs had at least one randomized share category. This registrar handled the largest
number of IPOs by any one firm in India since 2006, covering roughly a quarter of
all IPOs between 2002 and 2012, and roughly a third of all IPOs over our sample
period.?? This paper studies only the category of retail accounts, as the IPO lottery
only applies to this group of investors. For each IPO in our sample, we observe
whether or not the applicant was allocated shares, the share category ¢ for which
they applied, the geographic location of the applicant by pincode (similar, but
larger than, zipcodes in the U.S.), the type of bid placed by the applicant, the share
depository in which the applicant has an account (more on this below), whether the
applicant was an employee of the firm, and a few other application characteristics.

Our second major data source allows us to characterize the equity investing
behavior of these IPO applicants. We obtain these data from a broader sample of
information on investor equity portfolios from Central Depository Services Limited
(CDSL). Alongside the other major depository, National Securities Depositories
Limited (NSDL), CDSL facilitates the regulatory requirement that settlement of

22 Appendix Figure A.1.1 shows that our sample of IPOs tracks the aggregate Indian TPO
waves, with a decline in 2009, and high numbers of IPOs in 2008 and 2010. Appendix Table A.1.2
presents summary statistics on our sample of IPOs. Our sample accounts for 22% of all IPOs over
this period by number, and US$ 2.65 BN or roughly 8% of total IPO value over the period.
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all listed shares traded in the stock market must occur in electronic form.?* Every
applicant for an IPO must register to open (or already have) an account with either
of the two depositories (CDSL and NSDL), as the option to receive allocated shares
in an TPO in physical form does not exist. We match the IPO applications data
to the CDSL accounts data using anonymous identification numbers of household
accounts from both data sources. We verify the accuracy of the match by checking
common geographic information fields provided by both data providers such as
state and pincode.?* When adjusted for per-capita GDP differences between the
US and India, the account value distribution and trading activity for the universe
of investors in the CDSL data and the lottery sample are similar to those in the
US (see Appendix Figure A.1.3 (a) and (b)).

All CDSL trading accounts are associated with a tax related permanent account
number (PAN), and regulation requires that an investor with a given PAN number
can only apply once for any given IPO.?> Thus no investor account may simultane-
ously belong to both the winner and loser group, or be allocated twice in the same
IPO. However, it is possible that a household with multiple members with different
PAN numbers could submit multiple applications for a given IPO in an attempt to
increase the household’s likelihood of winning. While we do not directly control for
this possibility, we believe that this is unlikely to materially affect our inferences, as

we discuss in more detail in the section covering potential explanations for our results.

23CDSL has a significant market share — in terms of total assets tracked, roughly 20%, and in
terms of the number of accounts, roughly 40%, with the remainder in NSDL. While we do also
have access to the NSDL data (these data are used extensively and carefully described in ?), we
are only able to link the CDSL data with the IPO allocation information.

24We are able to match 99.5 percent of our IPO lottery applicants to our data on portfolio
holdings.

25In July 2007 it became mandatory that all applicants provide their PAN information in
TPO applications. (SEBI circular No.MRD/DoP/Cir-05/2007 came into force on April 27, 2007.
Accessed at http://goo.gl/OB61M2 on 19 September 2014.) We confirm there are no violations
of this regulation in our data, by checking across all brokerage accounts associated with the
anonymized tax identification number of each investor.
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3 Documenting the Winner-Loser Divergence

We estimate the causal effect of winning an IPO lottery on various measures of
holdings of the IPO stock for each (event) month ¢, by estimating cross-sectional

regressions of the form:

Yije = & + p]{successijczl} + Ve + €ijc- (1)

Here, y,j. is an outcome variable of interest, such as an indicator for whether the
account holds the IPO stock, for applicant ¢ in IPO j, share category ¢. I{success;;.=1}
is an indicator variable that takes the value of 1 if the applicant was successful in
the lottery for IPO j in category ¢ (investor is in the winner group), and 0 otherwise
(investor is in the loser group). p are the estimated treatment effects in each event-
month ¢. ;. are fixed effects associated with each IPO share category experiment
in our sample. ? refers to these experiment-level fixed effects as “risk group” fixed
effects. Conditional on the inclusion of these fixed effects, variation in winning the
lottery is random, meaning that the inclusion of controls should have no effect on our
point estimates of p. We run this regression separately for different months after the
IPO stock is allotted to examine how the winner-loser divergence varies over time.?
Randomization Check. Table 7.0.4 presents summary statistics and a random-
ization check comparing our lottery winner and loser groups. Columns (1) and
(2) present the means of variables listed in the row headers in winner and loser
groups respectively, and Column (3) presents the difference across the two samples.
All of these variables are measured the month before allotment of the IPO. If the

allocation of IPO shares is truly random, we would expect few statistically significant

differences across winner and loser groups prior to the assignment of the IPO shares.

26Gee Chapter 3 of ? for a discussion of how regression with fixed effects for each experimental
group identifies the parameter of interest using only the experimental variation. 7 shows that our
estimated treatment effect p is a weighted average of the treatment effects from each separate share
category experiment. Intuitively, the regression weights give more importance to experiments
in which the probability of treatment is closer to %, and experiments with larger sample sizes —
experiments in which there are many accounts in both treatment and control groups. Note that in
our summary statistics tables described below and throughout the remainder of the paper, mean
values for lottery winner and loser groups are calculated across share categories using the same
weighting scheme implied in our regression.
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Column (4) calculates the percent of our 383 share category experiments in which
the winner and loser groups were significantly different at the 10% level. Under the
null hypothesis that winning the lottery is random, we expect that roughly 10% of
these experiments will exhibit a significant difference at the 10% level.

The first variable we check for balance on is whether accounts that won the
current lottery were also more likely to have been successful in receiving IPO shares
in the past. If it was possible to “game” the lottery and increase one’s probability
of winning we would expect current winners to have also been more successful in
the past.?” Table 7.0.4 shows that virtually identical fractions (38%) of both winner
and loser investors applied to an IPO with our registrar, or were allotted shares
in an ITPO not covered by our registrar, in the month prior to allotment.

The next set of variables describes the trading behavior of our winner and loser
groups. 68.2% of lottery applicants made a trade in the month prior to the lottery.
Half of the accounts make between 1 and 10 trades in the month prior to the IPO,
and 5 percent of accounts made over 20 trades in that month. The next variables
present summary statistics on the fraction of accounts that made trades in position
sizes less than or equal to the value of the IPO allotment. This is useful to look
at because the lottery allotments are the minimum lot size, so we would like to
have a sense of how common it is for our lottery participants to trade in such
“small” position sizes. In fact, we find that 63.5% of applicants made a trade of
a size less than or equal to the size of the lottery allotment in the month prior
to the TPO. This result shows that while the lottery allotments appear small in
dollar terms, it is actually very common for these investors to trade in amounts

that are of equal or smaller size.?® We also look at the propensity of both winner

27In the case of IPOs for which our data provider was the registrar, we can directly measure
whether or not an account applied to an IPO in each of periods +1 to +6. For IPOs where our
data provider was not the registrar, we can observe whether the account was allotted shares
since we see allotments for the entire universe of IPOs from the CDSL data. We set the outcome
variable to one in either case — if we see an application for IPOs for which our data provider was
the registrar, or if we see an allotment for IPOs not covered by our registrar — and zero otherwise.
We focus on this combined measure because it includes all of the information available to us.

28The fraction of experiments that show significant differences on the dummy variables for
making greater than ten transactions less than the allotment size are large primarily in experiments
that have small sample sizes. The large sample basis for this statistical test is less applicable in
these cases.
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and loser group investors to “flip” IPOs that they had been allotted in the past.
We define flipping as selling an allotted TPO in the allotment month. We find
that close to 30% of investors in both winner and loser group investors have this
propensity, which is striking in light of our later results on the divergence between
the post-allotment ownership patterns of winners and losers.

The remaining rows of the table summarize other account characteristics. 78%
of winner and loser investors had an account value greater than zero in the month
prior to the IPO. Portfolio value amounts are highly skewed so we transform this
variable using the inverse hyperbolic sine function? — we find that the mean (US$
530 on average) and distribution of portfolio values are very similar across winner
and loser accounts. Winner and loser accounts on average hold 9 securities in their
portfolio before allotment. Approximately 30% of accounts are less than six months
old, 33% are between 7 and 25 months old, and 37% are over 25 months old.

Overall, we find that the differences across winner and loser groups are small and
typically not statistically significant at standard levels. The fraction of experiments
with greater than ten percent significance is around ten percent. Given the similarity
of winner and loser groups across this wide set of background characteristics, we
confirm that the IPO shares allocated through the lottery mechanism are indeed
randomly assigned to investors.

Characterizing the Treatment. Table 7.0.3 characterizes the application and
allotment experience the investors in our analysis received upon being randomly
chosen to receive IPO shares. Column (1) of the table shows the mean across all
investors in the winner groups of IPOs in our 383 share category experiments for
each of the variables listed in the row headers. Columns (2) through (6) present the
percentile of each variable in terms of the distribution across all of the experiments.3°

On average, both lottery winners and losers put 1,751 dollars into an escrow account

2sinh ! (2) = log(z + (22 4+ 1)/2). This is a common alternative to the log transformation
which has the additional benefit of being defined for the whole real line. The transformation is
close to being logarithmic for high values of the z and close to linear for values of z close to zero.
See, for example, 7 and ?.

30We first calculate the mean within each experiment, and then report the corresponding
percentile across the experiments. For example, the median share category experiment had a
mean application amount of 792 dollars (first row of Table 7.0.3).
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to participate in the lottery (row 1, Table 7.0.3). Lottery winners receive an
average of 150 dollars worth of the IPO stock in the IPO lottery (row 3). They
also receive an instant gain of 62 dollars on average, because IPO stocks’ listing
price is 39 percent higher than the issue price on average (row 5). Lottery losers
cannot purchase the stock at the issue price, so the average endowment that the
winners receive (which the losers do not) is 212 dollars (150 + 62) of the IPO stock.
Both winners and losers get refunds from their escrow accounts of approximately
1,600 and 1,750 dollars, respectively.

Full Sample: Graphical Analysis. Figure 1 presents our main result in graphical
form. Figures la and 1b plot the fraction of winners (black triangles) and fraction of
losers (green circles) that hold the IPO stock in a given share category experiment
at the end of the first day of trading. Figure la plots this measure against the
percentage listing return on the x-axis, while Figure 1b uses instead the dollar
value of the listing gain on the x-axis.?* Figures 1c and 1d plot the fraction that
hold the IPO stock at the end of the first full month post-listing on the y-axis.
Figure 1c has on the x-axis the percentage return on the stock to the end of the
first month, and Figure 1d replaces this with the change in the dollar value of
the TPO allotment over the same interval on the x-axis. All four figures show a
sizeable gap between between the holding rates for lottery winners and lottery
losers, consistent with the presence of a valuation gap between winners and losers.3?
In Figures 1c and 1d we also observe that lottery winners are less likely to hold the
stock as the stock’s realized return increases; this is consistent with the well-known
“disposition effect” first uncovered by ?.33

Full Sample: Estimation Results. Table 3 presents our main estimates. The

first column presents statistics as of the end of the first day of trading (“Listing

31The listing return is the percentage price change from the price the lottery winners pay for
the stock (issue price) to the first trading price (listing price).

32Many of the vertically aligned points represent different share categories of the same IPO. We
exploit this variation later in testing how the winner-loser divergence varies with the probability
of winning,.

33 An endowment effect in our setting is conceptually distinct from the disposition effect. It
is possible that owning a stock has a causal effect on the investor’s valuation of it regardless of
whether an investor’s experienced return on a stock affects their propensity to sell.
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Day”). The remaining columns show the portfolio behavior observed at the end
of each event month following the IPO listing (month zero is the listing month).
Each row employs a different measure of the holdings of the IPO stock. Within
each row header, the first and second rows present the estimated weighted mean of
the variable in the winner and loser group respectively and the third row presents
the estimated p from equation C.24, i.e., the weighted difference between winner
and loser group experimental means.

The first row considers an indicator for whether the account holds any of the
IPO stock as the dependent variable. At the end of the first day of trading, we find
that approximately 70 percent of lottery winners hold the IPO stock, while only .007
percent of losers hold the IPO stock. The difference is significant at the 1 percent
level. One way to interpret this result is that approximately 30 percent of applicants,
on average, do not show an endowment effect because their behavior is consistent
regardless of whether they randomly won or lost the lottery. In contrast, 69.3
percent of applicants demonstrate an endowment effect at the end of the first day.3*

At the end of the listing month (0), lottery winners are 62 percent more likely
to hold the TPO stock than lottery losers. This divergence declines to 46 percent at
the end of six months, with all differences significant at the 1 percent level. The
loser group means show that it is relatively rare for lottery losers to own the stock
— on average 1 percent of lottery losers own the IPO stock in the month in which
it lists, this number only rises to 1.6 percent six months post-listing.

The second row header defines the dependent variable as the fraction of the
potential TPO allotment that the account holds. For example, if winners in a
particular share category lottery won ten shares and a given account holds five
shares, the dependent variable would be defined as 0.5. For lottery losers this
variable is also defined as the number of shares of the IPO stock they hold divided

by the allotment they would have received had they won the lottery. For example if

34We only present the first day results for the indicator for holding the TPO stock (I(Holds
IPO Stock)) because this variable is the most reliably estimated given our data. Appendix A.7
describes the assumptions we need to make to determine whether an account held the IPO stock
at the end of the listing day using our monthly holdings data.
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winners won ten shares, then a loser account that chose to purchase five shares on
the market would have this measure equal to 0.5. For this measure, the divergence
is slightly smaller at the end of month 1, but otherwise very similar to the first row.
However, a comparison of lottery loser means across the first and second variables
reveals that conditional on holding the IPO stock, lottery losers choose to hold a
substantially larger fraction than the lottery allotment. In particular, Column (1) for
month 0 shows that one percent of the lottery losers hold the stock, but their average
fraction of allotment is 4.4 percent, implying that lottery losers who choose to own
the stock purchase roughly four and a half times the amount of lottery allotment.3?

The third row of the table is an indicator for whether the account holds exactly
the number of shares allotted to winners in the relevant share category. Results
here are similar to those in the first row, suggesting that most of the divergence
between winners and losers arises from lottery winners continuing to hold initial
allotments, while losers are unlikely to purchase the exact allotment they did
not receive in the lottery.

The fourth row shows the US$ value of the IPO stock held in the portfolio at
the end of the month. Lottery winners hold US$ 108 more of the stock than losers
on average at the end of the first month, US$ 84 more at the end of the second
month, and US$ 55 more at the end of the sixth month. This measure includes
differences in chosen holdings between winners and losers as well as returns earned
on those shares, meaning that some of the decline in this measure is attributable to
significant negative returns on these IPO stocks on average, as we describe below.
The fifth row shows the weight of TPO stock in the investor’s portfolio, and shows
that lottery winners hold 13 percent more of their portfolio in the IPO stock in
month 0, which remains substantially higher at 6 percent six months after allotment.

The final rows of the table show average percentage returns to holding the IPO

stock to the end of each month. On average the listing return is 42 percent. The

35Suppose there are 10,000 lottery losers, the lottery allotment (to winners) was 10 shares, and
100 losers purchase the stock (1 percent). Also suppose that those 100 losers choose to purchase
50 shares. Then, the average fraction of the allotment held by lottery losers will be 5 percent
(.01*5+.99*%0 = .05).
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next two rows show cumulative returns from holding the stock assuming that the
stock was (1) won in the lottery, or (2) purchased at the listing price, and the final
row shows the average returns from holding the Indian market portfolio measured
over the same intervals. The returns data show that lottery winners on average
lost money based on their choice to continue to hold the stock after it was initially
listed, since (raw or market-adjusted) returns measured from the listing price are
large and negative. In this sense, lottery losers in our sample make a relatively good
decision (on average) to not purchase these IPO stocks at the first trading price.
Clearly, what constitutes a good decision depends on the realization of returns in
any particular sample, but the key result is that the two groups chose to make
substantially different decisions about holding the stock.?¢

Appendix Table A.1.4 extends the analysis to 24 months after the lottery.?” We
find that even 24 months after allotment, lottery winners are 36 percent more likely to
hold the IPO stock than the lottery losers. However, lottery losers’ propensity to hold
the stock stays relatively constant, at around 1.5 to 1.7 percent over these 24 months.
The Relationship Between the Endowment Effect and Experience. ? and
? document substantial reductions in the endowment effect when measured for
more experienced market participants, raising the possibility that WTA/WTP
divergences are simply an artefact of a lack of market experience.

We therefore document how differential holding patterns in the IPO stock vary
with plausible proxies of investors’ experience in the IPO market. To do so, we
interact our main Winner variable in equation C.24 with a set of predetermined
variables that we believe are interesting proxies for the amount of experience in
the IPO market, in a descriptive analysis similar to that in ?. Table A.9 presents
the results of this exercise for the full sample of winner and loser investors, as well

as for the samples of “non-inertial” investors before.

36For example, if this pattern of negative post-issue returns is predictable, then we would
expect both lottery winners and losers to choose not to hold the stock after listing.

37The results for periods one and four months after IPO listing are slightly different from those
in Table 3 because we restrict this analysis to those IPOs where we can observe the portfolios of
lottery winners and losers at least 24 months after the IPO allotment.
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Column (1) in Table A.9 takes equation (C.24), and adds a set of interactions
between the Winner dummy and dummy variables based on tercile or quartile
breakpoints of proxies of investors’ experience, listed in the rows. Columns (2),
(3), and (4) conduct the same regression, but for the smaller samples of investors
in cases 2, 3, and 4 in our discussion of inertia (corresponding, respectively, to ¢;,
Cit, Cije). Our discussion below mainly focuses on Column (1), but we note here
that estimated coefficients are very similarly signed across all proxies of experiences
in the four samples, with some differences arising in statistical significance on
account of large reductions in sample size.

The first set of rows shows that the estimated endowment effect is highly
correlated with the number of IPOs that the winner had been allotted in the
past. Accounts which received over 8 (random and nonrandom) allotments in the
past have estimated endowment effects that are 17 percentage points smaller than
investors with no past IPO experience. However, relative to the base rate listed
in the very first row (77.9 percent), even such “experienced” TPO allottees are 60
percent more likely to hold the IPO stock at the end of the first month.

Similarly, the next set of rows show that experience measured by trading activity
also reduces the observed endowment effect. Winners with more than 6 trades in
the month before IPO allotment are 14.3 percent less likely to hold the IPO stock
compared to those with no past trades. Moreover, high numbers of trades are also
associated with greater buying activity by lottery losers.

We then measure past return experience by constructing the fraction of realized
returns in the preceding six months to the IPO allotment that is greater than the
listing return observed in the IPO. We find that if the [PO returns are substantially
greater than most previously experienced returns, the endowment effect reduces
considerably. Interestingly, the reverse seems to be true for the control group — they
appear to have a higher propensity to hold IPOs which have higher listing returns
than most they have ever experienced, and vice versa. These effects appear to

become far stronger for the group of “non-inertial” investors in columns (2), (3),
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and (4), especially when explaining winners’ propensities to trade the IPO stock. 3%
Figure A.7 (c) suggests that some version of the disposition effect may be in operation
for lottery winners, and this finding on the role of the past return experiences of
lottery winners and losers in explaining their propensity to hold or buy suggests an
intriguing link between the observed disposition effect and personal experience.
In Appendix Section A.4, we use the randomized allocation of recent lotteries
to test whether recent experiences with winning an IPO lottery lower the estimated
divergence in holdings generated by subsequent random allotments. We find that
recent lottery winners show smaller divergences in holdings, but that these differences
are slight. Overall, these results suggest that there is a correlation between measures
of investor experience and smaller endowment effects, consistent with the findings in
?.39 However, having experienced many allotments in the past does not appear to
lead to quick and complete elimination of the endowment anomaly in this setting.
Wainner-Loser Divergence in Actively Purchasing More Stock. In Table
4 we test whether lottery winners are more likely to purchase the IPO stock on
the open market after it lists, compared to the propensity of lottery losers to do
so. Panel A shows results for the full sample. In the month of listing, we find that
lottery winners are 0.6 percentage points more likely to purchase the stock on the
open market than lottery losers are to purchase the stock at all. The size of this
effect declines in the months after listing, although even six months after listing, the
probability that lottery winners purchase the IPO stock again is twice that of lottery
losers, significant at the 1 percent level. When we look at sub-samples that we expect
to have lower transactions costs (as discussed above), this effect is even larger, with
lottery winners being approximately three percentage points more likely to buy the
IPO stock than lottery losers in the listing month, regardless of the measure used.*°

It is difficult to see how a pure transactions costs based inertia story would produce

38 Appendix A.1.8 presents this analysis at the end of the first full month after listing and is
consistent with the analysis on the first-day.

39Tn Appendix Table A.1.3. we present a comparison of the effect sizes in our natural experiment
to previously run field and lab exchange experiments. For low experience samples are results are
similar, but for high experience samples we find substantially higher endowment effects.

40T his is an approximately 40 percent higher proportion of buying the IPO stock relative to
the 7 to 8 percent of lottery losers that purchase the IPO stock in these active trading samples.
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lottery winners who want to actively buy the stock more on the open market than
lottery losers, given that under the transactions cost explanation the randomization
induces equal WTP/WTA distributions and transactions costs across the dgroups.
In contrast, the endowment effect explanation offers a natural explanation for this:
randomly owning the stock raises the average willingness to pay for the stock. In
related work we also find that lottery winners are more likely to trade non-IPO
stocks in their portfolio than lottery losers, suggesting that, if anything, winning

the lottery reduces the transactions costs associated with making a trade (7).

4 Using IPO Lotteries to Estimate Endowment
Effects

Whether or not the winner-loser divergence described above reflects an endowment
effect in our natural experiment bears important similarities and differences to
the laboratory methods used before. Broadly speaking, our method resembles
the “exchange paradigm” of endowment effect experiments (7). In this paradigm,
subjects are randomly assigned to receive one of two objects A or B of approximately
equal value (e.g. a mug and a pen). Later in the experiment the subjects are given
the opportunity to trade for the object they were not originally endowed. The extent
to which the holdings depart from equal proportions in groups initially assigned
goods A and B provides a quantitative estimate of the endowment effect.

As a starting point, it is useful to think of good A as the IPO stock which
is randomly assigned to our lottery winners, and good B as the cash from the
escrow account that is returned to lottery losers. For identification purposes, the
key similarity of our setting with the laboratory exchange paradigm is that the
subjects who receive the IPO stock are randomly chosen. This removes the standard
selection problem of owners of objects having higher valuations for the object
than non-owners. The second important similarity is that we can subsequently
observe the holding behavior of the randomly endowed objects in a setting where
the participants can trade at relatively low cost; when the stock lists on the market,

this is analogous to the experimenter giving the laboratory subjects the opportunity
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to exchange. The final important similarity is that to estimate the size of the
endowment effect, we compare the fraction of lottery winners who hold the IPO
stock to the fraction of lottery losers who hold the IPO stock after both groups
have had the opportunity to exchange. In our setting as well as in the laboratory
exchange paradigm, it is not possible to estimate the magnitude of the gap between
the WTA of owners and the WTP of losers. However, we argue that the holding
behavior of stock investors is an intrinsically interesting outcome in itself (see ?,
for example), even if the WTA-WTP gap is small.

Our natural experiment has a number of important differences with the labora-
tory exchange paradigm, and several of these differences make it relatively harder
for us to identify endowment effects. In this section we enumerate the major
differences between our natural experiment and the laboratory exchange paradigm
experiments, and present evidence on the extent to which these differences can
explain the winner-loser divergence in holdings we observe.

Wealth Effects and Taxes. First, the participants in our natural experiment
who are randomly endowed with the IPO stock also receive a wealth shock relative
to the lottery losers, since winners are allowed to purchase the IPO stock at the
issue price and then sell it at the listing price.#! In contrast, in exchange paradigm
experiments, the objects are typically chosen to be of equal value, so there is no
wealth shock.*> Regarding wealth effects, the key consideration is that the 62
U.S.D wealth gain lottery winners obtain over losers is very small relative to 1,750
U.S.D all lottery applicants had to put in escrow to participate in the lottery in
the first place; this small gain is unlikely to be relieving a major wealth constraint
for winners relative to losers, as we know both groups have substantial cash on

hand in their escrow accounts. Overall, we find little evidence to suggest these

“lottery losers cannot purchase the stock at the issue price, meaning that the change in
value of the allotted stock between listing and issue prices constitutes a wealth gain (or loss) for
lottery winners (62 dollars on average). The wealth gain is not equal to the total amount of
the endowment because lottery losers receive a refund equal to the amount of the allotted stock,
valued at the issue price.

420ur discussion of wealth effects also includes the possibility of a “house money effect’
explaining our results, as both are unlikely to explain our results for similar reasons. See appendix
for details.
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explanations play an important role. We provide the results of specific tests of
each of these additional explanations in Appendix A.6.

Inertia Associated with Costs of Trading. Second, in exchange paradigm
experiments, the explicit/formal cost of trading is zero. In our setting, there are
monetary costs of transacting, such as brokerage fees and securities transactions
taxes. The presence of these costs makes it possible that a divergence in lottery
winner and loser holdings could emerge even in the absence of a WTA-WTP gap.
This motivates us to focus heavily on the extent to which such costs can explain
the differences we find.** Relatedly, subjects in exchange paradigm experiments
are explicitly prompted about whether they would like to trade one good for the
other. This makes it plausible to believe that laboratory subjects have actively
thought about whether they would like to exchange good A for good B (although
it cannot, of course, guarantee that this is the case). In our setting, there is no
experimenter encouraging the investor to actively consider whether they want to
sell (lottery winners) or buy (lottery losers) the IPO stock after it begins to trade.
Thus, we need to be careful to rule out the possibility that costs associated with
paying attention to the IPO stock might generate differences in the holding behavior
of winners and losers even in the absence of an endowment effect.

We evaluate the extent to which our results can be explained by inaction induced
by the costs associated with implementing a trade.** We begin with a model of
inertial behavior that arises due to such costs (as separate from inertia induced
by an endowment effect) to guide our empirical evaluation.

Let wg;, represent investor i’s willingness to accept (WTA) for stock j at time
t. This level of WTA could be due to portfolio diversification motives, liquidity
shocks, psychological factors, or anything else that determines whether the investor

p

wants the stock in her portfolio. Let wy;j;; be that same investor’s willingness to pay

43While exchange experiments have no monetary costs of trading, they of course may have
important informal/psychological costs of engaging of trading.

4 GQubstantial evidence exists that in practice investors are sluggish, acting as if they face
significant costs associated with taking action (???) Recent papers have attempted to characterize
optimal decision rules in the presence of both standard fixed costs and information processing
costs — see, for example, 7, 7 and 7.
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(WTP) for the stock. Because this model does not include an endowment effect,

P
ijt

wiy, = wijy for all investors ¢, for all stocks j, at any time ¢.

Now assume that ¢ captures all costs associated with making a trade in the
stock. This includes the cognitive cost of paying attention to the stock or to the
act of trading, standard monetary costs (brokerage commissions, transactions costs,
and security transaction taxes), nuisance factors (lost brokerage account password),
etc. Moreover, ¢ also includes non-rational costs that might drive inertia, such as
costs of dealing with self-control problems that lead to procrastination.*?

The presence of this cost ¢ can induce inertia that inhibits trading, both when
investors hold a stock as well as when they are contemplating buying a stock. Let
pji be the market price of stock j at time ¢. A potential seller will choose to sell
the stock if the revenue from selling, including the transaction cost, is greater than
their WTA: pj; — ¢ > wf},. Rewriting this inequality, the agent sells if p;; —wj;, > c.
Intuitively, if the gap between the market price and the agent’s WTA exceeds the
cost of selling, the agent will sell. Given a WTA amount w;,, the agent is less
likely to sell as the transaction cost increases. Similarly, a potential buyer with
WTP wi;, will choose to purchase the stock if wj;, — ¢ > pj,. The agent is less
likely to buy as the transaction cost increases.

We now apply this framework specifically to lottery winners’ and losers’ choices
of whether to hold, sell, or buy the IPO stock under different assumptions about
transactions costs.

Case 1: No Costs of Trading. Let j = =y denote the IPO stock. Under the
assumption of no transactions costs, a lottery winner ¢ will choose to hold the IPO
stock if wg;, > pji. A lottery loser i will choose to hold the stock if wy;, > pj;. Given
that wg;, = w};, in this model, in this case an investor 7 will make the same decision

regarding whether to hold the stock regardless if she won the lottery. Further,

due to the randomization in our natural experiment, the distributions of WTA for

45In Appendix A.6. we present data on the levels of brokerage commissions and security
transactions taxes, which are the two main forms of monetary transaction costs. We find both of
these to be very low, with commissions ranging from .3 to .9 of a percent per trade and security
transaction taxes of .145 of a percent.
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winners and WTP for losers will be identical, and the fraction of lottery winners
and losers holding the IPO stock will be the same. Under this assumption, our
baseline results (Figure 1), in which we detect a divergence between the behaviour
of 1,561,497 winners and losers (treatment: 468,519, control: 1,092,977), directly
reflect a gap in WTA and WTP across winners and losers.
Case 2: Investor Specific Transactions Costs. Now consider the assumption that
costs of trading are individual specific, ¢ = ¢; for each investor 7. In this case, a
lottery winner ¢ will choose to hold the IPO stock if wy;, > pj —c;. A lottery loser
1 will choose to hold the stock if wfjt > pj+ + ¢;. These conditions show that the
same investor ¢ could potentially make a different decision about whether to hold
the stock based on whether they won the lottery. In particular, any investor’s whose
valuation satisfies the condition pj; — ¢; < wf;, = wy;, < pji + ¢; will choose to hold
the stock as a lottery winner, but not choose to hold the stock as a lottery loser.
This issue becomes quantitatively less important as we focus on samples of
investors with relatively low costs ¢;. A simple way to do this is to note that
investors with low ¢; will have high trading volume in all stocks 5. To understand
this idea better, consider a seller in the model who owns N stocks. The total
number of stocks Ny that they will sell is:
N
No =2 1(pje — wiy > ),

j=1
where I(-) is the indicator function. This equation shows that the number of stocks
sold corresponds exactly to those in the investor’s portfolio for which p;; — wg;, >
¢;. Intuitively, the number of trades made by an investor is a useful proxy for
understanding an investor’s transaction costs, since the more sales an investor
makes, the more likely it is that this investor tends to have gaps between the market

price and the agent’s WTA that exceed the cost of selling. Similarly, suppose the

investor considers buying NV, stocks. The number of purchase transactions is:

N
Nb = Zl(wf]t > Djt +Cz)

Jj=1

76



3. Endowment Effects in the Field: Fvidence from India’s IPO Lotteries

Again, the model shows that an investor who buys a lot of stocks is the type
who has WTP deviations above the market price that are generally large relative
to their transactions costs. Taken together, the model shows that by looking
at investors who trade more, we are narrowing in on the types of investors who
are on average likelier to have lower costs of trading c¢. Therefore, if investor-
specific transactions costs explain the winner-loser divergence in holdings, we would
expect the divergence to approach zero as we look at sub-samples of higher and
higher average trading intensity.

Figure 2a presents separate estimates of the divergence in holding rates of the
lottery winners and losers at the end of the first full month after listing, conditional
on making a given number of trades per month, on average, in the six months
prior to the lottery. The x-axis represents bins of increasingly higher numbers of
trades, in steps of 2. For example, the black triangle at the zero point on the x-axis
shows, for the group of lottery winners who made less than two trades per month
on average in the six months prior to the lottery, the fraction that hold the IPO
stock at the end of the first full month after listing. Similarly, the green circle
corresponds to the fraction of lottery losers with the same pre-IPO average trading
intensity who held the IPO stock at the end of the same month. The black triangle
and green circle at the 20 marker on the x-axis are the corresponding fractions
for investors who made between 20 and 22 trades per month on average in the six
months prior to the IPO. The bars indicate 95 percent confidence intervals.*” The
last estimates at the right-end of the x-axis include investors that made more than
29 trades per month on average in the six months prior to the IPO. (98.4 percent

of the sample made less than 32 trades on average per month, so the points shown

46 Another way to evaluate the investor based transaction cost story is to consider one simple
way that investors could eliminate this anomalous behavior: lottery winners could always sell
the stock after listing. Is it plausible that lottery winners who hold the stock are a particularly
high transaction cost group, and this is what explains why they do not sell sooner? This does
not appear to be the case in the full sample, as 75.2 percent of lottery winners who sold in the
first month also made a transaction of equal or lesser value than the IPO allotment; similarly,
74 percent of lottery winners who did not sell made the same size transaction. Comparing these
groups in a regression with IPO share category fixed effects, we find that lottery winners who sold
the IPO stock are 2.1 percentage points less likely to have made another small transaction.

4TWe use the approximation presented in ? to estimate the standard errors of the weighted
means.
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in this figure cover the vast majority of our data.) The figure shows that as we
look at sub-samples who have traded larger amounts, there is some convergence,
but there is little suggestion that the effect goes to zero for even the most frequent
traders in the sample.*® Tt is also interesting to note that the slope of this curve is
essentially flat beyond the five trades per month mark, suggesting little relationship
between trading propensity and the divergence in winner-loser behavior once we
move beyond a relatively low trading propensity threshold.

Figure 3a plots the experiment by experiment winner-loser ownership divergences
(in the same fashion as Figure 1) estimated for a group of 54,678 investors (treatment:
16,545, control: 38,133) who made an average of 20 trades per month in the 6
months prior to the random allotment. Figure 3a(ii) shows that heavy-trading
lottery losers in IPOs with realized returns through the end of the first month
do appear substantially more likely to buy the IPO stock than lottery losers in
the full sample, consistent with our motivation for looking at this sub-sample.
Overall, however the figures still show a clear divergence in the holding behavior
of lottery winners and losers.
Case 3: Investor-Time Specific Transaction Costs. Next, suppose ¢ = c¢;, SO
that the costs of trading are investor-time specific. For example, there may be
months where the investor is busy at work, and c¢;; is correspondingly high, but
in other months, she has more time to focus on her stock portfolio. To analyze
the importance of this form of transactions costs, we focus on the sub-sample of
investors ¢ at each time t who tended to have p;; — Wik > Cit for stocks they own,
and wiy > pj + ¢; for stocks that they considered purchasing. Our approach is
to identify this sample by inspecting the behavior of lottery winners and losers
who have high trading intensity in the specific month in which we estimate the
winner-loser divergence in holdings of the IPO stock.

Figure 2b estimates the divergence in holdings between lottery winners and

losers, based on the exact number of trades made in the first full month after the

481n general, we find that portfolio turnover, as measured by the number of trades the investor
does relative to the number of positions held, increases as the number of trades increases, so these
results can also be interpreted as separate estimates by amount of turnover.
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IPO lottery.*® Similar to Figure 2a, we find that the gap between winner and
loser holding rates does decline as we focus on applicants who traded more in the
first month, but there is again little suggestion that this divergence is limited to
those who make a small number of trades.”® This result is useful in evaluating
the potential for transaction costs related to attention to explain the winner-loser
divergence. The investors at the right side of this figure are paying attention to
their portfolio enough to make almost one trade per day on average in the month
of the IPO allotment, so it seems difficult to argue that the cost of paying attention
alone could generate such a large winner-loser divergence in the IPO stock. Figure
3b plots the experiment by experiment winner-loser ownership rates estimated for
a group of 85,358 investors who made 20 or more trades in the month following
random allotment (treatment: 27,216, control: 58,142). Again, the lottery losers in
these figures do appear substantially more likely to purchase the IPO stock relative
to the full sample, but the average divergence between winners and losers is clear
in the raw comparison of winner and loser mean holdings.?!

Case 4: Investor-Time-Security Specific Transaction Costs. The final possibility
that we consider is that the costs of trading are specific to investors at particular
times and pertain to particular types of positions within their portfolios. For
example, some investors might find that the costs of initiating a trade in the small
position in the IPO security are too high to warrant action. To consider this
possibility, we condition on a set of investors who recently traded in sizes less than

or equal to the size of the IPO allotment.??

49For example, the black triangle (green circle) at the 20 mark on the x-axis is the fraction of
winners (losers) who held the stock and made exactly 20 trades in non-IPO stocks in the first full
month after listing. This figure covers over 98 percent of the sample.

50The number of trades made in the first full month after the IPO are potentially affected by
whether the applicant wins the lottery. Anagol et. al. (2015) finds that lottery winners are slightly
more likely to trade in the month after listing, but the economic magnitude of these effects are
very small.

51 Appendix Table A.1.5 estimates the divergence by trading intensity over the first six months
after listing, and finds the pattern of decline is similar to the full sample.

52For example, suppose IPO A allotted lottery winners 150 dollars worth of shares. In this
case, we check the prevalence of winner-loser divergences only for those investors who made at
least one purchase of size (in a non-IPO stock) less than 150 dollars, made at least one sale less
than 150 dollars, or met both these criteria in the month following the random allotment.
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Figure 2c separately estimates the divergences for applicants who made the
number of trades (specified on the x-axis) of sizes less than or equal to the size
of the IPO allotment. Again, we find the divergence reduces as we look at more
active investors, but remains economically and statistically significant for even
the most active investors. Figure 3c plots the winner loser ownership divergences
estimated for the group of 36,467 investors who made at least 20 trades of sizes
less than or equal to the size of the IPO allotment amount in the month following
random allotment (treatment: 13,235, control: 23,232). Again, we find lottery
losers appear more likely to purchase the stock in more active samples, but the
divergences in the raw data continue to be clear.”?

To investigate the importance of investor-time-security transactions costs, we
can also focus even further on sub-samples that sold, in the month of analysis,
another IPO allotment. In Appendix Table A.1.7 we estimate the divergence
for the sub-sample of investors who were allotted at least one other IPO in the
past six months prior to the current IPO, and chose to sell at least one of these
previously allotted IPO stocks in the month where we estimate the divergence. For
example, in Column (2) of this table, 21,113 investors in the sample actively sold
another IPO allotment that they received in the past six months. The divergence
in holdings between the lottery winners and losers in this sub-sample remains
large and statistically significant.®® It seems difficult to argue that transactions
costs for selling TPO stocks are high for this sub-sample, as we explicitly condition
on having sold an allotted IPO stock. It also seems difficult to argue that these
investors never actively thought about selling their IPO stock, as they actively
sell another TPO stock in exactly the same month.

Overall, we conclude that these results do not support a model in which costs

associated with initiating a transaction are the principal driver of the effects

53 Appendix Tables A.1.6 shows these divergences over the first six months for investors who
made at least one trade in a position less than the IPO allotment value. The pattern of decline is
similar to that in the full sample.

54The fact that these differences are smaller may also reflect that this sub-sample has a smaller
endowment effect, as naturally those who sell IPO allotments as winners are the types who have
lower endowment effects.
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that we detect.

Direct Effects of Losing or Winning the Lottery. Participants in our
natural experiment know that they have been randomly endowed the IPO stock or
returned the cash. Subjects in exchange paradigm experiments are typically not
told that they might have received the other object. This opens the possibility that
changes in WTA or WTP could be induced by participants’ reactions to the event
of either winning or losing the lottery itself, separately from the act of owning the
object. For example, lottery losers might lower their valuation of the IPO stock
when the state of winning the IPO lottery becomes unattainable — the “sour grapes”
hypothesis. We also note here that the presence of any such factor might make it
less likely to observe a divergence in holdings across winners and losers, if both
groups realize that their ownership of the stock is only due to chance.

In general, the idea of “sour grapes” is that agents will endogenously lower their
valuation of a good they desire if external forces make that good unattainable; in our
setting, lottery losers might lower their willingness to pay for the IPO lottery stock
because it is not allocated to them in the lottery.>® Note that, for this explanation,
we have to assume that the sour grapes effect does not go away once the stock starts
trading, because obviously the IPO stock is no longer unattainable once it is traded
on the market. Other related mechanisms that fall under this category would be
cognitive dissonance factors that cause losers to lower their valuations, or any other
general feature of losing the lottery that makes lottery losers value the stock less.

One way to evaluate the sour grapes hypothesis is to see whether lottery losers
are less likely to purchase the IPO stock than they are to purchase a similar stock
that they did not randomly lose. Figure Ha plots the probability that the lottery loser
purchase the IPO stock in the months following the IPO, as well as the probability
that the lottery loser purchases the closest stock in terms of size in the same industry
(a “matched” stock). We find that lottery losers are more, not less, likely to purchase

the TPO stock than a similar sized stock in the same industry. In Appendix Figure

550One unappealing feature of this explanation is that there is a related theory, the “forbidden
fruit hypothesis," which argues that agents will raise their valuation of items that are unattainable;
thus, taken together, the sour grapes and forbidden fruit theories are not falsifiable.
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A.1.5 we also find that winners and losers are equally likely to purchase any stock in
the same sector, again suggesting that losers are not substituting to another similar
stock because they have sour grapes regarding the IPO stock. One weakness with
these tests is that it is possible that lottery losers, ex-ante, had a strong preference
for the IPO stock relative to the matched sample or same sector stock, and so the
sour grapes motivation reduces their potentially higher demand down to the level
of their demand for a similar stock that they did not lose in a lottery.

A second approach to evaluating the sour grapes hypothesis is to test whether
lottery losers are less likely to apply to future IPOs, under the (arguably natural)
assumption that an investor who loses a lottery develops sour grapes for stocks
allocated in TPOs in general. In Anagol et. al. (2015) we find that lottery losers
are approximately one percent less likely to apply to future IPOs, but this effect
is very small relative to the baseline. For example, 46 percent of lottery losers
go on to participate in an IPO in the next month (47 percent of winners do so),
again suggesting that losing the lottery is not in general causing lottery losers
to feel “sour grapes” for IPO lottery stocks. If sour grapes explain the fact that
winners are 30 to 60 percent more likely to hold the IPO stock than losers, it
is puzzling that the divergence in future IPO application behavior is so small.
This test, however, cannot rule out the possibility that lottery losers develop sour
grapes only for the specific IPO stock they lost currently, but do not develop
sour grapes for IPO stocks in general.

A third way is to examine the relationship between the estimated divergence
between winners’ and losers’ holdings, and experience in the IPO market. Under the
sour grapes explanation, the endowment effect is primarily caused by losers choosing
to not purchase the stock. It seems plausible that, under this explanation, IPO
lottery participants would learn over time that having “sour grapes” in a situation
where the initial allotment is randomized is not sensible. A related argument
is that, due to diminishing sensitivity to repeated stimulus, experienced lottery
losers would feel the sour grapes less over time. Either way, under the sour grapes

explanation the reason we would expect experience to reduce the endowment effect
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is by causing experienced lottery losers to buy the stock more. However, empirically
we find that the endowment effect primarily reduces by more experienced winners
being less likely to hold the stock going forward, as opposed to more experienced
losers being more likely to buy the stock. In particular, in Table 5, Column (3)
we find that a lottery loser who has participated in more than eight IPOs is 1.6
percent more likely to hold the TPO stock (relative to an investor who has never
participated in an IPO), whereas a lottery winner who has participated in more
than eight IPOs is 8.4 percentage points less likely to hold the stock. We note,
however, that this fact does not rule out the possibility that all investors, including
more experienced ones, have sour grapes.

Winners might feel particularly good about the stock because they won in a
lottery and therefore choose to hold it longer than other stocks. One simple way
to ascertain the importance of this kind of explanation is to compare the holding
behavior of the IPO stock that was won, to stocks the investor chose to purchase on
their own. We do so by taking the most recent stock an IPO winner purchased on
their own, and plotting the probability that they sold this stock in the months after
they purchased it. Figure 5(c) plots this alongside the probability that the lottery
winner holds the IPO stock that they were allocated. The figure shows that the
probability of holding the TPO stock is slightly higher than the recently purchased
one, but overall the levels are very similar. This casts doubt on the possibility that
winning a stock in a lottery itself has a large impact on future holding behavior.%

Portfolio Versus a Single Choice Context. One possibility is that investors
who lose the IPO lottery decide to buy a substitute stock that takes the place of the
IPO stock that they lost in the lottery. This behavior could potentially generate a
winner-loser ownership divergence without any shift in valuations; lottery winners
would tend to hold the IPO stock because winning that IPO satisfied their demand,
and lottery losers would own a different stock with potentially similar characteristics.
It seems less likely that exchange paradigm participants who are randomly assigned a

mug would leave the lab and then “undo" the endowment effect by also buying a pen.

56Tt also suggests that our results may have external validity beyond just IPO lottery market
(although we cannot test for external validity explicitly).
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Contrary to this hypothesis, however, we find that at the end of the month
after the ITPO stock lists, the lottery winners hold almost exactly one additional
stock relative to the lottery losers. This means that lottery losers are not buying
different stocks to close the gap in the number stocks of held (Appendix Figure
A.1.6). Moving forward in time in Appendix Figure A.1.6, we also see that the
trends in the lottery winner and loser groups are almost exactly parallel, once again
suggesting that the lottery losers do not make differential purchases in substitute
shares. Finally in ? we find that lottery winners are actually 5 to 7 percentage
points more likely to buy non-IPO stocks than lottery losers. If lottery losers
substituted their lottery loss with other shares, we should observe lottery losers
being more likely to buy non-IPO stocks in the future.

5. Information Acquisition Costs and Incentives. 7 present a model
where investors’ decisions to learn about assets are jointly determined with their
choices to hold those assets. In particular, the mechanism in their model is that
investors choose to invest in information about securities they expect to hold; once
they have acquired information about the stock it becomes optimal to hold more
of the stock, and then once they hold more of the stock it is optimal to invest
more in learning about it because a given information signal is more valuable if
the investor owns more shares.

In our setting, both lottery winners and losers should have the same expectations
of holding the stock before the randomized allotment is made, so their incentives to
learn about the stock should be the same before the allotment is made. Therefore,
at the time of allotment, winners and losers should be balanced in the amount of
information they have about the IPO stock. However, once winners are endowed with
the stock, the model predicts that their incentive to acquire additional information
about the TPO stock should be higher, which might be an explanation for the
divergence that we observe. In particular, this additional incentive to do research on
the stock could raise lottery winners” WTA above the level of lottery losers” WTP.

One important feature of our results runs contrary to this explanation for

our observed endowment effect. Lottery winners continue to hold the IPO stock
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even though it produces negative 33 percent returns on average, 6 months after
issuance, and negative 62 percent, 24 months after issuance. In other words, if
lottery winners are acquiring more information about the IPO stock, they appear
to be acquiring particularly poor quality information that is causing them to
hold an underperforming asset.

Other Institutional Differences Between IPO Lotteries and Exchange
Experiments. As discussed earlier, households may have an incentive to submit
multiple applications through different brokerage accounts to increase their prob-
ability of winning. Could this behavior explain the endowment effect? First, it
is not obvious that submitting multiple applications is a good strategy as only
about one-third of IPOs end up being over-subscribed enough to initiate the lottery
procedure. By submitting multiple applications with the intention of only holding
the ones that are allocated, households would take on the substantial risk of their
applications being fully allotted. Note also that this behavior would have to be
common in almost every IPO share category in our dataset, as the endowment effect
on the listing day is large in almost all share categories (See Figure la and 1b), and
since some of these share categories had quite large probabilities of allotment (see
Table 2). Nevertheless, we explore this possibility further in the appendix, and find
other features of this explanation appear strongly inconsistent with our results.?”

We consider the extent to which wealth effects, disincentives for flipping (i.e.,
investors might believe they will be penalized in future IPOs if they flip the
stock), and tax motivated behavior are possible explanations for our estimated
endowment effects.

Advantages of the IPO Lottery Experiment for Studying Endowment
Effects. Our natural experiment also has a few identification advantages. The
setting avoids four specific laboratory features that have been highlighted as
spuriously producing endowment effects in ?: 1) the endowed object is placed

physically in front of the subject, and therefore endowed subjects might gain more

5TFor example, because the randomization is orthogonal to households’ application behavior,
this explanation would predict there should be a large amount of buying amongst households
where all of the accounts were not allocated — we do not observe this in the data.
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information about the endowed versus non-endowed object,?® 2) the endowed object
is called or interpreted as a gift, 3) the procedure measuring WTA and WTP is not
properly incentivized, and 4) the subject is not guaranteed anonymity when making
choices. In our setting, 1) lottery winners do not have access to any information
about the IPO security that lottery losers cannot obtain through publicly available
sources, 2) there is little reason to believe winners would frame receiving the IPO
stock as a gift given that they put down large escrow amounts to apply for the shares,
and have to pay the issue price, 3) we measure the endowment effect by measuring
the actual divergence in holdings of the IPO stock, which investors are clearly
incentivized to choose optimally, and 4) the anonymous nature of financial markets
makes it unlikely that investors are concerned about others observing their choices.

Three other advantages of our setting are worth noting. First, participants in our
setting have a far longer time period to consider their potential decisions regarding
the endowed gamble, including the period before the allotment (when they could
make a plan regarding what to do in the event of winning or losing the lottery); the
period immediately following the allotment; and the many months when we can
track their behavior after the stock starts trading. For example, it would be easy
for lottery applicants to avoid the endowment effect in our setting by making a plan
to sell the stock immediately after it lists if they win the lottery, and to not buy the
stock if they lose the lottery. In contrast, subjects in exchange experiments typically
consider these choices for much shorter periods of time. For example, in the List
(2003) study, subjects were given a piece of sports memorabilia by the experimenter,
took a five minute survey, and then were immediately asked if they would like to
trade for another piece of sports memorabilia. Second, our participants have many
more learning opportunities to exploit during this longer time period (such as peers,
message boards, broker advice, etc.) that subjects in the previous field and lab
experiments do not have access to. In this sense our results can be viewed as a
joint test of the hypothesis that individual market participants demonstrate an

endowment effect, and also that market sources of information do not eliminate this

%8 For example, in List (2003), sports cards traders were physically given the sports memorabilia,
asked to fill out a survey, and then prompted for whether they want to trade.
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anomaly. Third, because we observe the investor’s full portfolio of trades, we can
observe whether the investor actively chooses to buy more of the randomly endowed
gamble, in addition to whether they hold the randomly endowed gamble. This is a

useful direct test that most laboratory and field experiments do not permit.

5 Theoretical Explanations of IPO Lottery En-
dowment Effect

In the previous Section, we focused on explanations for our results where lottery
winners and losers have identical distributions of valuations for the TPO stock
following the lottery, none of which seem completely able to explain our results. In
this section, we therefore consider a series of prominent theoretical explanations
of endowment effects which involve WTA/WTP gaps as a result of the fact of
ownership. We aim 1) to determine the extent to which these models can generate
a WTA-WTP gap when set up and solved in environments approximating our real-
world setting, and 2) to derive additional testable predictions to see whether
they hold up in the data.

1. Issue Price as the Reference Price. A candidate explanation for endowment
effects in general (including those in our setting) is that lottery losers have an
“aversion to bad deals” as described in 7; in particular, lottery losers might see
purchasing the stock after the IPO as a bad deal because the stock typically trades
higher than the issue price even though the issue price is irrelevant for the future
performance of the stock. We formally apply the model of ? to our setting in the
appendix, but summarize the main results of the model here.

The model can generate an endowment effect because lottery losers’ valuations
of the stock are distorted downwards due to their disutility from having to pay
a price higher than the issue price. However, this distortion does not occur for
lottery winners because they already own the stock, and therefore do not have to
transact at the listing price to add it to their portfolio. In addition to predicting an
endowment effect, the model also predicts that the endowment effect should get

smaller as the listing gain gets smaller. The intuition for this result is that as the
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listing gain gets smaller, lottery losers have the opportunity to buy the stock at
a price closer and closer to the price that lottery winners paid. The motivation
for lottery losers to feel like they are getting a “bad deal” when they purchase the
stock in the aftermarket therefore declines as the listing gain decreases.

We find mixed evidence on this prediction. On the day of listing, we find in
the full sample (Figure 1 Panels (a) and (b)) as well as in highly active trading
samples (Figure 2, (i) figures), that there is little evidence of a relationship between
the size of the listing gain and the endowment effect. However, when we look
at the end of the first full month of trading, the tendency of lottery losers to
hold the stock does decline as the absolute value of the return on the IPO stock
increases. These results suggest that at least part of the reason an endowment
effect exists in this setting is that lottery winners’ and losers’ valuations for the
stock are influenced by different reference prices.

An additional prediction of this model is that as the IPO stock price approaches
the issue price over time, we should see the endowment effect go down as lottery
losers become more willing to purchase the stock (assuming the reference price
remains the issue price over time). In Table 4, we find that by the end of the second
month after the IPO, the mean return on the IPO stocks in our sample is minus one
percent relative to the issue price. Thus, if the main reason lottery losers choose not
to purchase the IPO stock is because of an aversion to paying a price higher than
the issue price, we should see much more buying three months after the IPO (on
average). The data shows, however, that only 1.5 percent of lottery losers choose to
own the IPO stock even when it has essentially returned back to the issue price,
which is inconsistent with the sole explanation for the endowment effect being based
on losers feeling that they are engaging in "bad deals" relative to the issue price.

A previous version of this paper included a simple version of a realization utility
based model with loss aversion. In that model the endowment effect resulted
because lottery winners had a potential realization utility gain due to the listing
gain, while lottery losers did not. On the margin, this made lottery winners more

willing to hold the TPO stock than lottery losers. This model made the same
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prediction as the Aversion to Bad Deals model, in that the winner-loser divergence
in holdings should increase as we look at larger and larger listing gains. It is also
worth noting that a more sophisticated version of the realization utility model with
either diminishing sensitivity or time discounting, as in 7 and ? would yield a
disposition effect for winners, i.e., that the selling propensity would increase in
the strength of holding period returns.

2. Expectations as Reference Points — Expected Distribution of Prices.
Within the ? framework, an alternative potential reference point agents might have
is ownership of the stock evaluated using the expected distribution of future prices of
the IPO stock, rather than a constant future price. Interestingly, the expectations
based reference point theory of ? predicts an “endowment effect for risk.” Decision
makers will be less risk-averse when the reference point is stochastic and they face
the choice of a constant alternative, and more risk averse when the reference point
is fixed and they face the choice of a stochastic alternative. The fact that lottery
winners take greater risk by continuing to hold the IPO stock, while lottery losers
choose not to purchase the IPO stock appears consistent with this prediction of

the model, under this formulation of reference points.??%

%97 and ? both present laboratory evidence confirming this prediction of the KR theory. Note
that neither standard expected utility theory nor disappointment aversion (another leading theory
of reference point determination where the reference point is based on the certainty equivalent
of a gamble), predict this so called “endowment effect for risk.” In addition, previous laboratory
research has found that subjects’ risk aversion decreases regarding a given lottery depending on
whether they are initially endowed with the lottery (see ? for a detailed summary). For example, ?
and ? find higher WTA than WTP for gambles, and survey estimates of risk-aversion are sensitive
to whether the subject is endowed with the risk and trading for a sure amount or vice-versa (7).

60? present a theory where recently formed expectations about future outcomes determine
an agent’s reference points. In the case of exchange experiments, one simple prediction is that
subjects might expect to not have the opportunity to trade the endowed good, and so ownership
of the good is the relevant recently-formed reference point. Relative to this reference point, the
option of trading the good away is encoded as a loss, and subjects thus tend to hold endowed
objects more than would be predicted by standard expected utility preferences. In our stock
market setting, however, investors almost surely enter the lottery assuming that the stock price
will vary in the aftermarket, meaning that models of reference points geared towards lotteries are
likely to be more realistic characterizations of our setting.

An additional issue here is that investors in our setting very likely also enter the lottery with
the expectation that they will be able to trade the stock after it is listed, given that these stocks
are traded on the exchange daily. The idea that winners tend to hold the stock because they
expect to own the stock in the future, discounting heavily that they will have the option to trade,
is less plausible. This also means that the endowment effect cannot be a preferred personal
equilibrium (PPE) when applying this model in our setting.5* Our results suggest, at a minimum,
that endowment effects are possible in markets outside the lab even when agents fully expect to
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In the appendix we present a model where lottery participants have expectations
based stochastic reference points. In the model, reference points are determined
by expectations, which in turn are determined by the lottery participant’s plan
of action (which is chosen prior to the stock listing). Lottery losers consider two
possible plans; one where they do not buy the IPO stock after it lists, and one
where they do buy the stock. Similarly, lottery winners consider a plan to sell the
stock versus a plan to hold the stock. We derive the conditions necessary for an
endowment effect to appear: the same agent should want to stick to the plan of
holding the stock if they win the lottery, but simultaneously want to stick to the
plan of not holding the stock if they lose the lottery.

We find that that there is a range of parameters regarding the future success
of the stock for which the “endowment effect plan” to hold the stock if the agent
wins and not buy the stock if the agent loses the lottery is a personal equilibrium
(PE) in the language of ?. The main intuition for this result is the same as in ?;
agents demonstrate an “endowment effect for risk” — they exhibit lower risk aversion
when endowed with a gamble and consider trading it for cash, than when they are
endowed with cash and consider trading it for a gamble.

The range of parameters that can deliver the result control the beliefs of the
agent regarding the future performance of the stock. To provide intuition for this
result, these parameters need to deliver a “medium sized” expected return. If
the expected return is too high (low), the model predicts that losers will buy the
IPO stock (winners will sell), eliminating any endowment effect. In particular,
the probability of the up state has to be high enough so that the agent sticks to
holding the stock when they win, but simultaneously has to be low enough so that
the agent also sticks to holding cash if they lose the lottery. Our model in the
appendix assumes that the stock can go up or down a fixed amount with probability
q and 1 — ¢, and that the gain and loss on the stock are proportional, with factor of
proportionality k (gains are k times losses on the stock). Given this setup, medium

size expected returns can either be delivered by expectations of low probabilities

have the opportunity to trade the endowed objects in the future.
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of relatively high gains, or high probabilities of low gains. That is, the agent will
demonstrate an endowment effect for a wide range of ¢ values, but £ must be
negatively correlated with ¢ for the endowment effect to hold.%2-63

Expectations as Reference Points — Model Including Lottery and the
IPO After Market. The reference dependent models presented so far abstracts
away from the fact that the random assignment in our empirical setting occurs in
lotteries with different probabilities of winning, and in IPOs with different listing
gains. In Appendix B, we present a model of an agent with expectations based
reference dependent preferences who has chosen to enter the lottery for an PO
stock, experiences a listing gain, and decides on a plan of action based on whether
or not she wins the lottery, as well as on how the stock performs in the aftermarket.
This model is a more realistic characterization of our empirical setting.®* This
model delivers similar predictions to the model that we describe above, about the
negative relationship between k and ¢ required to deliver an endowment effect.
Another prediction of the model is that the range of values in which an endowment
effect holds decreases as p, the probability of winning the lottery, increases. The
intuition for this result is that as p approaches 1 in this model, the comparisons
agents make across winning and losing the lottery become less and less important,
because it is unlikely that they will lose the lottery. As the comparison across
winning and losing becomes less important, decision making depends more and
more on the expected return of the stock, which pushes agents towards either always
selling the stock if the expected return is low, or always purchasing if the expected
return is high. This result has some support in the data — looking at our empirical

estimates of how the endowment effect varies with the probability of winning a

62For example, if 0.2 < ¢ < 0.4, depending on the extent of loss aversion, k = 2.6 delivers an
endowment effect, but if 0.8 < ¢ < 1, k must be 0.2 to see an endowment effect.

63The PE condition satisfied by these parameter values only guarantees that the agent does not
wish to deviate from the endowment effect plan. However, it does not guarantee that pursuing
this plan delivers the agent the highest expected utility of all possible plans. When we derive
these conditions (for a “preferred personal equilibrium” or PPE (?)), as in Sprenger (2015), we
confirm that there is no endowment effect for risk. See the Appendix for more details on why the
endowment effect plan is not a PPE in our setting.

64We refer the reader to Appendix B for the details of the model, but focus on presenting the
basic setup and the intuition for our results in the paper.
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given lottery in Table 5, we find that when p goes from zero to 1, we find that
the estimated endowment effect also falls, from 0.73 to 0.59.

3.Warm Glow of Ownership. 7 present a theory where agents choose
their expectations optimally to trade-off the true expectations with the anticipatory
utility that comes from having optimistic beliefs. It seems plausible that, in our
setting, lottery winners might get some anticipatory utility from the possibility that
the TPO stock will turn out to be a “home-run" investment. These optimistic beliefs
would cause lottery winners to hold the stock at greater rates, and could also explain
why lottery winners are more likely to actively buy the stock as well. Of course,
this theory assumes that agents engage in formulating optimal expectations about
an asset that is in their portfolio, but do not form optimal expectations about an
asset they are considering purchasing. A more practical concern is that testing this

theory would require data on expectations, which are not available in our setting.%

6 Conclusion

In the absence of wealth effects or transactions costs, standard economic theories
predict a fundamental symmetry: the same person should not make different
decisions about whether to hold a gamble depending on whether he or she is
endowed with the gamble. Data on the behavior of applicants to Indian PO
lotteries refutes this prediction. We find that randomly receiving shares in an PO
increases the probability that an applicant holds these shares for many months
after the allotment, and that standard factors such as transaction costs, wealth
effects, and taxes are unlikely to explain these effects.

We highlight two broad contributions of our work. First, our results suggest
that endowment type effects may have important in-the-field implications for asset

markets, in addition to the consumer (mugs, pens) and durable goods (sports cards,

650ptimal expectations is a sub-category of the broader “motivated taste-change' explanation
of the endowment effect (??7). Under this explanation subjects value an endowed object more
because possessions are regarded as an extension of the self, and subjects tend to value objects
associated with the self more highly than disassociated objects. Testing this theory would require
data on the strength of participants association with the IPO stock, which we naturally cannot
measure in our setting.
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collectors pins) markets where they have most commonly been studied. Second, our
results lend credence to theoretical frameworks, such as those presented in 7, 7, and
? where an agents’ decision process regarding an asset fundamentally changes once
the asset enters their portfolio; lottery winners do not have any standard reasons to
value the TPO stock more than lottery losers in our setting, but yet continue to hold
it at much higher rates. Although our field context does not allow us to definitively
determine which variant of these models best explains our evidence, exploring the
empirical validity (in other settings) and general equilibrium implications of this

type of buyer/seller divergence appears to be a fruitful area for future research.
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Figure 1: Proportion of Investors Holding IPO Stock and Returns Experience
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Figure 2: Winner-Loser Divergence by Trading Activity

(a) i: By average number of trades per month in six months before IPO allotment
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6. Conclusion

Figure 3: IPO Stock Holding Rates at End of Listing Day Against Listing Returns

Panel A: Investors with > 20 trades per month on average in six months before lottery
(i) Lottery Winners (ii) Lottery Losers

Endowment effect estimate: 0.617***
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Figure 4: PO Stock Holding Rates at End of First Full Month After Listing Against

Returns

Panel A: Investors with > 20 trades per month on average in six months before lottery

(i) Lottery Winners

(ii) Lottery Losers

Endowment effect estimate: 0.427***
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6. Conclusion

Figure 5: Winners’ propensity to hold and losers’ propensity to buy

(a) Losers’ propensity to buy matched stock

—— Fraction of losers buying IPO stock
—— Fraction of losers buying matched stock

— Fraction of winners buyi ck
_ /\~ __________________

I I I I I I I
0 1 2 3 4 5 6

Event time (Months)

(b) Winners’ propensity to hold

= Fraction of winners holding IPO stock
—— Fraction of winners holding most recently purchased stcck

Event time (Months)
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3. Endowment Effects in the Field: Fvidence from India’s IPO Lotteries

Table 1: RANDOMIZATION CHECK

Winner Loser Difference % Experiments
Mean  Mean > 10% significance
DG @
Applied/Allotted an IPO 0.379  0.379 0.000 8.97
Cutoff Bid 0.926  0.925 0.001 10.96
Gross No. of Transactions
No. of Transactions > 0 0.682  0.683 -0.001 9.66
No. of Transactions = 1 to 5 0.449  0.451 -0.002 8.35
No. of Transactions = 6 to 10 0.116  0.115 0.000 11.22
No. of Transactions = 11 to 20 0.070  0.069 0.000 8.87
No. of Transactions > 20 0.048  0.047 0.000 9.92
Gross No. of Transactions < IPO Allotment Value
No. of Transactions > 0 0.635  0.618 0.017 5.48
No. of Transactions = 1 to 5 0.477  0.483 -0.006 7.83
No. of Transactions = 6 to 10 0.087  0.077 0.011 7.66
No. of Transactions = 11 to 20 0.047  0.041 0.006 23.24
No. of Transactions > 20 0.025  0.019 0.007 34.46
THS Portfolio Value 6.673  6.667 0.006 13.05
Portfolio Value = 0 0.214  0.215 0.000 10.18
Portfolio Value = 0 to 500$% 0.129  0.129 0.000 12.94
Portfolio Value = 500 to 1000$ 0.087  0.087 0.000 10.18
Portfolio Value = 1000 to 5000% 0.317  0.317 0.000 8.09
Portfolio Value > 5000% 0.252  0.252 0.000 9.39
Flipper 0.287  0.286 0.001 13.21
No. of Securities Held 9.091  9.013  0.077** 10.96
THS Account Age 3.148  3.143  0.005* 12.53
New Account 0.055  0.055 0.000 5.74
1 Month old 0.067  0.067 0.000 9.14
2-6 Months old 0.191  0.192 -0.001 8.87
7-13 Months old 0.141  0.141 0.000 8.87
14-25 Months old 0.167  0.167 0.000 9.92
> 25 Months old 0.375  0.373  0.002** 12.01

N = 1,561,497. All variables are measured one month prior to the lottery allotment. * ** ***
denote significance at the 10, 5 and 1 percent levels. The flipper dummy takes the value 1 if the
account had ever received an IPO and sold it in the month of receiving it.

Table 2: CHARACTERIZING LOTTERY APPLICATION AND ALLOTMENT EXPERIENCE

Treatment Characteristics Percentile Across Experiments
Mean 10 20 50 75 90

Hm @ 6 @ 6  (©

Application Amount ($) 1,750 155 343 791 1,397 2,093
Probability of Treatment 0.36  0.09 0.20 037 064 0.84
Allotment Value ($) 150 125 130 142 158 169
First Day Gain/Loss (%) 3018 757 610 17.13 37.08 S8T.7T
First Day Gain/Loss ($) 61.89 -11.14 849 2478 53.03 136.94

Median Portfolio Value (t-2,$) 1,748 722 1,088 1,594 2,270 2,999
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Table 3: EFFECT OF WINNING IPO LOTTERY ON OWNERSHIP OF IPO STOCK

Listing Months Since Listing

Dependent Variable: Day 0 1 2 3 4 D 6
I(Holds IPO Stock) Yw 0.700 0.624 0.542 0.519 0.497 0.484 0.474 0.466

y - 0.007 0.010 0.014 0.016 0.015 0.015 0.016 0.016

p  0.693%FFF (0.613%** 0.527#%* 0.503%** 0.482%** 0.468*** 0.458%** 0.449%**
Fraction of Allotment Yuw 0.645 0.576 0.562 0.543 0.533 0.529 0.522

U 0.044 0.058 0.061 0.061 0.064 0.065 0.065

p 0.601%** 0.518%** 0.501%** 0.481%** 0.470%** 0.464%** 0.457%%*
[(Holds Exactly IPO Allotment) 4, 0.587 0.501 0.477 0.456 0.442 0.432 0.423

U 0.001 0.002 0.002 0.002 0.002 0.002 0.002

p 0.586*** 0.499%** 0.475%** 0.454%** 0.440%** 0.429%*** 0.420***
Value of IPO Shares Held (USD) 4, 108.818 84.037 72.500 70.226 59.546 53.168 54.717

U 7.232 8.197 7.767 7.995 7.621 7.004 7.418

p 101.582%#* 775 835%** 4. 727***  62.230%*FF  51.927FF*  46.164***  47.206%**
Portfolio Weight of IPO Stock Yuw 0.133 0.093 0.080 0.077 0.070 0.064 0.064 >

U 0.001 0.002 0.002 0.002 0.001 0.001 0.001 §

p 0.132%** 0.091%** 0.079%** 0.075%** 0.069*** 0.063*** 0.063*** %

§.

Mean Listing Return 42
Mean Return Over Issue Price 19 6 -1 2 -5 -6 -6
Mean Return Over Listing Price -15 -24 -29 =27 -31 -33 -33
Mean Market Return 2 4 3 1 8 10 9

The sample size is 1,561,497 accounts in each month. * ** *** denote significance at 10, 5 and 1 percent levels. ¥, denotes the winner group average,
U1, the loser group average and p the coefficient estimated from equation 1. Market returns are computed over the holding period and obtained from


http://www.iimahd.ernet.in/~iffm/Indian-Fama-French-Momentum/DATA/20160831_FourFactors_and_Market_Returns_Monthly.csv
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Table 4: PROPENSITY TO BUY ADDITIONAL QUANTITY OF IPO STOCK

Months Since Listing
0 1 2 3 4 5 6
Panel A: Full Sample
[(Buy IPO Stock) 4, 0.0166 0.0098 0.0065 0.0047 0.0038 0.0051 0.0041
y 0.0110 0.0055 0.0030 0.0021 0.0014 0.0020 0.0017
p 0.0055%FF 0.0043%*F* 0.0035*** 0.0026*** 0.0023*** 0.0031*%** 0.0024***

Panel B: Investors > Average 20 Trades in Six Months Prior to IPO Allotment
[(Buy IPO Stock) vy, 0.094 0.055 0.035 0.029 0.023 0.027 0.022
v 0.067 0.037 0.025 0.018 0.013 0.015 0.013
p 0.027FFF  0.019%FF  0.011***  0.011%**  0.011%F  0.012%FF  0.008***

Panel C: Investors > Trades in Current Month
[(Buy IPO Stock) v, 0.106 0.079 0.064 0.051 0.040 0.051 0.046
y o 0.077 0.064 0.045 0.032 0.026 0.033 0.032
p 0.029%FF  0.015%*F  0.019***  0.019%**  0.014*F*  0.018%FF  0.014%**

Panel D: Investors > 20 Trades of < Size to IPO Allotment
I(Buy IPO Stock) v, 0.108 0.058 0.039 0.033 0.025 0.031 0.025
vy, 0.080 0.039 0.029 0.020 0.014 0.019 0.016
p 0.027%FF 0.019%*F  0.010***  0.012%**  0.011%F  0.013%F*  0.009***

The sample sizes in panels A,B,C, and D are 1,561,497, 54,678, 85,358, 36,467 respectively. * ** *** denote significance at 10, 5

and 1 percent levels. v, denotes the winner group average, y;, the loser group average and p the coefficient estimated from equation

1.
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1. Supplementary Empirical Appendix

This appendix contains two parts, the supplementary empirical appendix
and the model appendix. In the model appendix we set up and solve
several versions of the 7 expectations based reference dependent utility
model, including one which more closely matches the features of the
real-world setting that we observe. We also present the 7 reference price
theory of the endowment effect. Throughout, we discuss the features
of the empirical results that are consistent and inconsistent with the
predictions of these models.

Supplementary Empirical Appendix

Appendix Tables and Figures
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Table 5: HETEROGENEOUS FIRST-DAY WINNER EFFECTS By PRE-EXISTING

3. Endowment Effects in th%%z%fd\}TE%zH

ence

RAC"J}}ERISTIC
rom

n

dia’s IPO Lotteries

Dependent Variable: First Day I(IPO Stock Held)

Full Sample

i

(Avg. 6 mnths)

it
All trades
(Month after allotment)

0,5,
(Small trades)

(Month after allotment

Winner 0.779%** 0.562%** 0.745%** 0.782%**
# of IPOs Allotted
1 to 2 IPOs 0.000 -0.002 0.000 -0.002
3 to 8 IPOs 0.003** -0.005 -0.001 -0.003
> 8 IPOs 0.009%** -0.002 0.009%** 0.003
Winner x
# of IPOs Allotted
1to 2 IPOs -0.052%** -0.048%** -0.027%** -0.036%**
3 to 8 IPOs -0.095%** -0.054%** -0.043%** -0.038%**
> 8 IPOs -0.165%** -0.098%** -0.0947%** -0.064***
# of Trades Made
1 to 2 trades 0.002%** 0.000 0.008 0.006
3 to 6 trades 0.001%** 0.005 0.018%** 0.012
> 6 trades 0.010%** 0.011 0.012%* 0.0327%**
Winner x
# of Trades Made
1 to 2 trades -0.031%%* -0.140 -0.057%** -0.006
3 to 6 trades -0.096*** -0.026 -0.153%** -0.072
> 6 trades -0.143%** -0.122 -0.119%** -0.140%**
Fraction Past Returns > Listing Returns
0.01 to 0.15 0.008%** 0.001 -0.002 0.008
0.16 to 0.50 -0.007*** -0.002 -0.009%** -0.008
> 0.50 -0.017%%* 0.001 -0.027%** -0.026%**
Winner x
Fraction Past Returns > Listing Returns
0.01 to 0.15 -0.100%** -0.008 -0.018* -0.076%**
0.16 to 0.50 -0.047*%* 0.0607%** 0.025%* -0.021
> 0.50 0.018%** 0.166%*** 0.133%** 0.080%**
Winner x
Listing Returns (%)
<=0 -0.217F%* -0.310%** -0.295%** -0.342%**
26 to 41 percent -0.053%** -0.144%%* -0.157%** -0.138%**
> 41 percent -0.056%** -0.015 -0.052%%* -0.037%**
Winner x
Probability of Treatment
33 to 66 percent 0.004* 0.0317%%* -0.009 0.014
> 66 percent -0.033%** 0.039%** 0.0327%** 0.0327%**
Controls
Portfolio Size Yes Yes Yes Yes
Age Yes Yes Yes Yes
IPO Share Category Fixed Effects Yes Yes Yes Yes
Adjusted R-squared 0.64 0.51 0.48 0.54
Number of observations 1,561,497 54,678 85,358 36,467

Dummies are based on quartile breakpoints of the respective distributions.
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1. Supplementary Empirical Appendix

Table A.1: EXAMPLE IPO ALLOCATION PROCESS: BARAK VALLEY CEMENT IPO
ALLOCATION

Share Category Shares Bid For # Applications Total Shares Proportional Allocation Win Probability ~Shares Allocated # Treatment group # Control group

¢ cx ac accr o H <X ae (1-2%)xac
() 1) 2) ®3) 4) ®) (©) (M ®)

1 150 14,052 2,107,800 4 0.027 57,000 380 13,672
2 300 9,893 2,967,900 8 0.054 80,250 535 9,358
3 450 5,096 2,293,200 12 0.081 61,950 414 4,682
4 600 4,850 2,910,000 16 0.108 78,750 525 4,325
5 750 2,254 1,690,500 20 0.135 45,750 305 1,949
6 900 1,871 1,663,900 24 0.162 45,450 304 1,567
7 1050 4,806 5,046,300 28 0.189 136,500 910 3,896
8 1200 2,900 3,480,000 32 0.216 94,050 628 2,272
9 1350 481 649,350 36 0.244 17,550 117 364
10 1500 1,302 1,953,000 41 0.271 52,800 352 950
11 1650 266 436,900 45 0.298 11,850 79 187
12 1800 317 570,600 49 0.325 15,450 103 214
13 1950 174 339,300 53 0.352 9,150 61 113
14 2100 356 747,600 57 0.379 20,250 135 221
15 2250 20,004 45,009,000 61 0.406 1,217,700 8119 11,885

Note: Columns (7) and (8) are obtained after applying the regulation defined rounding off methodology as described in paper.

Table A.2: IPO CHARACTERISTICS

2007 2008 2009 2010 2011 Al

IPOs in sample

Number of 1POs in sample 12 10 2 22 8 54
Percentage of all 1POs in India 12.04 31.58 11.76 32.84 20.51 22.13
Value of 1POs in sample ($ bn) 0.28 042 0.03 158 0.34 265
Percentage of total value of 1POs in India 3.00 877 0.72 11.01 24.62 7.71
Percentage issued (Retail investors excl. employees) 33.01 34.33 34.88 32.71 35.00 33.50
Over-subscription ratio 21.95 12.63 2.11 10.10 6.72 12.06
No. of randomized share categories (“Experiments”) 109 55 2 177 40 383
Total no. of share categories 178 152 28 398 227 983
No. of IPOs from different sectors

Technology 1 1 0 2 0 4
Manufacturing 8 6 2 12 3 31
Other Services 2 3 0 4 17
Retail 1 0 0 0 1 2
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Table A.3: Comparison of Endowment Effect Sizes With Previous Studies

Study Sample Good A Good B Endowment
Effect (%)

Panel A: Low Experience Samples

Current Study Retail Investors (1st IPO Allotment) IPO Stock Cash 7

Current Study Retail Investors (1 to 2 IPO Allotments) IPO Stock Cash 72

List (2003) Card Show Non-Dealers Baseball Ticket Baseball Certificate 60

List (2003) Pin Show Inexperienced Consumers Valentine’s Pin St. Patrick Day’s Pin 64

List (2003) Card Show Non-Dealers Autographed Photo Autographed Baseball 29

List (2011) September Round Inexperienced Card Show Attendees Sports Memorabilia Sports Memorabilia 73

List (2011) December Round  Inexperienced Card Show Attendees Sports Memorabilia Sports Memorabilia 79

List (2011) February Round  Inexperienced Card Show Attendees Sports Memorabilia Sports Memorabilia 59

Panel B: High Ezperience Samples

Current Study Retail Investors (3 to 8 IPO Allotments) IPO Stock Cash 67

Current Study Retail Investors (>= 8 IPO Allotments) IPO Stock Cash 60

List (2003) Card Show Dealers Baseball Ticket Baseball Certificate

List (2003) Pin Show Experienced Consumers Valentine’s Pin St. Patrick Day’s Pin

List (2003) Card Show Dealers Autographed Photo Autographed Baseball

List (2011) December Round — Experienced Card Show Attendees Sports Memorabilia Sports Memorabilia 31

List (2011) February Round  Experienced Card Show Attendees Sports Memorabilia Sports Memorabilia -10
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Table A.4: LoNG RUN EFrFECT OF WINNING IPO LOTTERY ON OWNERSHIP OF IPO STOCK

Months Since Listing

Dependent Variable: 0 1 4 8 11 12 13 16 20 24
I(Holds IPO Stock) Yo 0.639 0.571 0.513 0.483 0.465 0.458 0.452 0.434 0.401 0.366

Yo 0.012 0.014 0.015 0.016 0.017 0.017 0.017 0.017 0.016 0.015

p  0.628%F* 0.557*F%  (0.498%FF  0.467*FFF  0.448%**  (0.441%**  (0.434%FF  0.417FFF  0.385%FF  (.350%**
Fraction of Allotment Yo 0.662 0.600 0.556 0.544 0.532 0.527 0.529 0.510 0.471 0.449

Yer 0.039 0.046 0.047 0.056 0.062 0.063 0.065 0.068 0.066 0.075

p 0.623%FF* 0.554%F%  0.509%F*F  0.488***  0.470%**  0.464%**  0.463***  0.442%**  0.405%**  (0.374%**
I(Holds Exactly IPO Allotment) 4z, 0.598 0.526 0.467 0.434 0.415 0.409 0.402 0.385 0.356 0.323

Yer 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.003 0.003 0.003

p  0.596%** 0.524*%%  0.466*F*F  0.432%F*  0.413*¥*¥*  0.406***  0.400%**  (0.383*%F*F  (0.354%*F*  (.321***
Value of IPO Shares Held (USD) ¢, 119.187 93.533 57.904 34.810 22.599 20.450 18.281 32.914 33.164 30.496

Yet 7.081 7.657 5.570 4.242 3.066 2.827 2.625 4.363 4.555 5.004

p 112.111F6F  85.876%**  52.34%**  30.572***  19.536*** 17.625%*F* 15.658%** 28.552%**  28.612%** 25 495%+*
Portfolio Weight of IPO Stock Yer  0.136 0.095 0.068 0.055 0.045 0.044 0.040 0.047 0.040 0.034

Yy 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001

p  0.135%%* 0.093***  0.067%FF  0.054%*F*F  0.044***  0.043***  (0.039%**  0.046%FF  0.039%*F*  0.033***
Mean Listing Return 52
Mean Return Over Issue Price 22 9 -8 -25 -46 -54 -57 -51 -49 -44
Mean Return Over Open Price -18 27 -39 -52 -64 -70 -72 -66 -65 -62

The sample includes all IPOs that occurred 24 months before the end of our portfolio data in March 2012. The sample size is 1,090,346 accounts in each
month. * ** *** denote significance at 10,5, and 1 percent levels. ¥, denotes the treatment group average, 3., the control group average and p the
coefficient estimated from the difference-in-difference specification.
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Table A.5: ENDOWMENT EFFECT AND NON-IPO SMALL Si1ZE TRADING INTENSITY

Dep. Var: Months Since Listing

Fraction of Allotment Held 0 1 2 3 4 5 6
Trade size < IPO allotment value

Month before allotment 0.587  0.498  0.480 0460  0.447 0442  0.435

(0.004) (0.004) (0.004) (0.004) (0.005) (0.004) (0.004)

In the Month 0594 0485 0435 0383 0481 0461  0.376
(0.003) (0.004) (0.005) (0.014) (0.005) (0.006) (0.009)

Upto the End of Month 0594 0525 0507 0475 0463 0459  0.451
(0.003) (0.003) (0.003) (0.007) (0.007) (0.007) (0.007)

Trades in position size < IPO allotment value

Month before allotment 0.513 0.408 0.394 0.386 0.378 0.376 0.371
(0.010) (0.010) (0.011) (0.012) (0.012) (0.012) (0.012)

In the Month 0466 0339 0325 0322 0355 0341  0.303
(0.012) (0.012) (0.018) (0.015) (0.018) (0.018) (0.012)

Upto the End of Month 0466 0367 0358 0347 0373 0394  0.390
(0.012) (0.009) (0.009) (0.009) (0.010) (0.009) (0.008)

The sample includes all those accounts that had at least one trade (buy or sell) that is less than or equal to the IPO allotment value. Position size is
estimated at the end of the previous month. Rows named “Upto the End of Month” do not include trades before listing month 0. Standard errors in
parenthesis and all coefficients are significant at 1 percent level.
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1. Supplementary Empirical Appendix

Table A.6: ENDOWMENT EFFECT AND NON-IPO TRADING INTENSITY

Dep. Var: Months Since Listing
I(Holds IPO Stock) 0 1 4 8 11 12 13 16 20 24
0 Non-IPO transaction

In the Month 0.723 0.668 0.519 0.523 0.491 0.478 0.459 0.418 0.358 0.369
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Upto the End of Month 0.723 0.646 0.600 0.580 0.539 0.527 0.521 0.494 0.449 0.410
(0.001) (0.002) (0.003) (0.003) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

1 Non-IPO transaction

In the Month 0.738 0.691 0.653 0.439 0.304 0.350 0.396 0.491 0.428 0.362
(0.001) (0.001) (0.001) (0.002) (0.002) (0.003) (0.003) (0.002) (0.002) (0.002)

Upto the End of Month 0.738 0.763 0.737 0.596 0.582 0.563 0.563 0.546 0.477 0.433
(0.001) (0.001) (0.002) (0.005) (0.006) (0.006) (0.006) (0.006) (0.007) (0.007)

2 to 5 Non-IPO transactions

In the Month 0.569 0.475 0.408 0.343 0.383 0.325 0.352 0.422 0.496 0.313
(0.001) (0.001) (0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Upto the End of Month 0.569 0.577 0.648 0.659 0.641 0.636 0.629 0.614 0.587 0.544
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

6 to 10 Non-IPO transactions

In the Month 0.517 0.410 0.324 0.311 0.287 0.295 0.303 0.357 0.354 0.270
(0.002) (0.002) (0.002) (0.003) (0.004) (0.004) (0.004) (0.004) (0.003) (0.003)

Upto the End of Month 0.517 0.470 0.496 0.522 0.516 0.508 0.502 0.489 0.477 0.447
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

11 to 20 Non-IPO transactions

In the Month 0.518 0.390 0.285 0.278 0.290 0.276 0.281 0.343 0.318 0.232
(0.003) (0.003) (0.003) (0.004) (0.005) (0.005) (0.005) (0.004) (0.004) (0.004)

Upto the End of Month 0.518 0.425 0.408 0.434 0.434 0.429 0.425 0.413 0.398 0.380
(0.003) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

> 20 Non-IPO transactions

In the Month 0.471 0.336 0.238 0.254 0.249 0.233 0.227 0.296 0.259 0.190
(0.004) (0.004) (0.004) (0.005) (0.006) (0.006) (0.007) (0.005) (0.005) (0.005)

Upto the End of Month 0.471 0.384 0.317 0.293 0.291 0.288 0.286 0.281 0.272 0.252
(0.004) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

The sample includes all IPOs that occurred 24 months before the end of our portfolio data in

March 2012. The total sample size is 1,090,346 accounts in each month. Standard errors in

parenthesis and all coefficients are significant at 1 percent level.
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3. Endowment Effects in the Field: Evidence from India’s IPO Lotteries

Table A.7: ENDOWMENT EFFECT FOR INVESTORS WHO SELL PAST RANDOMLY
ALLOTTED STOCK

Months Since Listing
I(Buy IPO Stock) 0 1 2 3 4 5 6

Panel A: Full sample of IPO Lotteries
Yy 0.453 0.315 0.331 0.349 0.319 0.283 0.304
Yeo 0.034 0.037 0.048 0.048 0.051 0.049 0.054
p o 04190 (.278%*%  (.283%F*  (.301%HF  0.268%**  (.234%HFF  (.250%**
N 33558 21113 15080 13397 11403 9388 8128

Panel B: Our Sample 54 IPO Lotteries
Y 0.406 0.302 0.312 0.348 0.300 0.259 0.305
Yeo 0.033 0.038 0.052 0.051 0.051 0.051 0.057
p 03731 (0.264%*%  0.261%FFF  (0.207HHF  (0.249%**  (0.208%HFF  (0.247***
N 21997 14176 9195 8946 7486 6248 5463
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Table A.8: HETEROGENEOUS FIRST-MONTH WINNER EFFECTS By PRE-EXISTING

ACCOUNT CHARA?T%%% ementary Empirical Appendiz

Dependent Variable: First Month I(IPO Stock Held) Full Sample i it i, 7, t
All trades (Small trades)
(Avg. 6 mnths)  (Month after allotment)  (Month after allotment)

Winner 0.660%** 0.650%** 0.698%** 0.713%*

# of IPOs Allotted

1 to 2 IPOs -0.001 -0.0047954 -0.003%** -0.009
3 to 8 IPOs 0.007*** -0.008** -0.001%* -0.006
> 8 IPOs 0.022%** -0.0036644 0.009*** 0.002
Winner x
# of IPOs Allotted
1 to 2 IPOs -0.062%** -0.032%** -0.043%%* -0.034**
3 to 8 IPOs -0.126*** -0.035*** -0.088*** -0.040**
> 8 IPOs -0.233%** -0.102%** -0.186%** -0.087**

# of Trades Made

1 to 2 trades 0.002 0.000 0.008 0.006

3 to 6 trades 0.001 0.005 0.018 0.012

> 6 trades 0.001 0.011 0.002 0.022
Winner x

# of Trades Made

1 to 2 trades -0.031 -0.140 -0.057 -0.006

3 to 6 trades -0.096 -0.026 -0.153* -0.072

> 6 trades -0.141%* -0.122 -0.119 -0.140
Fraction Past Returns > Listing Returns

0.01 to 0.15 0.010%** -0.0023914 0.013*** 0.017**

0.16 to 0.50 -0.012%%* -0.0001963 -0.009%** 0.000

> 0.50 -0.021%** 0.015* -0.015%** -0.011
Winner x

Fraction Past Returns > Listing Returns

0.01 to 0.15 -0.124%** 0.047** -0.167F%* -0.120%*

0.16 to 0.50 -0.040%*** 0.106*** -0.074%** -0.052%*

> 0.50 0.026*** 0.189%** -0.004** 0.048**
Winner x

Listing Returns (%)

<=0 -0.185%** -0.255%** -0.245%%* -0.296**

26 to 41 percent -0.058%** -0.131%** -0.043%** -0.125%*

> 41 percent -0.145%** -0.115%** -0.170%** -0.109**
Winner x

Probability of Treatment

33 to 66 percent -0.019%** -0.046%** -0.066%** -0.051%*
> 66 percent 0.023%** 0.003%** -0.021%** 0.009
Controls
Portfolio Size Yes Yes Yes Yes
Age Yes Yes Yes Yes
IPO Share Category Fixed Effects Yes Yes Yes Yes
Adjusted R-squared 0.64 0.51 0.48 0.54
Number of observations 1,561,497 54,678 85,358 36,467

Dummies are based on quartile breakpoints of the respective distributions.
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Table A.9: HETEROGENEOUS FIRST-WEEK WINNER EFFECTS BY PRE-EXISTING
3. Endowment Effects in th%%z%fd\}TE%zH enee qf%% Tiidia’s IPO Lotteries

Dependent Variable: First Week I(IPO Stock Held) Full Sample i it i, J,t
All trades (Small trades)
(Avg. 6 mnths)  (Month after allotment)  (Month after allotme:

Winner 0.701%%* 0.534%** 0.610%** 0.718%**
# of IPOs Allotted

1 to 2 IPOs -0.001%** -0.002 0.001 0.000

3 to 8 IPOs 0.003%** -0.002 0.004* 0.000

> 8 IPOs 0.013%** 0.005 0.017#%* 0.011%**
Winner x

# of IPOs Allotted

1to 2 IPOs -0.037%** -0.039%** -0.028%** -0.039%**

3 to 8 IPOs -0.081%** -0.044%** -0.044%** -0.040%**

> 8 IPOs -0.167%** -0.106%** -0.114%** -0.083%**
# of Trades Made

1 to 2 trades 0.004 0.012 0.043 0.034

3 to 6 trades 0.003 0.022 0.099 0.040

> 6 trades 0.020 0.060 0.186 0.087
Winner x

# of Trades Made

1 to 2 trades -0.002 -0.007 -0.003 -0.004

3 to 6 trades -0.003 0.007 0.000 0.003

> 6 trades -0.012 -0.024 -0.021 -0.020
Fraction Past Returns > Listing Returns

0.01 to 0.15 0.007*** -0.002 -0.001 0.007

0.16 to 0.50 -0.008*** 0.000 -0.005* -0.005

> (.50 -0.014%** 0.011* -0.011%** -0.013%**
Winner x

Fraction Past Returns > Listing Returns

0.01 to 0.15 -0.152%** 0.003 -0.033*** -0.105%**

0.16 to 0.50 -0.081%** 0.060 0.0023252 -0.057H**

> 0.50 -0.007*** 0.148*** 0.095%** 0.035%*
Winner x

Listing Returns (%)

<=0 -0.245%** -0.262%** -0.235%** -0.303%**

26 to 41 percent -0.019%** -0.107%** -0.114%%* -0.092%**

> 41 percent -0.105%** -0.048%*** -0.074%** -0.060***
Winner x

Probability of Treatment

33 to 66 percent -0.002 0.0297%** 0.004 0.015
> 66 percent 0.013%** 0.059%** 0.061*** 0.064%***
Controls
Portfolio Size Yes Yes Yes Yes
Age Yes Yes Yes Yes
IPO Share Category Fixed Effects Yes Yes Yes Yes
Adjusted R-squared 0.64 0.51 0.48 0.54
Number of observations 1,561,497 54,678 85,358 36,467

Dummies are based on quartile breakpoints of the respective distributions.
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IPO FREQUENCY

Figure A.1
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Figure A.2
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3. Endowment Effects in the Field: Evidence from India’s IPO Lotteries

Figure A.3: Comparison of Lottery Sample to India and the United States

(a) Portfolio value distribution
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1. Supplementary Empirical Appendix

Figure A.4: Histogram of no. of investors with trade size < allotment size
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Figure A.5: Losers’ Propensity to Buy in the IPO sector
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3. Endowment Effects in the Field: Fvidence from India’s IPO Lotteries

Figure A.6: Number of Securities Held (Including IPO Stock)
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911

Figure A.7: Proportion of Investors Holding IPO Stock and Returns Experience: First-week after Listing

(a) Holding Returns at End of First Full Week after Listing (%) (b) Holding Gain at End of First Full Month After Listing (USD)
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3. Endowment Effects in the Field: Fvidence from India’s IPO Lotteries

Figure A.8: TPO Stock Holding Rates at End of First-week Against First-week Returns

Panel A: Investors with > 20 trades per month on average in six months before lottery
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1. Supplementary Empirical Appendix

B Regulation governing IPO framework in India

The Securities Exchange Board of India (SEBI) Disclosure and Investor Protection
Guidelines (till 2009), henceforth “DIP guidelines”, SEBI Issue of Capital and
Disclosure Requirements Regulation (since 2009), henceforth “ICDR regulations”,
and Section (19) (b) (2) of the Securities Contract Regulation Rules (“SCRR”)
made under the Securities Contract Regulation Act, 1956, alongside the Companies
Act, 1956 govern the IPO process in India.

Eligibility criteria

An unlisted company may make an initial public offering (IPO) of equity shares
if it meets the following conditions alongside at least 1000 investors participate

in the IPO process (Rule-set 1): %

1. The company has net tangible assets of at least Rs. 3 crores in each of the
preceding three full years (calendar years), of which not more than 50% is held
in monetary assets. If more than 50% is held in monetary assets, the company

has firm commitments to deploy excess monetary assets in its business.

2. The company has a track record of distributable profits (as defined in the
Companies Act, 1956), for at least three years out of the immediately preceding

five years.

3. The company has a net worth of at least Rs. 1 crore in each of the preceding

three full years (calendar years).

4. The aggregate of the proposed issue and all previous issues in the same
financial year in terms of size does not exceed five times its pre-issue networth

as per the audited balance sheet of the last financial year.

66See Page 15-16, Section 2.2.1 of DIP guidelines, which is similar to Chapter II of the ICDR
regulations, accessed on 20 April 2015. They can be accessed at http://www.sebi.gov.in/
guide/sebiidcrreg.pdf and http://www.sebi.gov.in/guide/DipGuidelines2009.pdf
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3. Endowment Effects in the Field: Evidence from India’s IPO Lotteries

When a company does not fullfil these requirements, it can still undertake an

IPO provided the following conditions are fulfilled (Rule-set 2):67

1. The issue is made through the book-building process, with at least 50% of
net offer to public is allotted to Qualified Institutional Buyers (QIBs), failing

which all subscription amount will have to be refunded.®®

2. The minimum post-issue face value of capital will be Rs. 10 crores.

C Allocation procedure

All 54 TPOs in our sample are book-built TPOs, where the net offer to public
is allocated according to the same procedure.?” All book-built IPOs need to
mandatorily achieve a minimum of 90% of the initial intended issue.™ When a
company undertakes a 100% book-built issue, the following percentage of issue will

have to be initially set aside for the following investor categories: "

1. Not less than 35% of the net offer to public will be made available to retail

investors

2. Not less than 15% of the net offer to public will be made available to non-

institutional investors

3. Not more than 50% of the net offer to the public shall be made available for
allocation to QIBs.

67See Page 18, Section 2.2.2 (i) - (iv) of the DIP guidelines, identical to the conditions in ICDR
regulations, accessed on 20 April 2015 at http://www.sebi.gov.in/guide/sebiidcrreg.pdf
and http://www.sebi.gov.in/guide/DipGuidelines2009.pdf

68QIBs are defined under Chapter I, definition (zd) of the ICDR regulations (Page 6). This
includes mutual funds, venture capital funds (domestic and foreign), a public financial institution,
banks, insurance companies and so on.

69See Section 11.3.5 (i) of DIP guidelines accessed on 20 April 2015.

"0See ICDR (2009), Chapter I (14) (1), page 13

"I'The Indian regulator, SEBI, introduced the definition of a retail investor on August 14, 2003
and capped the amount that retail investors could invest at 50,000 rupees per brokerage account
per IPO. This limit was increase to 100,000 rupees on March 29, 2005, and again increased to
200,000 rupees on November 12, 2010. See Section 11.3.5 (i), footnotes 480,481,482,483 on Page
216 of the DIP guidelines. “Non-institutional buyers” are all those who are not QIBs and Retail
Investors - see Chapter I, definition (w) on Page 5 of ICDR regulations.
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1. Supplementary Empirical Appendix

When the company does not fulfill the criteria set in Rule-set 1, then condition (3)
above is mandatory. Further, when the company undertakes an IPO under the SCRR,
the percentage requirements become 30% (retail investors), 10% (non-institutional
investors) and a mandatory 60% to QIBs. Any shares set-aside for employees of the
company is also considered to be under the “retail investor” category.”

Once the bidding is complete, if any of the investor categories are under-
subscribed (subject to the allocation rule above), then, with full disclosure and in
conjunction with the stock exchange, a company can reallocate the shares to the
other investor categories.” However, the QIB category cannot be under-subscribed
if the IPO is undertaken under Rule-set 2 or Section (19) (2) (b) of the SCRR.

While the regulation provides for alternative in the event of under-subscription,
in reality, this occurs more frequently with non-institutional investors. Data from
our sample of 54 IPOs show that non-institutional buyers are almost always under-
subscribed. Retail investors are therefore very important to achieve the minimum
of 90% of the initial intended issue, without which the IPO will fail.

In our sample of 54 IPOs, firms issue under both the SCRR and the DIP/ICRR
paths. Further, the ex-post percentage of total final public issue to retail investors
can be higher than the aforementioned values. This will have to be explicitly
disclosed at the time of allotment of an issue. In our sample, nearly one-third of
the total (final) issue size is always allotted to retail investors. Figure C.1 plots the
percent of issue to retail investors who are not employees of the company.™

Finally, the Indian regulator, SEBI, introduced the definition of a retail investor
on August 14, 2003 and capped the amount that retail investors could invest at
Rs. 50,000 per brokerage account per IPO. This limit was increased to Rs. 100,000
on March 29, 2005, and once again increased to Rs. 200,000 on November 12,

2010. This regulatory definition technically permits institutions to be classified as

"Note that this has been inferred from Section 11.3.5 (i), read with footnotes 480-483 on Page
216 of the DIP guidelines.

"See DIP guidelines (2009), Section 11.3.2 (v) read with 11.3.5 (i) and 11.3.5 (iv) (Pages
217-219).

"For IPOs with values less than 30% of issue, the remainder of the share comes from employees
of the firm.
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3. Endowment Effects in the Field: Evidence from India’s IPO Lotteries

Figure C.1: PERCENTAGE OF TOTAL ISSUE ALLOCATED
TO RETAIL INVESTORS (EXCL. EMPLOYEES)
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retail when investing amounts smaller than the limit, but over our sample period,

we verify using independent account classifications from the depositories that this

hardly ever occurs, and accounts for a minuscule proportion of retail investment

in IPOs. We simply remove these aberrations from our analysis.

D The Probability of Treatment

Let S be the total supply of shares that the firm decides to allocate to retail

investors. Let ¢ = 1,...,C index “share categories,” which are integer multiples of

the minimum lot size x for which investors can bid. The set of possible numbers

of shares for which investors can bid is therefore: z,2z,....Cx.” Let a. be the

total number of applications received for share category c¢. The total demand D

for an IPO with C share categories is then:

">Note that the minimum lot size is also the mandatory lot size increment.
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c
D =) czxa,. (C.0)
c=1

Retail oversubscription v is then defined as:

(C.1)

sl

As described in case (1) in the paper, if v < 1 at the ceiling price, then all investors
get the shares for which they applied, and if v > 1, one of cases (2) or (3) will apply.™

In the latter two cases, the first step is to compute the allocations for each
share category under a proportional allocation rule, and compare these allocations
to the minimum lot size x.

Let J < C be the share category such that share categories ¢ € [J, ..., C] receive
proportional allocations which are greater than or equal to x, and share categories
d €[1,...,J) receive proportional allocations which are less than z. If J =1 then
we are in case (2), otherwise we are in case (3).

In either case, investors in share categories ¢ > J receive a proportional allotment

C c
C:JU

cx

<, and a total number of shares equalling - a.. However, investors in

share categories ¢ € [1,...,J) cannot receive the minimum of = shares (since

J is the cutoff share category, i.e., % < z). Let Z be the remainder of
shares to be allotted, i.e.,””
C e
Z=5-> |-za.. (C.2)
c=J v

These are the shares allocated by lottery in case (3). Note that in this lottery,
the possible outcomes are winning the minimum lot size z with probability p.,
or winning nothing with probability 1 — p..

By regulation, the probability of winning in share categories ¢ € [1,...,J)

must be exactly proportional to the number of shares applied for, meaning that

76 At this stage it is possible that some shares will be added to the pre-specified supply to retail
investors if employees and/or institutional investors participate in amounts less than they are
offered. However, total firm supply is restricted by the overall number of shares that the firm
decides to issue, which is fixed prior to the commencement of the application process for the IPO.
Thus, it is not possible for firms to add more shares in response to greater than expected demand.

""By regulation, the shares to be allotted ZS:J ~wa, is rounded to the nearest integer.
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3. Endowment Effects in the Field: Evidence from India’s IPO Lotteries

in expectation, investors will receive their proportional allocation. That is, for

share categories ¢ € [1,...,J):

Der dx d

Per—1 - (Cl — 1)[E - c — ]_ <03)

The combination of equation (C.22) and the fact that the total remaining shares

are described by equation (C.21) gives us:

J—1 J-1
> (pe)zag + Y (1 —pos) x0=Z. (C4)
=1 =1

Solving (C.23), we get that p, = % of winning exactly x shares in share

categories ¢ € [1,...,J).

In general, the probability of winning increases proportionally with the number
of share lots bid for ¢, and decreases with the overall level of over-subscription v.
This implies that the probability of winning will vary across share categories within
IPOs, as well as across IPOs. In other words, there may be some self-selection
of investors into share categories — that is, by applying for more share lots, they
increase the probability of winning. However, conditional on two investors applying
for the same share category in the same IPO, the investor chosen to actually receive
the shares will be random. In other words, the relevant control group is the set of

investors within the same share category who were unsuccessful in the lottery.

E Relationship between Endowment Effect and Random-
ized Experience

While the fact that such experienced lottery winners are so much more likely to
hold the stock than similarly experienced losers is suggestive that experience does
not eliminate this anomaly, it is possible that this correlation is confounded by
selection effects. For example, our experience measure might be correlated with
some unobserved factor that causes more experienced winners to hold the stock
more than similarly experienced lottery losers (i.e., the negative effect of experience
on the divergence of holdings between winners and losers are somewhat canceled

out by this omitted factor when we estimate correlations). We note that this type

123



1. Supplementary Empirical Appendix

of selection contradicts the most commonly assumed selection bias as discussed in
? and ?7: those with more experience are typically thought to be more likely to
trade in endowment experiments due to unobserved factors, because it is natural to
think that to survive in a market (and gain experience) one would need to eliminate
inefficient behavior such as falling prey to endowment effects. Nonetheless, we
cannot rule out the presence of such unobserved factors based on correlations alone.

To make some progress on this issue, our second analysis exploits the random
assignment of previous lotteries to provide a sharper comparison of whether the
behavior of more experienced lottery players converges more than that of less
experienced lottery players.” We find evidence consistent with such convergence:
when we compare the behavior of randomly chosen winners and losers in future
IPOs, we find that those who have previously won IPOs have smaller estimated
endowment effects in the future. But, similar to the experience correlations discussed
above, the rate of learning appears to be slow. Overall, the evidence from these
two types of analyses suggests that while experience does substantially reduce
this particular endowment effect, it seems unlikely that experience eliminates
this anomaly completely.

Table E.1 presents the results of ten such comparisons. We focus on the 10 pairs
of lotteries in our data with the largest number of applicants that applied to both
lotteries within the pair. For example, the first row analyzes the behavior of the
156,120 applicants who applied to both BGR Energy Systems and Future Capital
IPOs. We term the first IPO as “IPO a” (BGR in this case) and the second IPO
as “IPO b” (Future Capital in this case). BGR Energy listed on January 3, 2008
and had a listing return of 66.9 percent. However, after listing BGR had a 29.9
percent loss up until the date that Future Capital listed (February 1, 2008). We
are interested in whether the allotted BGR applicants show smaller endowment

effects in their behavior regarding Future Capital.

"8While our main comparison of lottery winners and losers constitutes a randomized experiment,
our comparison of past winners and losers in future lotteries has one potentially important selection
issue: the choice of whether to participate in future IPOs may depend on previous experience. We
discuss how this type of selection might affect this set of experience estimates.
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To estimate whether BGR winners show a smaller endowment effect in decisions
regarding Future Capital we estimate the following regression model, where the

sample only includes accounts that applied to both BGR and Future Capital:

Yircarcy, = @+B1WIn-b; o, o, +B2Win-b; ¢, o, *Win-a; ¢, o, +83Win-a; ¢, ¢, +Vew,co +€ircarcs
(C.5)

Yi.cac, 15 an indicator for whether account ¢ in share category ¢, of IPO a and in
share category ¢, of IPO b holds the IPO b stock at the end of the first month after
IPO b was listed (i.e. at the end of February 2008 in the case of the BGR/Future
Capital pair represented in the first row. Note that a given account can only appear
in exactly one share category in IPO a and one share category in IPO b because

an account can only apply once to a given IPO. Win-b, ., ., and Win-a; ., ., are

by
indicators for whether account ¢ was allocated in IPO b and PO a respectively.
Vea,cr, ar€ fixed effects for each possible pair of share category combinations across
IPOs a and b. We include these fixed effects to control for any factors that are
common to people who chose to apply to given share categories in IPOs a and b.

We are primarily interested in the coefficient 5, which tells us the difference
in the estimated endowment effect in IPO b based on whether the account won
the lottery in IPO a. Column (8) of Table E.1 reports (s for the ten largest
pairs of IPOs in terms of the number of applicants who applied to both. We
would expect (5 to typically be negative, because observing the performance of
the IPO stock after listing should cause greater convergence in the behavior of
winners and losers in the next IPO.™ Consistent with this, we estimate negative
coefficients in nine of the ten examples studied here. On the other hand, the
estimated coefficients are small, suggesting that an account would require a very

large number of these experiences before the endowment effect was eliminated

(similar to our conclusion in the previous analysis).

™For example, lottery winners who experience a negative open return should sell future
allotments faster, thus reducing the convergence. Similarly, lottery losers who observe the IPO
stock having a positive listing return should be more likely to purchase the stock on the open
market.
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It is important to note that there are two potential mechanisms underlying
our negative estimates of $5. The first is that winning shares in IPO a causes a
given account to exhibit the endowment effect less in a future IPO (i.e. a causal
effect of experience). The second is that the types of players who choose to apply
to IPO b after winning shares in IPO a are differentially selected to be the type
who have lower endowment effects (i.e. a selection effect). Previous studies, such
as 7, focus on separating these two effects, but this is difficult in our setting as
the choice to apply for a future IPO is endogenous.

However, we argue that in this particular analysis the joint effect is a primary
object of interest; it tells us whether the two forces of investors learning from
experience as well as the force of experiences driving some investors out of the
market, lead to lower market anomalies (such as the endowment effect) over time.
If winning previous lotteries makes an account more likely to apply (which we show
in ?7), then these results would suggest that there will be a modest reduction in
endowment effects under the selection mechanism as well. For example, suppose
the entire difference in behavior of past winners and losers in future IPOs is due
to selection, this would mean that winning past lotteries induces a selection of

investors who exhibit lower anomalies in the future.
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Table E.1: EFFECT OF WINNING PREVIOUS LOTTERIES ON PROPENSITY TO HOLD FUTURE IPO ALLOCATIONS

IPO A IPO B Differential
Name Listing Date Listing Return (%) Open Return (%) Name Listing Date Observations Winner Effect
BGR 1/3/2008 66.88 -29.86 Future Capital ~ 2/1/2008 156120 -0.024%**
[0.003]
Career Point 10/6/2010 48.71 -15.92 P&S Bank 12/30/2010 34488 -0.026%**
[0.009]
Omaxe 8/9/2007 29.03 -27.54 BGR 1/3/2008 34574 -0.010
[0.006]
Vishal Retail 7/4/2007 75.01 187.50 BGR 1/3/2008 49150 -0.022%**
[0.007]
Omaxe 8/9/2007 29.03 -35.48 Future Capital ~ 2/1/2008 34418 0.011*
[0.006]
Vishal Retail 7/4/2007 75.01 187.50 Future Capital ~ 2/1/2008 46816 -0.025%**
[0.007]
Meghmani 6/28/2007 75.00 -14.44 BGR 1/3/2008 29304 -0.080***
[0.008]
Omnitech 8/14/2007 75.00 -3.67 BGR 1/3/2008 29276 -0.038***
[0.010]
BGR 1/3/2008 66.88 -10.32 P&S Bank 12/30/2010 48469 -0.001
[0.007]
Future Capital ~ 2/1/2008 36.47 -81.82 P&S Bank 12/30/2010 94337 -0.008

[0.007]
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F Alternative Explanations for the Endowment Effect

Wealth Effects and House Money Effects. ? introduced the idea that decision
makers may be willing to take more risk when they have recently experienced a
gain. In our setting, lottery winners experience a 42 percent gain on their IPO stock
allotment upon listing, whereas lottery losers (most likely) do not experience a large
gain on the cash returned to them as part of their endowment. Under the house
money effects explanation, lottery winners choose to hold the IPO stock because
they are more willing to take risk after experiencing the listing gain (i.e. they
view holding the stock as “gambling with house money”). Note that a traditional
wealth effect would deliver the same result, although the wealth would presumably
be spread across all of the securities the investor holds rather than increasing
the allocation to the IPO stock alone.

One prediction of the wealth effects/house money hypothesis is that we would
expect lottery winners tendency to hold the stock to increase as they experience
greater gains on the IPO stock (because the amount of house money earned is
greater in this case). Contrary to this, we find that the endowment effects are
typically smaller as the gains experienced in the IPO stock increase. Figure 1 (a)
and (b), in the main paper, shows little relationship between the listing gain earned
on the stock and the tendency for the winners to hold the stock; house money
effects would predict that those with the largest listing gains should be most likely
to take the risk of holding the IPO stock longer. And, moving forward in time,
Figures 1 (c¢) and (d) in the paper show that the endowment effects get substantially
smaller as returns on the IPO stock in the first month increase.

Monetary Transaction Costs. One possible explanation for the divergence we
find between lottery winners and losers holding the IPO stock is that monetary
transaction costs make it unprofitable for lottery winners to sell the stock, and
simultaneously make it unprofitable for lottery losers to buy the stock. Note that
under this explanation, both winners and losers have the same optimal holding
levels, but the cost of getting to that optimal holding level outweighs the benefits

of arriving at the optimal holding level.
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In terms of monetary transaction costs, there are two primary types of costs
to consider: (1) brokerage commissions, and (2) securities transactions taxes.®
Our data does not include information on brokerage commissions costs, and we
are not aware of any representative datasets on commissions for Indian equity
accounts. However both the Bombay and National Stock Exchanges specify that
brokers may not charge more than 2.5 percent of the valuation of a transaction as a
brokerage fee. In our sample the average IPO allotment is worth 150 USD, so the
commissions to buy or sell the full allotment are on average less than 3.75 USD. In
reality commissions are typically much lower than the statutory maximums because
of competition amongst brokers. We hand collected brokerage commissions from
twenty major retail brokerage firms over our sample period (2007-2012) and found
the commissions to vary between .3 to .9 percent of the transaction value, much
less than the statutory maximum of 2.5 percent (Table F.1). Securities transaction
taxes are an additional 14.5 basis points (7). Given these estimates it seems unlikely
that monetary transactions costs would cause such a large divergence between the
holdings of lottery winners and losers of the IPO stock.

Multiple Applications Per Household. It is worth noting here that regardless
of the number of applications that households put in, if they only make their buying
or holding decisions based on a comparison of their valuation of the stock versus
the market price (as they would in the simplest expected utility model), then they
should all end up owning the same number of shares after the stocks lists. This is
because the randomization of share allocations is orthogonal to valuations, meaning
that the simplest expected utility model will continue to predict no endowment
effect regardless of whether households are submitting multple applications or not.

A further possibility to consider is that households have some target number of

shares, and this target is lower than the total amount they would be allotted across

all their applications. For example, suppose that all households decide that they

80In addition to the direct securities transaction tax (12.5 basis points paid to central government
during our sample period) there are three additional taxes charged at the time of transaction: a
service tax on brokerage (10.3 percent of the brokerage commission paid to central government), a
stamp duty (1 basis point of transaction value paid to state government), and a SEBI turnover
fee (1 basis point of transaction value paid to stock market regulator).
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would like to hold one allotment, and pursue an application strategy consistent with
this desire. To fix ideas, consider an example where there are 400 applications to a
given category that come from 200 households, with 2 applications per household.
Let the probability of winning the IPO be p. Given the randomization, this scenario
implies that there will be 200p* households with two winning accounts, 400p(1 — p)
households with one winning account and one losing account, and 200(1 — p)?
households with no winning accounts. With a one share per household target, we
might see an endowment effect because households will tend to hold in the accounts
in which they won, and not purchase in the accounts in which they lost. More
specifically, 200p* households with two wins will each sell one share, 400p(1 — p)
households will hold the share they won, and do nothing else on the losing application,
and the 200p(1 —p) households who lost will buy one share each. The total fractions
conditional on winning and losing will therefore exhibit an “endowment effect.”
The key problem with this explanation is that the randomization of the lottery
will naturally also produce many households where none of the accounts are allotted
(200p(1 — p) in the above example), yet these households should have the same
target number of shares to hold as households that were allotted (recall that winning
and losing the lottery is orthogonal to target share demands). If this target share
explanation is correct then we should observe many loser accounts buying on the
first day, especially when the probability of winning is low on average (as it is
in our data, p = 0.36, see Table 2). However, the fact that lottery losers do not
in general buy the IPO stock is strongly inconsistent with this kind of multiple
applications per household theory explaining our results.
Flipping Incentives. In the United States, IPO shares are typically rationed to
brokerage clients who have provided large value to the brokerage firm. There is
substantial anecdotal and empirical evidence to suggest that brokerages discourage
investors from quickly selling their allotted shares, in particular by threatening
that “flippers" will be denied future IPO allocations (?). Thus, in the United

States, it is possible that allottees of IPOs choose to hold the stock much longer
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than statistically similar non-allottees because they believe selling the stock will
reduce their chances of being allotted future IPOs.

A few factors make this explanation less plausible in the Indian setting. First,

Table 3 in the paper shows that lottery winners and losers are balanced in terms
of their tendency to quickly sell IPO stocks in the past; the fraction of lottery
winners who sold an TPO in the first month after allotment (28.7 percent) is almost
exactly equal to the fraction of lottery losers who sold an TPO in the first month
after allotment (28.6 percent). If the lottery process penalized “flippers" we would
expect lottery winners to be less likely to have quickly sold an TPO in the past.
Second, the lottery process is publicly advertised after allocations are made (i.e.
the fraction of allottees randomly chosen appears in newspaper articles etc.), and
it is generally common knowledge that winners are chosen at random; therefore,
it is not clear why investors would assume that selling their shares quickly would
hurt them in future allocations.
Tax Motivated Behavior. Two distinct tax issues might influence the holding
behavior of lottery winners in the Indian context. First, the capital gains tax rate
changes from 15 percent if a holding is sold within a year (a short term gain/loss)
to zero if the holding is sold after one year. Investors holding the IPO stock at
a gain might therefore have an incentive to wait until after one year of allotment
to avoid paying the short term capital gains tax. Under this hypothesis we would
expect the endowment effect estimates to drop substantially between the twelfth
and thirteenth month after allotment. However, Appendix Table A.1.4 in the
paper shows only a small drop in the divergence between winner and loser holdings
going from the twelfth to thirteenth month.

The second issue is that in India short term (less than 1 year) losses on stocks
can be applied to short term gains on stocks to reduce capital gains tax liability.8! ?
notes that under these types of tax incentives, and the presence of transactions costs,

investors should slowly realize their losses with the volume of sales peaking right

81 During the period of our study short term capital gains were taxed at 15 percent. There was
no long term (greater than one year) capital gains tax, and therefore no opportunity for long term
tax loss offsets.
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before the end of the fiscal year. This might give lottery winners an incentive to
generally hold their shares that have experienced losses until the end of the Indian
fiscal year (March 31), and then sell them in right before the end of the fiscal year.
Under this hypothesis we would expect the divergence between buyers and sellers
to drop in March as lottery winners sell their losses on IPO stocks as tax offsets.

To investigate this hypothesis we regress a dummy for whether an account
holds the IPO stock on an indicator for being a winner in the lottery, a full set of
interactions of the winner indicator with the calendar month of the year, and a full
set of interactions between the winner indicator and the number of months since the
IPO was allotted. The regression also includes the calendar month and number of
months since IPO indicators separately. We include the month since IPO indicators
as the treatment effects have a strong pattern of declining after allotment, and we
want to separately analyze the relationship between certain calendar months from
any correlation between calendar month and time since allotment.

Figure F.1 plots the calendar month interactions with the winner variable along
with 95 percent confidence intervals. These coefficients show how much smaller or
larger the winner effect on holding the TPO stock is, based on the calendar month
of the observation. The omitted calendar month is January. Consistent with the
tax hypothesis, we see that the months January, February, and March do have
the lower estimated endowment effects relative to the other months of the year.
Quantitatively, however, this effect is quite small, ranging from 1 to 2 percentage
points. Given that the overall propensity of winners to hold the stock relative to
losers is between 45 and 55 percent over the first twelve months after the allotment,
the results suggest it is unlikely that tax offset motivated behavior explains a large

fraction of the endowment effect in this setting.
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Table F.1: Monetary Transaction Costs: Brokerage Charges in India

A/c opening charge Annual maintenance charge Brokerage (delivery) Brokerage (Intra-day

(Rs.) (Rs.) Paise (%) Paise (%)
Angel Broking 390 300 30 6
Bonanza 600 275 50 5
Canmoney 200 250 (0.35) (0.1)
Geojit BNP Paribas 800 400 30 3
HDFC securities 999 550 25 (0.5) 25 (0.05)
ICICI Direct 975 450 (0.55) (0.05)
IDBI Paisabuilder 700 350 (0.5) (0.08)
Indiabulls 1350 450 (0.3) (0.05)
India Infoline 750 0 50 )
Kotak Securities 750 50 59 6
Motilal Oswal 550 900 (0.5 - 0.9) (0.25 — 0.40)
Networth Direct 200 440 (0.3) (0.03)
Reliance Money 950 210 (0.3) (0.035)
Religare 499 300 30 3
SBI 500 386 75 5
Sharekhan 750 441 (0.5) (0.1)
SMC India 499 0 30 3
Ventura 1000 400 45 5
Way2Wealth 350 332 0.5 0.05
5Paisa 500 250 0.25 0.05

These numbers are for online “cash” trades only. Advalorem charges in percent are in parenthesis.

Flat charges are in “paise” (1/100th of a rupee).
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Figure F.1: ENDOWMENT EFrFECTS BY MONTH OF THE YEAR
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G Estimate of the First Day Endowment Effect

To estimate the short-run endowment effect in this setting, we adopt an algorithm
to determine whether or not a sale of a stock happened on the day the stock
began trading on the market. We use the daily high and low price data in the
month of listing, and classify a stock to have potentially traded on days where
the selling price falls within that range. This provides us with the likelihood of
trade having happened on specific days of the listing month. For example, if an
investor sells a stock at Rs. 30 per stock, and this is within the high-low range
on three specific days of the listing month in which this trade happened, then the
likelihood of the trade is 0.33 for each of these days of the month. In order to
be most conservative with this classification, we further classify first-day sale (for
the treatment group) and first-day purchase (for the control group) as follows: If
0 < Pr(Sale on first day) < 1, then we assume that they sold on the first day and
set the probability of sale on the first day to 1. This over-estimates the likelihood of
sale on the first-day for the treatment group. If 0 < Pr(Purchase on First Day) < 1,
then we assume that they purchased on the first day and set the probability of
purchase to 1. This over-estimates the likelihood of purchase on the first day for the
control group. The difference between the conservative estimates of the (weighted)
average holding propensity for the treatment group and the (weighted) average
purchase propensity for the control group on the first-day of trading provides us
the estimate of the first-day endowment effect.

Other measures of the endowment effect such as the fraction of allotment
and Value of IPO Shares Held in USD are less precise as they require additional
assumptions. For example, suppose we want to calculate the fraction of allotment
held at the end of the first day for an investor who was allotted 50 shares and sold 20
shares during the month. The algorithm requires assumptions to determine which
of the days 2/5th of the allotted shares were sold. These assumptions, for instance,
will involve choosing whether they were sold fully in one trade or in multiple trades
of different lot size. This is important as the selling price used in the identification

algorithm will change depending on the size assumptions and hence will impact
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the likelihood of trade on a given day. Similarly, measures of the value of IPO
shares held will be affected by such auxiliary assumptions, and the portfolio weight
of the TPO stock will require assumptions about holdings in the portfolio as well.
To simplify the presentation of results, we choose not to report these additional

measures of the endowment effect (rows 2 to 5 of Table 4) for the listing day.

2 Model Appendix

In this model appendix, we consider a range of behavioral microeconomic models of
choice which have the potential to explain the endowment effects that we observe
in India’s IPO lotteries. We set up and solve several models, namely, two versions
of the 7 expectations based reference dependent utility model, including one which
more closely matches the features of the real-world setting that we observe, and
the ? reference price theory of the endowment effect. Throughout, we discuss
the features of the experimental results that are consistent and inconsistent with
the predictions of these models.

We present two models of an agent with reference dependent utility, where the
agent’s recently formed expectations of future outcomes constitute their reference

points as in 7.

A Expectations Based Reference-Dependent Utility Mod-
els

As in 7, an agent’s reference points in these models are determined by his expecta-
tions of outcomes, which in turn are based on his planned actions. Naturally, his
planned actions also depend on his expectations of outcomes. This dual dependence
gives rise to the need for an equilibrium concept. We begin by solving for the
personal equilibrium (PE), which involves identifying conditions under which the
agent has no incentive to deviate from a particular planned action of interest,
conditional on the plan generating a particular expectations-based reference point.

In certain cases, we go further and discuss the conditions under which the plan
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is also a preferred personal equilibrium (PPE), i.e., the plan which delivers the
highest level of utility of all possible PEs.

Our approach in all cases is to enumerate all possible plans of action open to
the agent, and the expectations associated with each such plan. We then solve for
the conditions/parameter values under which certain plans dominate others, using
the PE and PPE concepts. We are of course most interested in the conditions
under which the plan corresponding to the “endowment effect” which we observe
in our field experiment, is a PE/PPE.

All three variations of the model which we consider share the same basic

preference specification, namely:

o The agent has expectations based reference dependent preferences with loss-
aversion:
u(z|r) = m(z) + p(m(z) —m(r)).
In the above, m(.) is consumption utility, and pu(.) is gain-loss utility relative

to the referent, r.

o We assume piecewise linear gain-loss utility, i.e.,

() = n-y ity >0
Y n-xy ify<0’

where A is the degree of loss aversion (we assume A > 1).

o We also make a set of additional simplifying assumptions. First, we assume

=1 Y ify >0
PIZY Ay ify<o

that n =1, so:

Second, we assume that m(z) = z. Third, we assume that all gambles that

the agents face are binary, as we describe in each case below.

We begin by describing how the results and setup of 7, originally set up as a model
for the endowment effect for consumption goods, apply in our context. We then
move on and formally consider the setup of 7 in which we are able to treat stocks
as gambles rather than consumption goods, and conclude this section with a more

elaborate model that more accurately captures features of our real-world setting.
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?  Model

? model the typical participant in an endowment effects experiment within the
exchange paradigm. In their experimental application, an agent is randomly
assigned a mug or a pen, and then expects, with probability b, that they will be given
the opportunity to trade the object later. In their experiment, they manipulate this
probability b, and observe the associated rates of exchange of the mug and the pen.

To use the identical set up to theirs in this version of the model, we simply
re-label the objects “stock” (to represent the allocation of IPO stock) and “cash”
(to represent the refund of cash that the lottery losers get, which could be used to
purchase the stock). It is worth noting that such a model abstracts from a number
of important features of our setting. Two particularly important features are that
1) in reality, the agent knows that the stock or cash were assigned randomly with
some probability, and 2) the stock is itself a gamble whose value changes over time.
We present formal models with these additional features further on in this appendix.

In the ? model, the decision process of lottery winners and losers is symmetric.
The model will therefore yield the same result whether the agent is randomly
allocated the stock or cash, so it is easier to consider the case in which the agent
is randomly allotted the stock (i.e., the lottery winners in the data).

We denote by s the agent’s expectation of what the stock will be worth in the
future, and by the variable ¢ the value of the cash returned to lottery winners.
To fix ideas, note that a standard expected-utility decision maker would choose
to hold the stock if s > ¢, and sell the stock if s < ¢, regardless of whether they
randomly win or lose the stock in the lottery.

In this model, once the lottery winner learns that he has won the lottery, but
just prior to the stock listing, he makes a plan about whether or not to sell the
stock after it lists on the exchange. The agent assumes that with probability b he
will be given the opportunity to trade the stock post-listing. This is an exogenously
specified parameter in the ? experiment, and we argue that in the Indian stock
market setting in which investors know that they can trade the stock at very low

explicit transactions costs, that b is very high, and possibly 1.
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Consider the case in which the lottery winner plans to trade the stock after
it lists. For this plan to be an equilibrium, it must be the case that its expected
utility is greater than the expected utility from planning to continue to hold
the stock post-listing.

The expected utility from the plan to sell the stock is:

EU (sell|plan to sell) = bU (c|r) + (1 — b)U(s|r) (C.6)

In equation (C.6), U(c|r) is the utility from selling the stock and keeping the
cash. This utility has three pieces; the direct utility of consumption (c), the gain-loss
utility from comparing the utility of holding cash to the reference point of holding the
cash (this is simply 0), and the gain-loss utility from exchanging the stock for cash
(c—As), compared to a reference point of holding the stock. This final piece captures
the fact that the agent feels a loss from “losing” the stock while gaining cash, beyond
any difference in expected value between the cash and the stock. In other words,
this piece captures the pain of the agent giving up the endowed item (the stock).

The agent will follow through on his plan to trade if there is no incentive to
deviate once the reference point is set, to a plan to hold the stock. That is, once
the agent has reached the state of the world in which he can exchange and follows
through with the plan, his utility is the left hand side of the below inequality. If
indeed he decides to deviate at this point, the utility he receives is the right hand
side of the inequality. For there to be no incentive to deviate (i.e., for exchange

to be a personal equilibrium or PE), the inequality must be satisfied:

c+(1=0)(c—As) > s+b(s— )
L+ X+0b(1—-X)
TH1—b1-N)

c 2
As b approaches 1, this inequality approaches

S 2
c>s
1A

meaning that for values of loss aversion greater than 1, there are larger ranges of

preferences for cash for which exchange is the PE. Unfortunately, as ? show, “keep”
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may also be a PE in such cases, depending on parameter values (i.e., if ¢ < (1 4+ \)s
and exchange is not a PE). The concept of the PE is therefore ambiguous in this case.

As in 7, we therefore go further to understand how PPEs would work in our
setting. Note that the gain-loss utility pieces are weighted by their probability of
occurrence (with probability b, the agent can go ahead and exchange, so compares
the outcome to the planned action, and with probability 1 — b, is constrained
from exchanging, and compares the outcome to the reference point of holding the
stock), and the utility from holding the stock in the state of the world where the
agent does not have the opportunity to trade is U(s|r) = s + b(s — Ac). Plugging

these into the equation above, we have:

EU (sell|plan to sell) = b(c+ (1 —b)(c — As)) + (1 — b)(s + b(s — Ac)

The expected utility of holding the stock given the agent’s plan to hold the stock
is simply the consumption value of the stock s, because regardless of whether the
agent is given the opportunity to trade, the agent will end up holding the stock (so
the outcome and the expectations based reference point are always equal). Thus,
the condition that determines whether the agent prefers the plan where he sells

the stock to the plan to hold the stock is determined by:

EU (sell|plan to sell) > EU(hold|plan to hold(C.7)

)
ble+ (1 —=0)(c—As))+ (L =b)(s+b(s—Ac)) > s
be+ (1 =0b)s+b(1—=b)(c—As+s—XA) > s
)

c—s+(1=b(1—=N(c+s) > 0 (C.8)

Equation (C.7) is identical to Proposition 1 of Ericson and Fuster (2011). When
b = 1, the final equation simplifies to ¢ > s, i.e., the agent’s decision of whether
to go through with the plan to sell the stock versus holding the stock is exactly

the same as that of an expected utility decision maker. If the agent believes the
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stock is worth less than the refunded cash amount, he will sell the stock, and if he
believes the stock is worth more than the refunded cash amount, he holds.

The intuition for the result is that when b = 1 the agent does not develop an
expectations based reference point based on being forced to hold the stock; because
this reference point is not developed, the agent does not feel an unusual added
loss from selling the stock. If on the other hand, he was potentially forced to hold
it, he would feel such an unusual added loss. Hence in this case, the decision to
trade (or not trade) is determined by consumption values only. Since the problem
is symmetric for lottery losers, the same condition will determine whether they
will choose to buy the stock versus holding the cash.

In our natural experiment, randomization should equalize the fraction of lottery
winners and losers that believe that s > ¢. As a result, this model would predict
that we should see equal fractions of the two groups holding the IPO stock. However,
our data refutes this prediction. This suggests that the model of expectations based
reference points studied in ?, which is able to explain their laboratory evidence on
endowment effects for consumption goods, is unlikely to explain our findings.

A drawback of applying this model to our setting is that it models the stock as
having a deterministic value like a consumption good. This is clearly unrealistic.
We therefore turn to a more elaborate model which allows the stock to have

stochastic payoffs.

?7  Model

We now introduce an expectations based reference-dependent preferences model
in which the agent views the stock as a lottery with probabilistic payoffs. We
assume that the stock price can go up by h, with probability ¢ in the aftermarket,
or down by [ with probability 1 — ¢. The model takes as given that an agent
has either won or lost the initial IPO allocation lottery, and simply studies the
potential plans the agent could make about holding, selling, or buying the stock

given these allocation lottery outcomes.
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The basic idea of the endowment effect for risk, following Proposition 1 from
7, is that an agent is less risk averse when they compare a potential lottery to
a lottery reference point, relative to when they compare the same lottery to a
fixed reference point of cash.

To flesh this out, we first consider the case of the lottery loser. The idea of
the model is that because the lottery loser is endowed with cash, holding cash
constitutes his expectations based reference point. The agent then has two possible
plans to consider. The first plan is to simply not purchase the stock. The
expected utility in this case is just the value of the cash returned in the lottery
¢; there is no gain-loss utility piece because the agent compares holding cash to
the reference point of holding cash, yielding zero.

We next derive the condition necessary for the agent to not wish to deviate
from their plan to hold the cash, i.e., the condition that makes the agent’s plan
to not hold the stock a personal equilibrium (PE).

The expected utility of deviating from the plan of not buying the stock is:

EU (buy stock|plan to not buy) = g(c + h + q(h) + (1 — q)(h))+
(1 =q)c=1l+gA=1) + (L =g)A(=1)) (C.9)
=q(c+h+h)+(1—=q)(c=1-X)
=q(c+2h)+ (1 —gq)(c— (1+A))
—c+q2h— (1 —q)(1+ NI (C.10)

The agent will choose not to deviate from the plan to not buy the stock if:

EU (plan to not buy|plan to not buy) > FEU(buy stock|plan to not buy)
c > c+q@2h—(1—q)(1+ M)
(I1—q)(L+ XN > 2qh
14+ qh

2 7 (1—q)l

Note that when A = 1 this condition simplifies to 0 > gh + (1 — ¢){. That

(C.11)

is, with no loss aversion, the agent prefers holding the cash only if the expected

return on the stock is less than zero.
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When A > 1 there are two forces that affect whether the agent will stick to their
plan of not buying the stock. First, as loss-aversion increases, this condition is
more likely to hold. This is because buying the stock involves the possibility of
taking on losses. Second, as the potential gains on the stock gh increase relative
to the potential losses ((1 — ¢)l), the incentives to deviate from the plan and buy
the stock increase. This is obvious — the expected returns with gains, and more
importantly, the chance of experiencing large losses gets smaller. If we assume
h =1, so that the expected return on the stock is only determined by ¢, and when
A = 2, we have that ¢ must be less than% for not buying to be a PE.

Now consider the lottery winner. We assume that the lottery winner, who is
endowed with the stock, has an expectations-based reference point of holding the
stock. The lottery winner also faces two possible plans. The first of these is to

hold the stock. The expected utility of this plan is:

EU (hold stock|plan to hold stock) = g(c+h+ (1 —q)(h+1))+ (1 —q)(c—1+g\(—1—h))
= ctqh+1—=q)(h+1)+ 1 —-q)(=l+gA(=l—h))

= ¢t+gh+(1=q) (=) +q(1—q)(1=N)(h+1)

We can then calculate the expected utility of the lottery winner from deviating

from this plan:

EU (hold cash|plan to hold stock) = ¢(c + gA(—h) + (1 — ¢)(1))
+ (1 =g)c+gA(=h)+ (1 -q)1)) (C.12)
=c+g\(—h)+ (1 —q)l

The investor will follow through on his plan to hold the stock if:

EU (hold stock|plan to hold stock) > EU (hold cash|plan to hold stock)

ct+qh+(1—q) (=) +q(1 —q)(1=N)(h+1) > c+g\—h)+ (1 —g)l
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If we assume that h = [, this condition simplifies to /g + ¢ > 1, meaning
that ¢ > 0.4.%2

Combining the two no-deviation conditions, the expected return on the stock
must fall in the following range for an investor to choose to stick with their
plan of holding cash when they lose the lottery, and holding the stock when
they win the lottery:

04<q<06

This result suggests that the endowment effect can be a PE (i.e, the lottery
loser does not wish to deviate from their plan of holding cash, and the lottery
winner does not wish to deviate from their plan to hold the stock), for a small
range of beliefs about the probability of the stock going up. The reason for the
narrow range, in part, is the somewhat restrictive assumption that h = [, i.e.,
symmetric gains and losses on the stock.

We therefore consider a more generalised version of the model, where gains
can be proportional to losses, with factor of proportionality £, i.e., h = kl. In

this case, the two no-deviation conditions become:

1+)\> qk
2 (1-9)

gk4+q—1+q¢1—q)(1=Nk+1)>1—g\k—gq

The graph below outlines the range of ¢, k, and A for which the endowment effect
plan is a PE. The graph shows that for different values of k, there are different

ranges of ¢ for which the endowment effect plan is a PE.

82We only need to consider the positive root of V4, since 0 < g < 1, i.e., this condition can
never hold for the negative root of q.
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The intuition for the result is that expected gains need to be in a medium range to
deliver the result. Put differently, if there are very high expected gains on the stock,
investors deviate to the “always hold,” plan. In contrast, very low expected gains
lead investors to deviate to the “never hold” plan in the model. However, medium
size expected returns can be delivered in multiple ways. Such feasible parameter
ranges are achievable either through beliefs about (positively or negatively) skewed
payoffs on the lottery, or beliefs about the likelihood of experiencing gains versus
losses. To see this, note that medium-size expected returns can be delivered through
expectations of small probabilities of highly positively skewed payoffs (small g, large
k), as in the bottom row of figures, or expectations of high probabilities of small

payoffs (large ¢, small k) as in the top row of figures.
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Another aspect of these graphs is worth noting. The range of values for which
the endowment effect plan is a PE is larger when ¢ is small and k is large. This
is because of the first of the no deviation conditions above — when ¢ approaches
1, there is no value of A for which the endowment effect plan can be a PE, even
if the loss is far larger than the gain in these cases. The reason is because the
positive payoff is a “sure thing” when ¢ approaches 1, so the agent places less
and less weight on the loss state. However, there are larger ranges in which the
endowment effect plan can be a PE when ¢ is smaller and £ is large — in a sense,
even the prospect of large positive payoffs are not enough to entice the agent to
buy when they lose the lottery, since the kink in the utility function A “offsets”

potentially large gains even with smaller losses.

Preferred Personal Equilibrium (PPE) Conditions For the lottery loser,
the PPE condition is:

EU(plan to not buy|plan to not buy) > EU(buy stock|plan to buy) (C.13)
¢ > ctgh+(1=g)(=0)+q(l =g)(1 = A)(h+1)

q(1=q)A=D(h+1) > ¢h+(1-4q)(=1) (C.14)

For the lottery winner, the PPE condition is:

EU (hold|plan to hold) > FEU(sell | plan to sell)C.15)
c+qgh+(1—q¢) (=) +q1l—q)(1—=XN)(h+1) > ¢

gh+(1—q)(=1) > q(1—-¢q)(A—1)(h+1C.16)

Note that conditions (C.13) and (C.15) contradict each other. That is to say,
agents holding the cash when they lose the lottery and holding the stock when they
win the lottery cannot simultaneously constitute a PPE. The intuition for this
result is that in this model, planning to buy the stock and then following through

on it (as a lottery loser) delivers exactly the same payoff as planning to hold the
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stock and following through on it (as a lottery winner). Similarly, planning not to
buy the stock and following through on this plan as a lottery loser gives the same
payoffs as planning to sell the stock and following through on this plan as a lottery
winner. Given this symmetry of payoffs, and the (plausible) assumption that the
randomized endowment does not change the investor’s beliefs about future returns
(i.e., g, h, 1) or loss aversion (), the model cannot simultaneously generate losers
who want to stay out of the stock and winners who want to stay in the stock.

Thus, it is possible that we could observe the endowment effect as an outcome
of this model because investors are playing their PEs. However, we note, as does
?, that this behavior cannot be a PPE of the model.

We now turn to a model which more realistically captures features of our empirical
setting, including the fact that agents are randomly assigned the IPO stock in an

initial lottery, following which they decide to either buy, sell, or hold the IPO stock.

A Reference-Dependence Model of TIPO Market Lotteries

Summary. In this model, an agent enters an IPO lottery, and wins (loses) with
probability p (1 — p) and receives (does not receive) the stock. After the agent
learns whether or not she won the stock, the stock lists on the exchange at a price
greater than the price paid for the stock (i.e., there is a listing gain). Following
realization of the listing gain, the investor chooses whether to hold or sell the
stock if she wins the lottery, and whether or not to purchase the stock if she
loses the lottery. Finally, after this choice is made, the stock either goes up with
probability ¢, or down with probability 1 — gq.

We analyze the model exactly as suggested by 7. Before the lottery results are
announced, the agent considers three possible plans of action. The first, we which
term the “never hold” plan, is to sell the stock immediately if she wins, and not
buy the stock if she loses. The second plan (“always hold”), is to hold the stock if
she wins and buy if she loses the lottery. If the agent follows through on either of
these first two plans then there is no endowment effect, because the agent has the

same position in the stock at the end of the model regardless of whether they were
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randomly assigned the stock in the lottery. The third “endowment effect” plan is to
hold the stock if she wins, but not purchase the stock if she loses the lottery.®?

As before, in the model, the agent’s decisions affect her utility in two ways.
First, her choices affect her consumption directly (i.e., by the amount of the value
of the stock or cash held at the end of the model). Second, the agent feels gain-loss
utility when comparing her actual outcome to her expectations-based reference
point. For example, she might experience a utility gain from comparing an outcome
of winning the lottery and holding a stock which goes up to losing the lottery
and buying a stock which goes down.

Our goal in analyzing the model is to determine the conditions under which
the agent does not deviate from the endowment effect plan to either the always
hold plan or the never hold plan.®* When we solve the model, we find that the
expectations based reference dependent framework can generate an endowment
effect as a PE in this setting.®® It is worth considering the forces in the model
that makes an agent choose the endowment effect plan. The first force is the
direct consumption benefit arising from the stock’s after-listing performance. These
direct consumption benefits alone will never move an agent towards the endowment
effect plan — if she expects the stock will do well in the aftermarket, this moves
her towards the always hold plan, and if she expects the stock to do poorly, this
moves her towards the never hold plan. This means that the reference-dependent
gain-loss utility piece (which is the non-standard part of this utility formulation)
is what pushes the agent towards the endowment effect plan.

Before the full derivation of the model below, we explain the intuition for how
the addition of the first stage lottery into the model changes things relative to
the previous version of the model which did not include this stage. In the model,

low anticipated probabilities of winning the lottery are more likely to generate

83There is a fourth possible plan, where the agent chooses to sell the stock if she wins the
lottery but purchase the stock if she loses the lottery. Given that this plan is not empirically
relevant, we omit it from our discussion here.

84This is the condition necessary to guarantee that sticking to the endowment effect plan is a
personal equilibrium (PE).

85But not, once again, as a PPE, as in ?.
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the endowment effect since the agent compares how she feels when she wins the
lottery to how she feels when she loses; however, as the probability of winning the
lottery becomes higher, this comparison becomes less and less important because
the agent’s reference points are less and less affected by her expectations of losing
the lottery. Put differently, when p, the probability of winning the lottery, is close
to one the agent’s decisions are essentially determined by the expected return on
the stock. If this is positive she will prefer the always hold plan, and if negative,
she prefers the never hold plan.

Looking at our empirical estimates of how the endowment effect varies with
the probability of winning a given lottery (Table 6), in the full sample, we find
that when p goes from zero to one, the endowment effect does decline, consistent
with this prediction. However the decline is small, and sometimes reverses in sign
with the smaller samples of more active traders. To summarize, while this model
can generate endowment effects as a PE, the data provide only partial support
for the prediction that the endowment effect should be influenced by the agent’s
expected probability of winning the lottery.

Model Details and Solution. To model the IPO setting in our empirical
analysis, we include both the lottery which results in the agent being awarded
the stock or not, as well as the (simplified) evolution of the stock price in the
after-market — which we also model as a binary lottery.

The model begins with the agent applying to receive one share of a stock
following the IPO allocation process described in the text. We then consider a
set of possible plans and associated reference points, and solve for the PE in this
setup. We identify parameter values for which we observe the endowment effect
plan (where the agent holds the stock when they win, and does not purchase the

stock if they lose) is a PE, and relate this back to our empirical tests.

o The first lottery that the agent faces is the IPO lottery. We model this as
follows: with probability p the agent wins the IPO lottery and receives one
share of the stock, and with probability 1 — p the agent loses the lottery, and

receives cash c¢ as a refund.

149



2. Model Appendix

o The value of the stock that the winners receive at the point at which they
win the lottery (and immediately before the stock is listed) is s = ¢. This
realistically represents features of the lottery process, and captures the idea
that lottery losers and winners start with the same amount of money before

the stock is listed.

o The stock lists on the exchange at a value s 4+ x, where z is the listing gain.
For simplicity, we assume x > 0, as 40 of the 54 IPOs in our empirical analysis
had positive listing gains. Note this also amounts to assuming that agents

expect a positive listing gain at the time of applying for the IPO.

o The stock trades freely after listing. Winners can choose to sell the stock at
s+ x in the moment after listing. Losers can choose to buy the stock at s + x

in the moment after listing.

o After the stock lists, we also model the evolution of the stock price as a binary
lottery. The stock price can either go up by an amount h (with probability ¢)
or go down by an amount [, with probability 1 — ¢. This means that the final
price of the stock is s + x + h with probability ¢ and s+ x — [ with probability
1 — ¢. To fix intuition, we can think of these prices as those at the end of the

day on which the stock lists.
o All decisions are made before the stock realizes its high or low value.

o We begin by assuming that [ < x, i.e., the potential loss on the stock, post-
listing, on the day that it lists, is modelled as smaller than the listing gain.
This assumption will be important in determining whether certain outcomes
are encoded as losses or gains (e.g., a lottery winner might not feel the pain of
losing when the stock goes down in the after market because they are already
sitting on a large listing gain.) We think of this assumption as implying that
we are mainly concerned with the short-run, as in our sample of 54 TPOs only
8 had a larger loss from the listing price to the closing price on the first day

than the listing gain (in the positive listing gain domain). Later, we analyze
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the long run case where [ > z, i.e., the after-market losses could potentially

be larger than the listing gain.

o We assume that the agents consume the value of the stock or cash held after

the stock achieves its final price.

An agent in this model can have four potential plans which we summarize in
Table A.1. In Plan 1, the agent sells the stock immediately after listing if she wins
the lottery, and chooses not to buy the stock if she loses the lottery. In Plan 2,
the agent chooses to hold the stock until the end of the first day if she wins the
lottery, and to buy the stock immediately after listing if she loses the lottery. In
Plan 3, the agent chooses to hold the stock until the end of the first day if she wins,
but chooses not to purchase the stock if she loses the lottery. Finally, in Plan 4,
the agent chooses to sell the stock immediately after listing if they win the lottery,
but also to buy the stock after listing if they lose the lottery.
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Table A.1: Plans of Action

Lottery Outcome:

Win Lottery Lose Lottery
Plan 1 Sell Stock at s+ x Hold cash
Plan 2 Hold Stock, realize s+ x+ hor s+x —[ Buy at s+ z, realize s+x+hor s+x — 1
Plan 3 Hold Stock, realize s+x+hor s+ — 1 Hold cash s
Plan 4 Sell Stock at s+ x Buy at s + z, realize s+x+hor s+z —1

To fix intuition, it is useful to think of Plan 3 as the “endowment effect plan.”
Under this plan, the agent chooses to make a different decision about the stock in
the after-market based on whether they are endowed with the stock in the lottery.
On the other hand, Plans 1 or 2 do not demonstrate endowment effects, because in
both of those cases the agent plans to take the same decision on the stock in the
after-market (in Plan 1 the agent does not want to hold the stock in the after-market
regardless of winning or losing, and in Plan 2 the agent does wish to hold the stock
in the after-market regardless of winning or losing). Plan 4 can be thought of as
an “anti-endowment effect” plan, where being randomly assigned the stock in the
lottery makes the agent less likely to want to hold it. To save space we do not
formally analyze Plan 4 as it is not empirically relevant in our setting.

Table A.2 summarizes the utility consequences of pursuing Plans 1, 2, and 3.
Each panel refers to a different plan, and the rows within each panel refer to the
four possible states of the world that can occur. “Win” (“Lose”) indicates winning

(losing) the lottery, and the 1 () symbol indicates the stock going up (down).
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Table A.2: Consumption and Gain-Loss Utility Terms for Plans

Reference State
Outcome State Probability Consumption Win 1 Win | Lose 1 Lose |

€9) (2) (3) 4) (5) (6)

Panel A: Plan 1 (Sell Stock if Win Lottery, Don’t Buy Stock if Lose Lottery

Win 1 Pq s+ 0 0 (1 = p)q(z) (1 =p)(1 = q)(z)
Win | p(1—q) s+ 0 0 (1 = p)a(z) (1-p)1Q—-a)(x)
Lose T (1 —-p)g s paA(—x) p(1 — @)A(—x) 0 0

Lose | 1-p)(A—4q) s PaA(—z) P(1 — ¢)A(—=) 0 0

Panel B: Plan 2 (Hold Stock if Win Lottery, Buy Stock if Lose Lottery

Win 1 Pq s+az+h 0 p(l —q)(h+1) (1 —p)g(x) (1-p)A—-q)(z+h+1)
Win | p(1—q) s+x—1 pgA(—1l — h) 0 (I —=p)g(z —1—h) (1 =p)A—q)(z)
Lose 1 (I —p)g s+h P (—x) p(1 — @)A(—z +h +1) 0 (1-=p)A—a)(h+1)
Lose | (1-p0-q) s —1 pgA(—xz —1 —h) p(1 — A (—x) (1 —plagA (=l —h) 0

Panel C: Plan 3 (Hold Stock if Win Lottery, Don’t Buy Stock if Lose Lottery

Win Pq s+x+h 0 p(1 —q)(h +1) (1 =p)g(z + h) (1=p)1 —q)(z+h)
Win | (1 —q) s+x—1 paA (=l — h) 0 (I —p)g(z —1) 1-p)A—a)(z—1)
Lose 1 (1 -p)q s pgA(—z — h) p(1 — A (—x +1) 0 0

Lose | (1—-p)(1—2q) s pgA(—x — h) p(1 — @A(=z+1) 0 0

The column labelled “Probability” gives the probability of the state occurring
(e.g., the probability of winning the lottery and the stock going up is pg). The
“Consumption” column shows the final consumption amount in each state of the
world under this plan. For example, under Plan 1, the consumption amount if
the agent wins the lottery is the value of the stock plus the listing gain, because
the agent chooses to sell the stock right after it lists. We also see that under
Plan 1, if the agent loses the lottery, the consumption value is just the value of
the cash they get back (¢ = s).

Columns (3) - (6) show the gain loss utilities that the agent expects when
she compares the current state (the row) to the reference state (the column, r
in our notation above). Note that these gain-loss utilities are weighted by the
probability that the given reference state would be the outcome state. Intuitively,
outcome states that are more likely to happen are more important as reference
states compared to outcome states that are unlikely to happen. This weighting
scheme follows exactly the weighting procedure of reference points followed in 7,
and subsequently utilized for stochastic referents by ? among others.

For example, Column (3) of the first row gives the expected gain-loss utility
when the realized state of the world is Win 1 and the agent compares this outcome
to the ex-ante expectation that the state of the world would be Win 1; the value
in the cell is pq0 = 0 because this state occurs with probability pq and there is no
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gain-loss utility — the realized state of the world is equivalent to the the expectation
based reference-point in that particular possible outcome. This logic also shows
why the panels always have zeroes on the diagonals—because in those cells the agent
is comparing the outcome state to the expectation of that realized state (which
are identical), and therefore there is no gain-loss utility.

Column (4) of the first row also has a value of zero because here the agent
is comparing winning the lottery and the stock going up to the expectation of
the consumption outcome of winning the lottery and the stock going down, but
in both of these states the consumption amount is the same (because the agent
does not hold the stock in Plan 1).

In Plan 1 the non-zero gain-loss utility pieces only take two other possible values,
x or A(—z). When the agent wins the lottery and compares it to losing the lottery,
the agent has a gain-loss utility of x (the four upper right cells in Panel A); the
agent feels particularly good about winning the lottery because she gets the listing
gain she would not have received if she had lost the lottery. When the agent loses
the lottery and compares it to winning the lottery, the gain loss utility is A(—z);
the agent feels bad about losing the lottery because she compares to the listing
gain she would have received had she won the lottery.

The remaining cells follow this logic and show the gain-loss terms. Two auxiliary
assumptions are important to note in this context. First, in Plan 2, in the cell
where the outcome state is Lose T, and the reference state is Win | , we assume
that x > [+ h, i.e., the loss that the agent feels is because the loss of the listing
gain is greater than the difference between the stock price in the up and down
states. Second, we assume that the lottery losers do not consume the amount
of the listing gain if they buy the stock in Plan 2.

The goal of our analysis is to determine the conditions under which an agent
would prefer Plan 3 to both Plan 1 and Plan 2. Our analysis proceeds in three
steps. First, we derive the condition that makes the agent want to follow through
on Plan 3, as opposed to deviating to Plan 1, given that Plan 3 was her plan.

Second, we derive the condition that makes the agent want to follow through on
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Plan 3, as opposed to deviating to Plan 2, given that Plan 3 was her plan. We
then combine these two conditions to determine the parameter values that would
make an agent choose to prefer following through on Plan 3 versus deviating to
either Plan 1 or Plan 2. In other words (without considering Plan 4), we derive

the parameter values under which Plan 3 constitutes a PE.

Condition: No Deviation to Plan 1 Assuming Plan 3 is the Plan We want
to calculate EU[Follow Plan 3|Plan 3] — EU[Follow Plan 1|Plan 3]. Table A.2 al-
ready summarizes EU[Follow Plan 3|Plan 3]. We compute EU [Follow Plan 1|Plan 3]

below:
EU[Follow Plan 1 | Plan 3]
Probability Consumption Win 1 Win | Lose 1 Lose |
Win 4 Pq s+ paA(—h) p(1—q)l (I1-plgz (1-p)(1—-q
Winl  p(l-gq) s+a pgA(=h) p(l—q)l (I=plgz (1-p)(1—q)
Lose 1 (1-p)g s pgA(—z —h) p(l—q@)A(—z+1) 0 0
Lose | (1—p)(1—¢q) s pgA(—z —h) p(1—@A(—z +1) 0 0

The table below shows EU|[Follow Plan 3|Plan 3] — EU[Follow Plan 1|Plan 3]:

Probability ~ Consumption ~ Win 1 Win | Lose 1 Lose |
Win 1 Pq h “pgAh Pp(1—q)h  (1=p)gh (1 —=p)(1—-qg)h
Win | p(1-gq) ~1 ‘pgA(=1) =p(1 =gl 1 —=p)g(=1) "1 —-p)(1—q)(-1)
Lose 1 (1-p)q 0 0 0 0 0
Lose | (1—p)(1—9q) 0 0 0 0 0

o The expected consumption difference is: p[gh + (1 — ¢q)(—1)].
o Terms a,b,c and d sum to: p*[gh + (1 — q)(=0)](g(A — 1) + 1).

o Terms c,d,e and f sum to: p(1 — p)[gh + (1 — q)(=1)].

Let g = gh + (1 — q)(—I), the expected return to holding the stock in the

aftermarket. Summing these three pieces we have the condition:

155



2. Model Appendix

EUlFollow Plan 3|Plan 3] — EU[Follow Plan 1|Plan 3] > 0
9o +p*(g(A = 1) +1) +p(1 — p))
gp(L+pgA=1)+1)+(1=p) > 0

)

1
pg(2+pg(A—1)) > 0

Given our assumption that the stock has a positive expected return g > 0, this
condition will always be true, i.e., given that the agent plans to pursue Plan 3,
they will not wish to deviate to Plan 1, which involves “never holding” or “always

selling” the positive expected return stock.

Condition: No Deviation to Plan 2 Assuming Plan 3 is the Plan

We want to calculate EU[Follow Plan 3|Plan 3] — EU[Follow Plan 2|Plan 3]. Table
A.2 already summarizes EU [Follow Plan 3|Plan 3]. We compute EU [Follow Plan 2|Plan 3]

below:
EU[Follow Plan 2| Plan 3]
Probability Consumption Win 1 Win | Lose 1 Lose |
Win 1 Pq s+x+h 0 p(l—q)(h+1) (1=plg(z+h) (1—-p)(1—q)(z+h)
Win | p(1—4q) s+x—1 pgA(—1 — h) 0 1-p)glz—1) T-p(I—-g)(z—1)
Lose 1 (1—-p)g s+h pgA(—x) p(1 — A=z +h+1) (1—p)gh (I=p)(1—=q)h
Lose | (1—p)(1—q) s—1 pgA(—L—z —h) p(l —g)A(—2) (I—p)gA(=) (1 —p)A—q)A(=])

The table below shows EU|[Follow Plan 3|Plan 3] — EU[Follow Plan 2|Plan 3:

Probability =~ Consumption ~ Win 1 Win | Lose T Lose |
Win 1 pq 0 0 0 0 0
Win | p(1—q) 0 0 0 0 0
Lose 1 (1-p)q ~h “pgA(=h) "p(L— A (=h) *=(L—p)gh T —(1-p)(l—-q)h
Lose | (1—-p)(1—q) l “pgAl AN B (1 —pjg\l " (1—p)(1 - g

 The expected consumption difference is: (1—p)[g(—h)+(1—q)l] = (1—p)(—g).
o Terms a,b,c and d sum to: (pg\ + p(1 — ¢)A\)(1 — p)(—g).
o Terms e,f,g and h sum to: (1 —p)*(—g) + (1 — p)*(1 — q)(A — 1)L.
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One useful observation here is that the only positive term in the three bullet
points above is (1 — p)?(1 — ¢)(\ — 1)I. All the other terms are negative, which
means that they provide incentive for the agent to want to deviate from Plan 3
to Plan 2. This positive term, however, is the only force causing the agent to
stick to Plan 3 in this model. Intuitively, this positive term comes from mental
comparison the agent does when they lose the lottery, choose to deviate to Plan
2, and the stock goes down. In this case, the agent loses utility because they had
expected to stick with Plan 3 where they would not incur a loss if they lose the
lottery and the stock goes down in the after-market. This term is the main reason
why we can Plan 3 as a PE in this model.

Summing these three pieces we have the condition:

(1=p) (L+pA+ (1 =p)(=g) = (1=p)1=q)(1=A))>0
L+pA+(1-p)(=g)> A —-p)1—qg)1 =)
(L+pA+ (L =p)a(=h) > (1 —q)[(1-p)(1—=A)
—1—pA—1+p]l
(L+pA+ (L=p)a(=h) > (1 —qg)(=A - 1)
(L+pA+ (1 =p)a(=h) > (1= q)(1+N)(=])

Note that with no loss-aversion (A = 1), the final equation simplifies to 0 > g, which
says that with no loss-aversion, the agent does not deviate from Plan 3 to Plan 2
only in the case where the expected return on the stock is less than zero. However,
if that were true, the agent would deviate from Plan 3 to Plan 1 (as shown above).

Taken together, if the agent has no loss-aversion, Plan 3 can never be a PE.

Understanding Our No-Deviation Conditions We know that g > 0 from

the no-deviation condition for Plan 3 to Plan 1, which implies that (13’2 i 1.
From the no-deviation condition from Plan 3 to Plan 2 we have (ﬁh < A
q)l 24+p(A—1)

So for the agent to neither prefer to deviate to Plan 1 or Plan 2 we need the

following inequalities to hold simultaneously:
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ah 1+
1—q)l ~2+p(A—1)

We can interpret this condition as giving a range of what the expected return

1<

(C.17)

on the stock in the after-market has to be to make the agent to choose to follow
through on Plan 3 versus deviating to the other plans. The expected return has to
be bounded because if it is too low, the agent never wants to hold the stock, and
would just prefer Plan 1. And if the return is too high, the agent will deviate from
Plan 3 to Plan 2, where they hold the stock regardless of whether they win or lose
the lottery. The figure shows that with the restrictive assumption that h = [, there
is a relatively small range of ¢ values for which the endowment effect plan is a PE.

As in the previous model, we once again check the two no-deviation conditions
for a more general h = ki setting. These are:

PE1:
pg(2+pg(A —1)) >0
With h = kl, g = l(gk — (1 — q)). Substituting back into the PE condi-

tion, it is now:

p(gk — (1 —¢))(2+pg(A—1)) >0

PE2:
(L+pA+ (1 =p)a(=h) > (1 —q)(1+N)(=0)

This becomes:
(T+pA+(1=p)gk < (1 —-q)(1+A)

We graph these two conditions below to find parameter ranges in which the
endowment effect plan is a PE:

For relating these PE ranges to our data, the most interesting feature of this
result is that as p approaches 1, there are fewer and fewer values of parameters
g and k for which the endowment effect plan is a PE.

The intuition for this result is that when p gets close to 1 in this model the

comparisons agents make across winning and losing the lottery become less and less
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important, because it is unlikely that they will lose the lottery. As the comparison
across winning and losing gets less important, decision making depends more and
more on the simple expected return of the stock, which pushes agents towards
either Plan 1 (never hold) if the expected return is low, or Plan 2 (always hold)
if the expected return is high.

Empirically, what this says is that when p gets close to 1 there should be a lower
estimated endowment effect in the data. Looking at our empirical estimates of how
the endowment effect varies with the probability of winning a given lottery (Table
6), when p rises, we find that the endowment effect goes down, but not by a very
large amount. While the fact that the estimated endowment effect gets smaller
as the probability of winning is consistent with this model in the full sample, it
becomes less strong, and even reverses sign for the samples of frequent traders.

Now it is important that the predictions about variation along the dimension of
p needs to be accompanied by equivalent variation along the ¢ and k£ dimensions,
and it is impossible to condition on these unobservable beliefs. However we can say
that in order for the endowment effect to be a PE especially for those applicants
in share categories with high probabilities of being allotted, they must have a
particular type of belief about expected returns on the stock. They would need
to either believe that there are high positive returns with low probability, or low
positive returns with high probability. These beliefs might not be very different
from the observed empirical distribution of IPO returns over our sample which
seem highly positively skewed (see plot).

We have also gone further and derived the conditions necessary for Plan 3 (the
endowment effect plan) to be a PPE, i.e. the (preferred) personal equilibrium
with the highest expected utility. We find that the ranges of p and A required
to make Plan 3 a PPE are substantially smaller than those that deliver Plan 3
as a preferred equilibrium. In particular in the symmetric case of h = [, Plan
3 is not a PPE even in the case where p is close to 1 and ¢ is exactly equal to
0.5. These results support the idea that Plan 3 is very unlikely to be a PPE for

lotteries where p is close to 1. As noted in 7, the preferred personal equilibrium
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must naturally also be a personal equilibrium, otherwise the agent would have
an incentive to deviate from their equilibrium choices, so for brevity we do not

report those results here (available upon request).
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Figure A.1: No Deviation Conditions, where h = k x [
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The Case of [ > x We now consider the case in which [ > x, i.e., the potential loss
on the stock, post-listing, on the day that it lists, is modelled as larger than the listing
gain. We think of this assumption as describing the long run case in which the after-
market losses from holding the stock could potentially be larger than the listing gain.

An agent in this model has the same four potential plans summarized in Table
A.1. As before, Plan 3 is the “endowment effect plan.” Once again, we omit
consideration of Plan 4, the “anti-endowment effect” plan as it is not empirically

relevant in our setting.

No-Deviation Condition from Plan 3 to Plan 1 (I > x) We wish to calculate
EU[Follow Plan 3|Plan 3] — EU[Follow Plan 1|Plan 3].

EU[Follow Plan 3|Plan 3| can be represented in tabular form as:

EU[Follow Plan 3 | Plan 3]

Probability Consumption Win 1 Win | Lose T Lose |
Win + Pq sta+h 0 p(L=q)(h+1) (I=plglz+h) (1-p)(1—qg)(z+h)
Win|  p(l—q) s+a—1 PgN(—1 —h) 0 (L=plgAz—1) (1-p)(1—gAz—1)
Lose 1 (1-p)g s pgA(—z —h) p(1—q)(=x+1) 0 0
Lose | (1-p)(1—q) s pgA(—z —h) p(l —q)(—z+1) 0 0

EU[Follow Plan 1|Plan 3]:

EUJFollow Plan 1 | Plan 3]

Probability Consumption Win 1 Win | Lose 1 Lose |
Win 4 pq s+ paA(—h) p(1—q)l (I=plgz (1-p)(1-q
Winl  p(l—gq) s+a pgA(—h) p(l—q)l (I=plgz (1-p)(1—q
Lose 1 (1—-p)g s pgA(—z —h) p(l—q)(—z+1) 0 0
Lose | (1-p)(1—q) s pgA(—z —h) p(l—q)(—z+1) 0 0

And finally, EU[Follow Plan 3|Plan 3] — EU[Follow Plan 1|Plan 3]J:
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Probability =~ Consumption =~ Win 1 Win | Lose T Lose |
Win 1 nq h *pghh Pp(1—q)h °(1-p)gh '1=p)1—q)h
Winl  p(l—gq) —1 pgA (=) =p(l =)l (1 —p)g((A =Dz =) "1 —-p)(1—q)(A—1)z— )
Lose 1 (I—-p)g 0 0 0 0 0
Lose | (1—-p)(1—¢q) 0 0 0 0 0

» The expected consumption difference is: p[gh + (1 — ¢q)(—1)].
o Terms a,b,c and d sum to: p?[gh + (1 — q)(—=1)](¢(r_1) + 1)
o Terms c,d,e and f sum to: p(1 —p)[g+ (1 —q)(A — 1)(x —1)]

Let g = gh + (1 — q)(—1). Summing these three pieces we have the condition:

EU[Follow Plan 3|Plan 3] — EU|[Follow Plan 1|Plan 3] > 0

g+ (A=) +1)+p1—p)+p1—p)(1—q)A=1)(z=1) >0
g2 +pgA—=1) -1 -p)A1-qg)A-1)(l-2)>0
(1 =p(d ==~z

g >

2+pq(A—1)
With no loss-aversion (A = 1),this condition simplifies to g > 0; the agent will

not deviate to Plan 1 as long as the expected return on the stock is greater than zero.

No-deviation Condition from Plan 3 to Plan 2 (I > ) We want to calculate
EU|Follow Plan 3|Plan 3] — EU[Follow Plan 2|Plan 3]. We already have the first

piece in table form, now we need to calculate the second piece in table form.

EU|Follow Plan 2| Plan 3]

Probability Consumption Win 1 Win | Lose 1 Lose |
Win 1 Pq st+x+h 0 p(1 —q)(h+1) 1-=pgz+h) QA-pA-qg(z+h)
Winl  p(l-q) s+a—1 pgAN(—l—h) 0 (1-plgrz—1) (1-p)A1 -z —1)
Lose T  (1-p)g s+h PaA(—x) p(l—q)(—z+h+1) (1 —p)gh (1-p)1—qh
Lose | (1-p)(1-gq) s—1 paN—l—x —h) p(l — @A(=x) (I=pgr=) (1 -p(A-gA-)

The next table gives EU[Follow Plan 3|Plan 3] — EU[Follow Plan 3|Plan 2.
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Probability ~ Consumption ~ Win 1 Win | Lose T Lose |
Win 1 Pq 0 0 0 0 0
Win | p(1—1¢q) 0 0 0 0 0
Lose t (1-p)q ~h “pgA(—h) "p(1 = q)(=h) “~(1-pgh =1 -p)1-qh
Lose | (1—p)(1—q) ! peAl pA—q)(—z+ (1 -N)1) #(1—p)gl " (1-p)(1— g

o The expected consumption difference is: (1—p)[q(—h)+(1—¢)l] = (1—p)(—g).
« Terms a,b,c and d sum to: (1 —p)p[(—=g)(N —1)g+1) — (1 — ¢)*(z + N)]
o Terms e,f,g and h sum to: (1 —p)*(—g) + (1 —p)*(1 — q)(1 — N)I

Summing these three pieces we have the condition:

—g+pl@)((A=1)g+1) = (1= q*(@+ N+ (1 =p)(—=g) + (1 =p)(1 —g)(1 =) >0

(—=9)2—p) + (=9)p((A = 1)g+ 1)) + p(1 — q)*(z + A)(=1) + (1 = p)(1 — @) (A — 1) (1)

>0

(1-=q¢)(=Dp(1 = q)(z+ ) + (1 —p)(A=1)] >3

2+pg(A—1)

Note that with no loss-aversion (A = 1) the last equation simplifies to 0 > g,
which says that with no loss-aversion the agent chooses to not deviate only in
the case where the expected return on the stock is less than zero. However, in
that case, they would deviate from Plan 3 to Plan 1 (as shown above), so with

no loss-aversion Plan 3 can never be a PE.

No-Deviation Conditions Summary (I > z) Combining the no-deviation
conditions that guarantee that the investor will choose to follow through on Plan

3 instead of deviating to Plan 1 or Plan 3, we have:

1-p)0-gA-1l-2) 7 < (1—g)(=Dpd - g)(z+A) + (1 —p)(A—1)]
2+ pg(A — 1) 2+ pg(A—1)
Given that [ > x in this case, we know that the left-hand-side of this inequality
will be greater than zero. The right-hand-side of this inequality will always be less

than zero. This implies that there is no possible value of g that will be able to

satisfy both of these no-deviation conditions simultaneously.
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B Discussion of Reference-Dependence Models

Overall, the conclusions from our analysis of the various reference dependence
models is that there are parameter ranges within which we can use these models to
rationalize our empirical results. The parameter values required for the endowment
effect to appear as a PE require that agents believe that these stocks have either
high probabilities of low payoffs or low probabilities of high payoffs.

However, the parameter values required for the endowment effect to be a PPE in
our setting are quite restrictive, and the comparative statics predicted by the models

in this class do not seem to match up closely to the observations in our field setting.

Issue Price as the Reference Price (Weaver-Frederick Model) The main
idea of the framework of 7 applied to our setting is that investors may see trading
at the market price of the stock as a bad deal because it seems worse to them
than transacting at the issue price. This is a behavioral alternative to comparing
their private valuation to the market price when deciding to trade, which would
characterize the decision of a standard expected utility maximizing investor.

This model formalizes the intuition that some lottery losers, despite believing
that the stock is worth more than the listing price (s + x), may nevertheless not
purchase it because they feel transacting at that price is a “bad deal” relative to
the issue price s. This channel operates despite the fact that as a lottery loser, they
never had the opportunity to purchase the stock at the issue price.

The basic setup of the model inherits the features and notation of the models
solved earlier in the appendix, with the following additions: Investor ¢ has valuation
v; for the stock in the moment after it lists. A rational lottery winner would hold the
stock if their private valuation v; > s + x, and sell otherwise, and a rational lottery
loser would buy the stock if their v; > s+ x, and not buy otherwise. However, when
the agent in this model thinks about trading the stock, he compares the market price
to a distorted valuation which is a function of v; and the issue price s (the reference
price in our setting). The distortion works as follows: If trading at v; would create

a loss relative to s, then the agent’s distorted valuation is lower than their true
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valuation. In particular, Weaver and Frederick model the distorted valuation as a
linear combination of the true valuation and the reference (issue) price:

vf =ars+ (1 —ap)v;,

where we use v? to denote the distorted valuation of the prospective buyer, ar,
is a distortion parameter that is the weight the agent places on s when determining
the distorted valuation.

Consider for example an PO with issue price s = 100 and listing price s+z = 120.
Consider a lottery loser whose true valuation of the stock v; = 130. If this investor
was a standard expected utility decision maker, she would be willing to buy the
IPO stock at any price up to 130. However, in this model, buying at 130 would be
perceived as a loss relative to s = 100. In the model, this would create a distorted
valuation which is lower than v;. Say the agent has a; = 0.4, then the investor’s
distorted valuation would be v? = (0.4)100 + (1 — 0.4)130 = 118, and the investor
would choose not to purchase the IPO at the listing price of 120.

Now consider the case in which the agent has a private valuation v; such that
transacting creates a gain relative to the issue price. In this case, the agent simply
uses v; when making decisions, i.e., there is no distortion. In the example above, a
lottery loser with v; = 90 will see buying as delivering a gain since s = 100, and
therefore no distortion is applied to their valuation.®6
Taken together, for lottery losers (prospective buyers) the distorted valuation

function takes the following form:

vf = ars+ (1 —ap)y ifv; > s

b .
v, = vifvy;<s

86Weaver and Frederick (2012) present a generalized model in their appendix where transactions
at valuations that produce gains relative to the issue price also have a distortion parameter ag.They
note that all of their results go through as long as ap > aq, which is true for our results as well
given that ours is an application of their basic model.
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Analogously, a lottery winner’s (prospective sellers’) distorted valuation function

takes the form:

s .
v; = v ifv;>s

v; = ars+(1—ap)v ifv; <s

If the lottery winner values the stock more than the issue price, then they see
selling at their valuation as a gain, and there is no distortion. However, if they
value the stock less than the issue price, then they view selling at their valuation
as a loss relative to the issue price, and therefore have a distorted valuation. In
particular, winners who value the stock less than the issue price will have a distorted

valuation that is higher than their true valuation.

Issue Price as Reference Price, Positive Listing Gain (z > 0) We begin
by analyzing the model in the case in which there is a positive listing gain, i.e.
x > 0. We first consider the case where an investor’s valuation is greater than
the listing price, v; > s + z. For a lottery winner, v = v; > s, so the investor
always wishes to hold the stock as their valuation is undistorted in this case. On

the other hand, a lottery loser will purchase the stock after it lists if
v =aps+ (1 —ap)v; > s+, (C.18)

since their valuation is distorted on the buy side (as v; > s).

s+x
l—ar,*

As x > 0 and oy € (0, 1], the right hand side is larger than s + x. Put differently,

Re-arranging equation (C.18), lottery losers will only hold the stock if v; >

lottery losers require a higher valuation before they are interesting in purchasing
the stock, compared to the valuation that lottery winners need to hold the stock,
creating a divergence between the behavior of winners and losers.

The intuition for this result is that losers’ valuations are anchored by the issue
price, and this anchoring reduces their willingness to pay for the stock even if

their true valuation of the stock is higher than the listing price. This difference
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in valuations implies there will be some lottery participants who would choose to
hold the stock if they win the lottery, but would not choose to buy the stock if
they lost the lottery — the endowment effect.

Next, consider the case where an investor’s valuation is between the issue price
and the listing price, s < v; < s+ x. In this case, all lottery winners choose to
sell the stock because they value it less than the market price, and there is no
distortion in their valuation because selling at these valuations constitutes a gain
relative to the issue price. And, no lottery losers will choose to buy the stock

b

because their distorted valuation (v;

) = aps+ (1 —ag)v;) is less than their true

valuation (v;), which is in turn less than the market price (s + z). So, in this
case both winners and losers will both choose not to hold the stock, meaning that
the model cannot generate an endowment effect.

Finally, consider the case where the agent’s valuation of the stock is less than
the issue price (v; < s). In this case, lottery losers will see buying at their valuation
as a gain relative to the issue price, resulting in no distortion to their true valuation
v? = v;. Given that v; < s < s+ , these lottery losers never purchase the stock
after it lists. Lottery winners, however, see transacting at their valuation as a
loss relative to the issue price, so vf = aps+ (1 — ap)v; > v;, i.e., their distorted
valuation is greater than their true valuation because of their attachment to the
reference price. Nonetheless, this distorted valuation is still always less than the
listing price s + = (because x > 0) and therefore all lottery winners will choose
to sell. Thus, for lottery applicants with valuations lower than the listing price
neither lottery winners nor losers will want to hold the stock after it lists, and
once again, there is no endowment effect in this group.

Overall, if there is a positive listing gain, the model predicts that only those
“optimistic” investors with valuations greater than the market price (v; > s + x)
exhibit an endowment effect. In particular, the size of the endowment effect will be
larger as the wedge between the cutoff valuations of lottery losers and lottery winners
increases. Subtracting the lottery winners cutoff valuation from the lottery losers’

(s+x)

valuation we get that the size of this wedge is al_aL . This expression shows that the
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wedge is increasing in the extent of loss aversion a,.8” However, as we do not observe
individual investors degree of loss aversion directly, this prediction cannot be tested.

The expression also shows that the endowment effect is increasing in s + x, and
in particular, in x, the size of the listing gain. As the listing gain increases, lottery
losers’ maximum buying prices get increasingly distorted by the fact that the issue
price is more and more below the transaction price after listing. We can inspect
whether this comparative static finds support in the data, i.e., if this model is to
explain our evidence, we should see smaller endowment effects for IPOs with small
listing gains, and larger endowment effects for IPOs with large listing gains.

In Figures 1a and 1b we find little relationship between the size of the listing
gains and the endowment effect. More importantly, given that this model generates
the endowment effect through a distorted valuation for lottery losers, we should see
lottery losers being increasingly willing to buy the stock for small listing gains and
increasingly unwilling to buy the stock for large listing gains. However, the first order
fact here is that lottery losers do not increase their propensity to buy the stock when
listing gains are low. In the paper, when we control for a host of IPO level covariates
(which likely control for at least some of the underlying variation in loss aversion of
investors across IPOs), we find a very small positive/negative relationship between
the listing return and the size of the endowment effect.We also plot the endowment
effect against the size of the total listing price s + z in the figure below, and no
relationship between the two is apparent as predicted by the model. The small
relationship between listing gains and fraction of lottery losers who purchase the

IPO stock also holds when we look at the more active trading samples in Figure 3.

87Note that when oy = 0 there is no endowment effect; loss aversion is necessary in this model
to generate an endowment effect.
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In Figure 4, however, we do see that the more active trading lottery losers
are more likely to purchase the IPO stock when it has a lower return through the end
of the first full month after listing. This result is consistent with the idea that lottery
losers may be distorting their valuations downwards for stocks that had higher
returns. However, it is clear from the figures that even for IPOs that experienced

low returns, lottery winners are more likely to hold the stock than IPO losers.

Issue Price as Reference Price, Negative Listing Gain (z < 0) We also
consider the case where the listing gain is negative. We begin with investors whose
valuations are less than the listing price (v; < s +x < s). The lottery losers in
this group view buying at their valuation as a gain, so v* = v;, and they will not
purchase the stock because v’ < s + x. Lottery winners view selling at their

valuation as a loss relative to the issue price, and therefore have distorted valuations

vf = aps + (1 — ag)v;. They hold the stock if aps + (1 — ap)v; > s + x, which

T
l—ayp,’

simplifies to v; > s +

Given that x < O,there is a set of lottery winners with

valuations that satisfy (s + =%~ < v; < s + ) that choose to hold the stock. Once

l1—ay,
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again, in this case, a “pessimistic” group of investors can generate an endowment
effect when the listing gain is negative.

Consider the set of investors with valuations in the range s +x < v; < s.
The lottery losers in this group view buying at their valuation as a gain, so their
distorted valuation is equal to their true valuation (v? = v;). All of these lottery
losers will purchase the stock. Lottery winners view selling at their valuation
as a loss relative to the issue price, and therefore, as in the case above, their
valuations will be distorted upwards towards the issue price. Therefore, all of
these lottery winners will also choose to hold the stock, and this set of investors
does not produce an endowment effect.

Finally, consider investors with valuations s +x < s < v;. Lottery losers
will see buying at their valuation as a loss, and will have distorted valuations
v? = ars + (1 — ar)v;. However, these distorted valuations are still always greater
than s + x, so they always purchase the stock. Lottery winners see selling at their
valuation as a gain relative to the issue price, and so there is no distortion and they
all choose to hold the stock. There is no endowment effect in this case.

Similar to the case of the positive listing gain, we have here that the size of the
endowment effect is a function of the listing gain and the loss-aversion weighting
parameter. As x approaches zero from below, the size of the endowment effect
should also approach zero. We only have two IPOs in our dataset that experienced
negative listing returns, so we have limited ability to test this. Nevertheless,
Figures 1a,1b and 3 show that for the two IPOs that had relatively small negative
listing returns of -5 and -3 percent respectively, lottery winners are approximately
between 45 and 65 percent more likely to hold the stock than lottery losers. Figure
4, however shows that lottery winners do seem less likely to sell the IPO stock as its
return first full month becomes more negative. This result is consistent with these
lottery winners having the issue price as a reference price, and being reluctant to
sell. Similar to the case of the positive listing gain, we find some empirical evidence
for the “aversion to bad deals" model in the longer run after the IPO. Note also that

this model relies on optimistic investors to drive the endowment effect when listing
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gains are positive, and pessimistic investors to drive the effect when listing gains are
negative — this potentially also generates additional testable implications in future

studies which may be able to identify optimistic and pessimistic investors.
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4 The Effects of Experience on
Investor Behaviour:

ES
Evidence from India’s IPO Lotteries

We exploit the randomized allocation of stocks in 54 Indian IPO lotteries to 1.5
million investors between 2007 and 2012 to provide new estimates of the causal effect
of investment experiences on future investment behavior. We find that investors
experiencing exogenous gains in IPO stocks (the treatment) are more likely to apply
for future IPOs, increase trading in their portfolios, exhibit a stronger disposition
effect, and tilt their portfolios towards the sector of the treatment ITPO. Treatment
effects vary with the characteristics of the treatment (size, variability, and salience
of the gain), and are stronger for smaller and younger accounts. Treatment effects
persist for larger and older accounts, suggesting that experiencing gains exerts a

powerful force even on sophisticated players.

1 Introduction

Workhorse economic models typically assume that agents have stable preferences
and well-founded beliefs. In these models, preferences are “deep” parameters that
are not influenced by states of the world, and beliefs are defined using all past data
and updated according to Bayes rule. More recent work in economics, however,
takes the view that the preferences and beliefs of individuals are more malleable.
One interesting approach in this vein has been to model agents’ preferences and

beliefs as being particularly influenced by their own personal experiences (see, for

*This is joint work with Santosh Anagol and Tarun Ramadorai. Ramadorai is at Imperial
College Business School, and CEPR. Anagol is at The Wharton School, University of Pennsylvania.
We gratefully acknowledge the Alfred P. Sloan Foundation for financial support, and the use of
the University of Oxford Advanced Research Computing (ARC) facility for processing. We thank
Sushant Vale for dedicated research assistance, and Samar Banwat, Nick Barberis, John Campbell,
Rajesh Jatekar, Karthik Muralidharan, Stefan Nagel, Nayana Ovalekar, Bhupendra Patel, Ben
Ranish, P.S. Reddy, Paul Rosenbaum, Shubho Roy, Susan Thomas, Shing-Yi Wang and seminar
participants at the Said Business School, IGIDR Emerging Markets Finance conference, Federal
Reserve Board, NBER Household Finance conference for useful comments and conversations.
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example Koszegi and Rabin, 2007; Rabin and Weizsacker, 2009; Camerer and Ho,
1999; Roth and Erev, 1995; Ellison and Fudenberg, 1993).

Empirical validation for the effects of personal experience on economic decision-
making has been growing, especially in the area of investments, where data on agents’
choices involving risk is readily available. One strand of this emerging empirical
literature relates personal economic experiences to long run risk-taking in financial
markets, finding that investors living through periods of low stock returns, inflation,
and unemployment suffer declines in stock market participation and allocations to
risky assets even decades after the experience (Malmendier and Nagel, 2011, 2009;
Kniipfer et al., 2014). A second strand studies how recent portfolio experiences
shape short-term decisions, finding that savings and stock trading decisions appear
to respond to investors’ personal experiences.®®

A fundamental challenge confronting empirical work on experience effects on
short-term financial decision-making is the fact that most investment experiences
are determined endogenously by the investor. The implicit assumption in much of
the work relating past investment return experiences to future outcomes is that
investor return experiences can be treated as exogenous because investors typically
cannot predict returns (i.e. return experiences are due to luck). These studies
compare investors who experienced high returns with those who experience low
returns, and argue that future changes in behavior are causally driven by this
variation. The challenge here is that this comparison conflates the return experience
with characteristics of the investor that might cause them to have different types
of return experiences. For example, an investor who makes large single bets in
individual stocks is likely to experience extremely high or low returns, whereas
an investor who mainly trades to re-balance will experience moderate returns.

Naturally, a comparison of investors based on returns will mix both the effects of

88 A large literature relates investors’ experienced asset returns to future investment behavior.
One strand focuses on how prior gains and losses affect risk-taking, see Thaler and Johnson (1990)
for one of the first analyses of this nature, and Gamble and Johnson (2014). Another strand looks
at how investor experiences in specific asset classes change future investments in those assets;
Kaustia and Kniipfer (2008) and Chiang et al. (2011) focus on the IPO market and (Choi et al.,
2009) study savings in retirement plans. See Andersen et al. (2014) for a recent review. For recent
work using Indian data in this context, see Campbell et al. (2014).
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the returns as well as whatever characteristics cause some investors to make large
single bets versus others to diversify; while attempts can be made to control for
such investor characteristics, it is difficult to argue that any control strategy will
guarantee clean identification of the experience effects. Our design allows us to
avoid the assumption that past trading profits are exogenous, and instead utilizes
purely randomized variation in experience.

Another challenge confronts work on experience effects on longer-run risk-taking,
namely that it is unobservable whether specific investors were interested in economic
matters, or physically invested in the stock market or other risky assets during
important historical episodes. In this sense, averaging outcomes across all investors
alive during a particular historical event produces a potentially downward-biased
measure of experience treatment effects.

The ideal research design in this case would be to find a setting in which
investment experiences are randomly assigned to investors, and to then track
how this random assignment of experience affects future behavior. In this kind
of design, we can be sure that the investment experience is orthogonal to the
investor’s preferences and beliefs. Further, this kind of design is a particularly
sharp test because there is no reason that investor’s should rationally learn from a
randomized experiences. This paper introduces a new research design for estimating
the causal relationship between investor experiences and future behavior. We exploit
the fact that (owing to excess demand) shares in initial public offerings (IPOs)
are often allocated to retail investors using randomized lotteries. By comparing
allocated versus non-allocated applicants, we can identify the causal effect of how
the experience of IPO initial returns (which are often high, and vary substantially
across IPOs) changes future investment behavior.

We apply this research design to India, where we have data from 54 different
IPOs in which 1.5 million retail investor accounts experienced randomized allocation
in lotteries between 2007 and 2012. For all 469,288 treatment and 1,093,422 control
accounts, we are able to track the details of investment in their equity portfolios on a

monthly basis both prior to and following treatment. Given the large number of IPO
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experiments that we observe, we also have substantial power to test how different
types of return experiences affect investors. Moreover, we are able to estimate
heterogenous treatment effects, i.e., estimate how investors’ responses to experience
vary with investor characteristics such as the size of the pre-existing portfolio of the
investor and the “age in the market” of the investor. To our knowledge, this is the
first paper to estimate the causal effect of return experiences using the randomized
allotment of real securities to particular investors.*® Regarding external validity,
we show that the distribution of account values and trading experience of our IPO
lottery applicants are similar to these distributions in the full sample of Indian
investors, and also similar to individual investors in the United States (suitably
adjusted for GDP per capita differences).

We begin our analysis by testing whether investors that are randomly allotted
shares are more likely to apply for future IPOs. Our results confirm previous non-
experimental results that personal experience in the IPO market appears to lead to
reinforcement learning (see Kaustia and Kntipfer, 2008; Chiang et al., 2011). We find
that conditional on applying for an IPO, investors who “win the IPO lottery,” i.e.,
those that are randomly allocated IPO shares with positive returns, are significantly
more likely to apply for future IPOs, and investors randomly allocated IPOs with
negative returns are significantly less likely to apply for future IPOs.

We next test whether investors’ randomized IPO return experiences cause
substantially different trading decisions in their non-IPO portfolios. As we explain
more fully below, we believe this analysis best exploits our experimental design.
We find that the exogenous shock of receiving a gain in an IPO security strongly
increases treated investors’ propensity to trade stocks, exacerbates the disposition
effect, and causes small but precisely estimated increases in the fraction of the

investor’s portfolio that is invested in the industry sector of the treatment PO

89While our specific data and analysis focus on India, we also note that this research design
could be applied to many countries that use lottery systems to allocate IPO shares, including
Bangladesh, Brazil, China, Germany, Hong Kong, Singapore, Sweden, and Taiwan. In addition,
several brokerages, such as TD Ameritrade, E-Trade and Fidelity in the United States, allocate
shares to individual investors using random assignment or cut-off rules in trading activity or
portfolio values; our methodology could also be applied to data from such individual brokerages.
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stock. We also find that there is a small but significant increase in the total number
of stocks held by investors experiencing IPO lottery wins.”®

Treatment effects are not homogenous across investors or experiences. Treatment
effects inherit the sign of the first-day IPO return, meaning that they are generally
negative for negative treatment returns. If our results were simply explained by
investors rebalancing towards optimal portfolios, losses experienced on IPOs with
initial negative returns should also increase trading volume as simple predictions
on rebalancing are symmetric across loss and gain domains. We find, instead,
that negative treatment returns lead to statistically insignificant, though negatively
signed changes in investor trading volume. Moreover, our results on disposition
and familiarity are inconsistent with such optimizing behavior.

Treatment effects also appear stronger for more extreme positive treatments,
i.e., IPOs with extremely high returns. Treatment effects are also larger for IPOs
with less initial variability in returns, and for IPOs raising a large amount of capital,
suggesting that there are important roles for the perception of risk in experiences,
as well as for the salience of experiences.

We can also rule out that wealth effects are the main driver of our results. First,
the value of the gain PO winners get is small relative to the fact that investors
must put US$ 1,750 in an escrow account to participate in the IPO in the first
place. This fact makes it unlikely that winning the IPO lottery is somehow relieving
a wealth constraint that causes a change in behavior across lottery winners and
losers. Second, while the effects of experience appear to be stronger for smaller
accounts, we find that even for investors with average portfolio sizes in excess of
US$ 10,000, small gains in IPO lotteries (averaging roughly US$ 70) continue to
produce economically and statistically significant effects on a range of outcome
variables. These results also suggest that these experience effects exert a powerful

influence on investor behavior even on sophisticated investors.”!

90All these results are estimated removing the direct allocation of the IPO stock that treatment
accounts have because they were “winners” of the lottery.

91Wealth is generally considered to be highly correlated with sophistication in work on household
finance (see, for example, Campbell, 2006).
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Finally, we find that treatment effects remain significant for investors of all
account ages — they are substantially greater for rookies in the market, but continue
to exist for those with substantially longer exposure to the stock market. These
patterns are interesting in light of prior work on the relationship between experience
and market anomalies (as in List, 2004).

Overall, we view our results as important for the development of both behavioral
and rational theories of investor behavior. Many previous behavioral models assume
that investors narrowly frame stocks separately when evaluating performance,
and in this sense ignore the potential for cross-security effects within investor
portfolios (see, for example, Barberis et al., 2006). For example, current models
of “realization utility,” the idea that investors receive utility jolts at the time of
selling an investment, generally assume that utility is defined at the asset level
and generally ignore the possibility that there may be cross-asset realization utility
effects (see Barberis and Xiong, 2012; Frydman et al., 2014). However, it seems
plausible that realizing a gain in one stock might make an investor more willing to
realize a loss in another because utility jolts are bracketed together. Our findings
suggest that experiences arising from one stock in a portfolio has a causal effect
on decisions regarding other securities, or put differently, we find that there can
be contagion effects even within an investor’s portfolio.

On the other hand, it is difficult to square our results with fully rational theories of
economic decision-making, as it is difficult to explain them using mechanisms such as
wealth effects or rational portfolio rebalancing.Much like the related literature in this
field that uses non-experimental variation for identification, we find strong evidence
consistent with reinforcement learning behavior by investors in financial markets.
Howevar, a fundamental difference between our setting and this previous work on
investor learning is that, because the experiences we study are randomized, there is
no reason that the randomized return experience should cause the lottery winners
in our setting to update their beliefs. Previously detected learning effects likely
both include learning about the investor’s ability as well as the exogenous shocks

in performance (Barber (2010), Linnainmaa (2010), Gervais and Odean (2001),
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Nicolosi (2009)). In this sense, learning the specifically randomized experiences we
can observe in our setting is a particularly interesting null hypothesis.

Finally, our results are also related to the recent literature (see, for example,
Parker et al., 2011; Agarwal et al., 2007; Bertrand and Morse, 2013) which uses
micro-data to study the consumption response to unanticipated income shocks.
Most of these studies harness the power of experimental or quasi-experimental
variation to reject the predictions of the rational expectations life-cycle/permanent
income hypothesis. Our results are similar in approach, and complement this
literature by showing that there are good reasons to believe that shifts in beliefs
and preferences caused by exogenous variation in gains and losses have effects on
investment (and not just consumption) behavior.

The next section describes the natural experiment that we study, describing
the details of the Indian IPO lottery process. Section (2) describes the data that
we employ, Section (4) describes how we estimate treatment effects on a range
of investment behaviors using these lotteries, Section (5) describes the results,
Section (6) explores the heterogeneity of our estimated treatment effects, and

finally, Section (7) concludes.

2 The Experiment: India’s IPO Lotteries

2.1 Details of Regulation and the IPO Process

As with many other details of regulation in the country, the Indian regulatory
process for IPOs is quite complex. Several papers (e.g., Anagol and Kim, 2012;
Campbell et al., 2015) have used this complexity of the Indian regulatory process
to cleanly identify a range of economic phenomena.

Our experiment uses the Indian retail investor IPO lottery as an identification
mechanism. This lottery arises in situations in which an IPO is oversubscribed,
and the use of a proportional allocation rule to allocate shares would violate the
minimum lot size set by the firm. In such cases, the lottery is run to give investors

their proportional allocation in expectation. The outcome of the lottery is that
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some investors receive the minimum lot size (this is the treatment group) and
others receive zero shares (the control group).

The fundamental reason for the lottery is that in India, regulations require that
a firm must set aside 30% or 35% of its shares (depending on the type of issue) to be
available for allocation to retail investors at the time of IPO.%? For the purposes of
the regulation, “retail investors” are defined as those with expressed share demands
beneath a pre-set value.”® At the time of writing, this pre-set value has been set by
the regulator at Rs. 200,000 (roughly US $3,400); this value has varied over time.

The share allocation process in an Indian IPO begins with the lead investment
bank, which sets an indicative range of prices. The upper bound of this range
(the “ceiling price”) cannot be more than 20% higher than the lower bound (or
“floor price”). Importantly, a minimum number of shares (the “minimum lot
size”) that can be purchased at IPO is also determined at this time. All IPO
bids (and ultimately, share allocations) are constrained to be integer multiples
of this minimum lot size.

Retail investors can submit two types of bids for IPO shares. The simplest
type of bid is a “cutoftf” bid, where the retail investor commits to purchasing
a stated multiple of the minimum lot size at the final issue price that the firm
chooses within the price band. To submit a cutoff bid, the retail investor must
deposit an amount into an escrow account, which is equal to the ceiling of the
price band multiplied by the desired number of shares. If the investor is allotted

shares, and the final issue price is less than the ceiling price, the difference between

92We provide more details on these regulations in the online appendix.

93In practice, each brokerage account is counted as an individual retail investor for the purposes
of the regulation, meaning that a single investor could in practice exceed this threshold by
subscribing using multiple different brokerage accounts. However, this is not a concern for us as
we can identify any such behavior in our data. This is because our data are aggregated across all
brokerage accounts associated with the anonymized tax identification number of the investor.

94The Indian regulator, SEBI, introduced the definition of a retail investor on August 14, 2003
and capped the amount that retail investors could invest at Rs. 50,000 per brokerage account per
IPO. This limit was increased to Rs. 100,000 on March 29, 2005, and once again increased to Rs.
200,000 on November 12, 2010. This regulatory definition technically permits institutions to be
classified as retail when investing amounts smaller than the limit, but over our sample period, we
verify using independent account classifications from the depositories that this hardly ever occurs,
and accounts for a miniscule proportion of retail investment in IPOs. We simply remove these
aberrations from our analysis.
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the deposited and required amounts is refunded to the investor. In our sample
93 % of IPO applicants elect to submit cut-off bids.

Alternatively, retail investors have the option to submit a “full demand schedule,”
i.e., the number of lots that they would like to purchase at each possible price
within the indicative range. As in the case of the cutoff bid, the investor once again
deposits the maximum monetary amount consistent with their demand schedule
at the time of submitting their bid. If allotted shares, the investor’s order will
be filled at the stated share demand associated with the final issue price, and a
refund is processed for the difference between the final price and the amount placed
in escrow. 7 % of our sample submits full demand schedules.

Once all bids have been submitted, the firm and investors jointly determine
the level of retail (and total) investor oversubscription. The two inputs to this
are total retail demand, and the firm’s total supply of shares to retail investors,
including any excess supply from other categories (for example, if employees and/or
non-institutional investors participate in amounts less than they are offered, this
can “overflow” into additional retail supply).”

We define “retail oversubscription” as the ratio of total retail demand for a
firm’s shares to total supply of shares by the firm to retail investors, i.e., the total
number of shares made available by the firm for retail investors to purchase.

There are then three possible cases:

1. Retail oversubscription is less than or equal to one. In this case, all retail

investors are allotted shares according to their demand schedules.

2. Retail oversubscription is greater than one, and shares can be allocated to
investors in proportion to their stated demands without any violation of the

minimum lot size constraint. There is no lottery involved in this case.

3. Retail oversubscription is far greater than one (the issue is substantially

oversubscribed), and a number of investors under a proportional allocation

950f course, total firm supply is restricted by the overall number of shares that the firm decides
to issue, which is fixed prior to the commencement of the application process for the IPO.
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scheme would receive an allocation which is lower than the minimum lot size.
This constraint cannot be violated by law, and therefore, all such investors
are entered into a lottery. In this lottery, the probability of receiving the

minimum lot size is proportional to the number of shares in the original bid.

This third case, in which the lottery takes place, constitutes our experiment.
Far from being an unusual occurrence, in our sample alone (which does not even
cover all IPOs in the Indian market over the sample period), roughly 1.5 million
Indian investors participate in such lotteries over the 2007 to 2012 period in the
set of 54 TPOs that we study.

Note that the minimum allocation (minimum lot size times issue price), along
with the listing return, i.e., the difference between the price at listing and the
issue price, together determine the experimental stake. The minimum allocation of
shares is the base on which gains and losses for the treatment group are accrued,
relative to the control group.

We now provide a more formal description of the process, and illustrate it with

a specific example from an Indian IPO.

2.2 The Probability of Treatment

Let S be the total supply of shares that the firm decides to allocate to retail
investors. Let ¢ =1, ..., C index “share categories,” which are integer multiples of
the minimum lot size x for which investors can bid. The set of possible numbers
of shares for which investors can bid is therefore: z,2z,....Cz.%® Let a. be the
total number of applications received for share category c. The total demand D

for an TPO with C share categories is then:

c
D =) cza,. (C.19)
c=1
Retail oversubscription v is then defined as:
D
= . C.20
v= (C.20)

96Note that the minimum lot size is also the mandatory lot size increment.
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As described in case (1) above, if v < 1 at the ceiling price, then all investors get
the shares for which they applied, and if v > 1, one of cases (2) or (3) will apply.

In the latter two cases, the first step is to compute the allocations for each
share category under a proportional allocation rule, and compare these allocations
to the minimum lot size x.

Let J < C be the share category such that share categories ¢ € [J, ..., C] receive
proportional allocations which are greater than or equal to x, and share categories
d €[1,...,J) receive proportional allocations which are less than z. If J =1 then
we are in case (2), otherwise we are in case (3).

In either case, investors in share categories ¢ > J receive a proportional allotment

C c
C:JU

cx

<, and a total number of shares equalling - a.. However, investors in

share categories ¢ € [1,...,J) cannot receive the minimum of = shares (since

J is the cutoff share category, i.e., % < z). Let Z be the remainder of
shares to be allotted, i.e.,%7
S
Z=8-> |-za.. (C.21)
c=J v

These are the shares allocated by lottery in case (3). Note that in this lottery,
the possible outcomes are winning the minimum lot size x with probability p.,
or winning nothing with probability 1 — p..

By regulation, the probability of winning in share categories ¢ € [1,...,J)
must be exactly proportional to the number of shares applied for, meaning that
in expectation, investors will receive their proportional allocation. That is, for
share categories ¢ € [1,...,J):

Des dx d

= = ) 22
Per—1 (C, - 1)1: C, - 1 (C )

The combination of equation (C.22) and the fact that the total remaining shares

are described by equation (C.21) gives us:

97By regulation, the shares to be allotted ZCC:J cxa. is rounded to the nearest integer.
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J-1 J-1
> (pe)rag + Y (1 —pos) x0=Z. (C.23)
=1 =1

Solving (C.23), we get that p, = % of winning exactly = shares in share categories
d el,..,J). We show the solution in an appendix to the paper.

In general, the probability of winning increases proportionally with the number
of share lots bid for ¢, and decreases with the overall level of over-subscription v.
This implies that the probability of winning will vary across share categories within
IPOs, as well as across IPOs. In other words, there may be some self-selection
of investors into share categories — that is, by applying for more share lots, they
increase the probability of winning. However, conditional on two investors applying
for the same share category in the same IPO, the investor chosen to actually receive
the shares will be random. In other words, the relevant control group is the set of
investors within the same share category who were unsuccessful in the lottery. As
we explain more fully below, it is precisely this within-share-category experimental
variation that we exploit in estimating the effects of winning (or losing) the ITPO

lottery on subsequent portfolio decisions.

2.3 An Example: Barak Valley Cements IPO Allocation
Process

We now provide an example to illustrate this process. Barak Valley Cements’ IPO
opened for subscription on October 29, 2007, and remained open for subscription
through November 1, 2007. The stock was simultaneously listed on the National
Stock Exchange (NSE) and the Bombay Stock Exchange (BSE) on November 23,
2007. The listing price of the stock was Rs. 42 per share, and the stock closed
on the first day of listing at Rs. 56.05 per share, for a 33.45% listing day gain.
The retail oversubscription rate v for this issue was 37.62. Given this high v, all
investors that applied for this IPO were entered into a lottery, i.e., J = C.
Table 7.0.1 shows the official retail investor IPO allocation data for Barak

Valley Cements.”® Each row of column (0) of the table shows the share category c,

98These data are obtained from http://www.chittorgarh.com/ipo/ipo_boa.asp?a=134
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associated with a number of shares bid for given in column (1), which, given the
minimum lot size x = 150 for this offer is just cx. In this case, C' = 15, meaning
that the maximum retail bid is for 2,250 shares. This is because C' = 16 would
give a number of 2,400 shares, and a maximum subscription amount of Rs. 100,800
at the listing price of Rs. 42. This maximum subscription amount would violate
the prevailing (in 2007) regulatory maximum retail investor application constraint
of Rs. 100,000 rupees per IPO. Column (2) of the table shows the total number
of retail investor applications received for each share category, and column (3) is
simply the product of columns (1) and (2).

Column (4) shows the investor allocation under a proportional allocation rule,
i.e., <. As v = 37.62, this proportional allocation is less than the firm’s minimum
lot size of 150 shares per investor for all share categories, i.e., J = C. By regulation,
the firm is now required to conduct a lottery to decide share allocations.

Column (5) shows the probability of winning the lottery for each share category
¢, which is p = ¢. For example, 2.7% of investors that applied for the minimum
lot size of 150 shares will receive this allocation (this is the treatment group in
this share category), and the remaining 97.3% of investors applying in this share
category (the control group) will receive no shares. In contrast, 40.6% of investors
in share category ¢ = 15 receive the minimum lot size x = 150 shares. For this
particular IPO, all retail investors are entered into a lottery, and will ultimately
receive either zero or 150 shares of the IPO.

Column (6) shows the total number of shares ultimately allotted to investors in
each share category, which is the product of z, column (2), and column (5). Columns
(7) and (8) show the total sizes of the treatment and control groups (number of retail
investors) in each share category for the Barak Valley Cements IPO lottery. Across all
share categories, 12,953 investors are treated, and 55,669 are in the control group.”

As described briefly earlier, it is perhaps easiest to think of our data as comprising

a large number of experiments, in which each experiment is a share category

99By regulation the firm allocates shares to investors rounded upwards to the nearest integer
and will appropriately increase the total number of shares to accommodate the rounding off
additions.
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within an IPO. Within each experiment the probability of treatment is the same
for all applicants, and we exploit this source of randomness, combining all of
these experiments together to estimate the causal effect of experiencing the IPO
listing return on future investment behavior. We explain this more fully in the

methodology section, following the data description below.

3 Data

To understand the causal effects of experience on investment behavior in this setting,
we require two major sources of data. First, we need data on the full set of investors
who applied for each IPO, i.e., both successful and unsuccessful applicants. These
data are used to define our treatment and control groups. Second, we require
investor-level data on portfolio allocations and trades to measure how investing

behavior changes in response to the treatment, i.e., the experience in the IPO lottery.

3.1 Data on IPO Applications

When an individual investor applies to receive shares in an Indian IPO their
application is routed through a registrar. In the event of heavy oversubscription
leading to a randomized allotment of shares, the registrar will, in consultation
with one of the stock exchanges, perform the randomization to determine which
investors are allocated. We obtain data on the full set of applicants to 54 Indian
IPOs over the period from 2007 to 2012 from one of India’s largest share registrars.
This registrar handled the largest number of IPOs by any one firm in India since
2006, covering roughly a quarter of all IPOs between 2002 and 2012, and roughly
a third of all IPOs over our sample period.

For each IPO in our sample, we observe whether or not the applicant was
allocated shares, the share category c in which they applied, the geographic location
of the applicant by pin-code,'® the type of bid placed by the applicant (cutoff
bid or full demand schedule), the share depository in which the applicant has

100PIN codes in India are postal codes managed and administered by the Indian Postal Service
department of the Government of India. They are similar to postcodes in the UK, although cover
a larger region in India.
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an account (more on this below), whether the applicant was an employee of the
firm, and other application characteristics such as whether the application was

supported by a blocked amount at a bank.!%!

3.2 Data on IPO Applicants’ Equity Portfolios

Our second major data source allows us to characterize the equity investing behavior
of these IPO applicants. We obtain these data from a broader sample of information
on investor equity portfolios from Central Depository Services Limited (CDSL).
Alongside the other major depository, National Securities Depositories Limited
(NSDL), CDSL facilitates the regulatory requirement that settlement of all listed
shares traded in the stock market must occur in electronic form. CDSL has a
significant market share — in terms of total assets tracked, roughly 20%, and in
terms of the number of accounts, roughly 40%, with the remainder in NSDL. While
we do also have access to the NSDL data (these data are used extensively and
carefully described in Campbell et al., 2014), we are only able to link the CDSL
data with the IPO allocation information, as we describe below.

The sensitive nature of these data mean that there are certain limitations on the
demographic information provided to us. While we are able to identify monthly stock
holdings and transactions records at the account level in all equity securities in CDSL,
we have sparse demographic information on the account holders. The information
we do have includes the pincode in which the investor is located, 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 retail accounts. This paper studies only the category
of retail accounts, as the IPO lottery only applies to this group of investors.

As described in Campbell et al. (2014), the share of direct household equity

ownership in India in total equity investment is very large (roughly 80%-95%),

101 An application supported by blocked amount (ASBA) investor is one who has agreed to block
the application money in a bank account which will be refunded should she not be allocated the
shares in an IPO. The alternative is paying by cheque, i.e., in either case, the money is placed in
escrow prior to the allotment process, but in the case of ASBA, any refunds are processed a few
days faster.
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relative to the share of indirect equity holdings using mutual funds, unit trusts,
and unit-linked insurance plans. This means that we observe roughly the entire
equity portfolio of the household in our analysis, allowing us to interpret the
treatment effects of experience that we estimate as effects on household equity
portfolio choice. This distinguishes our study of investment behavior from those
attempting to detect effects of experienced returns on trading behavior, such as

Seru et al. (2010) and Strahilevitz et al. (2011).

3.3 Constructing the Final Sample

In order to match the application data to the CDSL data on household equity
portfolio choice, we obtain a mapping table between the anonymous identification
numbers of household accounts from both data sources. We verify the accuracy
of the match by checking common geographic information fields provided by both
data providers such as state and pincode.

Every applicant for an IPO must register (or already have) an account with
either of the two depositories (CDSL and NSDL), as the option to receive allocated
shares in an [PO in physical form does not exist. For all applicants with accounts in
CDSL, we observe accounts that applied for an IPO and were allotted in the lottery,
i.e., the treatment group, as well as those that applied, but due to randomized
allocation did not get allocated any share in an IPO. The latter group is the
universe of counterfactuals in the IPO randomized lottery, i.e., the control group.

Since our data additionally permit us to observe all allocations made to investors
in IPOs after the selection process managed by share registry firms in CDSL data,
we observe allotments (but not applications) to particular household accounts,
which we use in some of our analysis below.

All CDSL trading accounts are associated with a tax related permanent account
number (PAN), and regulation requires that an investor with a given PAN number

can only apply once for any given IPO.1%? Consistent with this, we observe that

1021 July 2007 it became mandatory that all applicants provide their PAN information in
IPO applications. SEBI circular No.MRD /DoP /Cir-05/2007 came into force on April 27, 2007.
Accessed at http://goo.gl/OB61M2 on 19 Sep 2014.
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there are no two trading accounts in any single IPO that are associated with the
same (anonymized) PAN number. Thus no investor account may simultaneously
belong to both the control and treatment group, or be allocated twice in the same
IPO. However, it is possible that a household with multiple members with different
PAN numbers could submit multiple applications for a given IPO in an attempt
to increase the household’s likelihood of treatment. While we do not have a direct
way to control for this possibility, given our sample size, we do not believe that

this is likely to affect our inferences materially.

3.4 Summary Statistics

Between March 2007 and March 2012, the common sample period for our total
dataset, we observe 85 IPOs (of a total of roughly 240). Figure 7.0.1 shows the
coverage of IPOs in our sample relative to that in the total universe of IPOs. Our
sample coverage closely tracks aggregate IPO waves, with a severe decline in 2009,
and high numbers of IPOs in 2008 and 2010. In our sample of 85 IPOs, 54 TPOs
have at least one share category with a randomized lottery allocation, compared to
the universe of 176 IPOs with randomized allocations over the period.'%

Table 7.0.2 presents summary statistics on the 54 IPOs with randomized
allotments in our sample. The preponderance of IPOs in our sample, 31, are
in the manufacturing sector, with 17 in the service sector, 4 in the technology
sector, and 2 retail sector IPOs. The table shows that these IPOs account for
22% of all IPOs over this period by number, and US$ 2.65 BN or roughly 8% of
total IPO value over the period, varying from a low of 0.72% of total IPO capital
in 2009 to a high of roughly 25% in 2011.

Between 32% and 35% of shares in these IPOs are allocated to retail investors

104

who are not employees of the IPO firm. The average IPO in our sample is

12 times oversubscribed, leading to an average of 8,691 treatment accounts and

103WWe only consider IPOs that both undertake a randomized allocation and are mentioned in
public sources such as www.chittorgarh.com in our analysis.

104This is slightly below the mandatory 35% allocation to retail investors because we do not
include employees in this calculation as employees are not randomly assigned shares. For further
details, refer to the online appendix.
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20,248 control accounts per IPO, for a total of 1,562,706 accounts in our experiment.
We observe a total of 383 randomized share categories (or experiments) across
54 TPOs, of which 323 randomized share categories experienced positive first-day
listing gains in the stock market. We naturally expect different results based
on whether IPO delivered a positive or negative experience. As a result, in the
majority of our analysis, we focus on IPOs with positive first day returns as our
main sample. We also discuss results obtained using the 60 share categories from
the 14 TPOs with non-positive first-day returns in the results, but in a separate
table from the remainder of the analysis.

Figure 7.0.2 plots the mean and distribution of first-day returns for our 54 IPOs
across the five years of our sample. The figure shows that our sample contains
significant dispersion in experiences, with IPOs generating both high negative
(< =50%) and high positive returns (> 150%) and a range in-between. The second
panel shows the first day variability of the IPO stocks in our sample, measured by
the first day high price minus the first day low price divided by the issue price. Our
IPO stocks also show large dispersion in first day return volatility, with intra-day
dispersion of 50% not uncommon. We explore how cross-IPO variation in first-day
returns and first-day return variability affects outcomes in our analysis.

Table 7.0.3 characterizes the treatment experience the investors in our analysis
received upon being randomly chosen to receive IPO shares. Column (1) of the
table shows the mean across all investors in the treatment groups or IPOs in our 323
share category experiments (for the positive first-day return IPOs) for each of the

105

variables listed in the row headers.'” Columns (2) through (6) present the percentile

of each variable in terms of the distribution across all of the experiments.!?
On average, applicants put approximately US$1,803 in escrow to apply for

the IPOs in our sample, although this amount varies substantially from 163 to

105The weighting across the different share categories is done in exactly the same way as the
regression framework we use weights the individual treatment and control groups. See Section 4
for details.

106\We first calculate the mean within each experiment, and then report the corresponding
percentile across the experiments. For example, the median share category experiment had a
mean application amount of 847 dollars (first row of Table 7.0.3).
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2,174 dollars based on the number of shares applied for and the issue price of the
IPO. The mean probability of treatment is 35%, and this also varies substantially
across experiments — as discussed earlier, this is because probability of treatment
is proportional to the number of shares applied for by investors.

The mean value of the share allotment from the lottery is 150 dollars. This is
very similar across all of our experiments — recall that all treatment applicants in a
randomized share category receive the same number of shares, the minimum lot size,
regardless of how many shares were applied for. This implies that within an IPO the
value of allotment is always the same across share categories; the value of allotments
across IPOs also tend to be similar as there tend to be similar numbers of share
categories in total and the maximum investment amount is typically 100,000 rupees.

We measure the gain to the treatment group as the difference between the IPO
issue price and the closing price of the IPO in the market at the end of the first
day’s trading. This is tantamount to an assumption that the control group can
access the IPO shares only at the beginning of the first day (note that the control
group is refunded the money placed in escrow roughly two trading weeks following
the allocation), but we note that the exact measurement of this gain does not affect
our inferences about outcomes except in terms of calculations about the magnitude
of the stimulus. Using this definition of the first day gain, the mean treatment
across IPOs with positive first-day returns is a 43% gain relative to the IPO issue
price, which translates into a US$ 67 gain at the end of the first day (ranging from
US$ 9 at the 10th percentile to US$ 142 at the 90th percentile).

Despite the average percentage gain on the IPO being large, the absolute
dollar gains are quite small relative to the application amounts required — this
is again because the treatment group only gets allotted the minimum lot size in
the case they win the lottery. These experimental gains are similar in size to
the US$ 300 tax stimulus payments studied in Parker et al. (2011) and are also
relatively small compared to the cross-sectional mean of the time-series median

portfolio value of US$ 1,866.
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In general the size of these experimental stakes have two effects. First, it is
difficult to interpret any results we find as arising from wealth effects or portfolio
rebalancing given the low fraction of total invested equity portfolio wealth that
these experimental gains represent. Second, and more generally, the smaller the
experimental stakes, the greater the bias against finding any strong results from

winning the TPO lottery.

4 Methodology

4.1 Estimating Treatment Effects

We can view each randomized share category in each IPO as a separate experiment
with a different probability of being allotted shares. The idea of our empirical
specification is to pool all of these experiments in order to maximize statistical
power, while ensuring that we exploit only the randomized variation of treatment
status within each IPO share category. Our strategy is similar to that employed
in Black et al. (2003), who estimate the impact of a worker training program that
was randomly assigned within 286 different groups of applicants.

Intuitively, this approach proceeds by stacking the different applicants from
all of the experiments together into a single dataset, and then including a fixed
effect for each experiment. These experiment-level fixed effects ensure that our
identification of the treatment effect stems solely from the random variation in
treatment within each experiment.?”

In particular, we estimate the causal effect of the experience of winning an IPO

lottery on an outcome variable by estimating the cross-sectional regression in

each (event) month t:

yi,j,c,t = o+ Pt]{suCcessi’j’c:H + ’Yj,C -+ /BXi,j,t —|— Ei,j,c,t‘ (024)

107See Chapter 3 of Angrist and Pischke (2008) for a discussion of how regression with fixed
effects for each experimental group identifies the parameter of interest using only the experimental
variation.
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Here, y; .+ is an outcome variable of interest (for instance, the number of
times the individual i applies for subsequent IPOs) for applicant i in TPO j, share
category ¢, at event month ¢ (we measure time in relation to the month of the lottery).
Itsuccess, ; =1y 18 an indicator variable that takes the value of 1 if the applicant was
successful in the lottery for IPO j in category ¢ (investor is in the treatment group),
and 0 otherwise (investor is in the control group). p; are the estimated treatment
effects in each event-month ¢. As we discuss more fully below, we estimate all
treatment effects for ¢ € [—6,..0, ..+ 6] where ¢t = 0 is the month in which the lottery
takes place, with leads and lags of up to 6 months. X ;, are account-level control
variables — in our empirical implementation these include dummies for whether the
investor bid using the cutoff or full demand schedule mechanisms, and whether the
investor funded the application using ASBA or cheque payment.

v, are fixed effects associated with each experiment, i.e., each IPO share
category in our sample. Angrist et al. (2013) refers to these experiment-level fixed
effects as “risk group” fixed effects. Conditional on the inclusion of these fixed
effects, variation in treatment is random, meaning that the inclusion of controls
should have no effect on our point estimates of p;. Nevertheless, we include these
controls to soak up additional variation in the dependent variable to increase the
statistical precision of our estimates. Specification (C.24) identifies p; as the causal
impact of the experience of winning the IPO lottery on the outcome variable y; j ..

Angrist (1998) shows that our estimated treatment effect p; is a weighted
average of the treatment effects from each separate share category experiment. In

particular, the weights are constructed as:

re(l — 1) N,

W, = C.25
zf’lrk(l—rk)]\/k ( )

where r. and N, are the probability of treatment and sample sizes in share
category ¢, and we have a total 323 share category experiments. Intuitively, the
regression weights give more importance to experiments in which the probability

of treatment is closer to %, and experiments with larger sample sizes. The basic
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idea is that the “good" experiments are ones in which there are many accounts
in both treatment and control groups. This weighting scheme implies that our
regression estimate only exploits purely random variation in treatment induced
by the lotteries, since treatment versus control comparisons are only performed
within share categories and given the fact that p, is a weighted average of these
share-category-specific effects.

We cluster all standard errors by calendar-month, to pick up potential corre-
lations of the error terms ¢; ., across all IPOs occurring in the same month, as
well as correlations across share categories within IPOs. As mentioned earlier, we
estimate all treatment effects for ¢t € [—6,..0,.. + 6] where ¢ = 0 is the month in
which the lottery takes place, with leads and lags of up to 6 months.

The +1 to +6 window identifies the causal impact of the experience on future
outcomes. Estimating equation (6) for time periods for event-times —1 to —6
outcome variable serves as a useful “placebo” test. If the lottery is truly randomized,
we should find that receiving treatment at time zero does not, on average, predict
outcomes in time periods before treatment was actually assigned. This placebo test
is particularly useful because many outcomes are highly serially correlated over
time, so we would be likely to pick up any selection into treatment (if it exists)
by inspecting the behavior of treatment and control groups in the pre-treatment
periods. For example, if particular applicants figure out a way to “game” the
lottery then we might find that their treatment at time zero actually predicts
their behavior in the —1 to —6 window.

Table 7.0.4 presents summary statistics and a randomization check comparing
our treatment and control groups. Columns (1) and (2) present the means of
variables listed in the row headers in treatment and control groups respectively,
and Column (3) presents the difference across the two samples with ***** and *
indicating statistically significant differences at the 1%, 5%, and 10% levels.'%® All

of these variables are measured in the month prior to the treatment IPO. If the

108 These means are calculated using the weights defined in equation (C.25), which are the same
weights that our main estimating equation uses to combine the share category by share category
experimental results in to one treatment effect estimate.
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allocation of IPO shares is truly random, we would expect few statistically significant
differences across treatment and control groups prior to the assignment of the IPO
shares. Column (4) calculates the percent of our 323 share category experiments
(note: these are only the IPOs with positive first day returns, as described earlier) in
which the treatment and control groups were significantly different at the 10% level.
Under the null hypothesis that treatment status is random, we expect that roughly
10% of these experiments will exhibit a significant difference at the 10% level.

Our first outcome variable of interest is whether investors randomly allocated
IPO shares are more likely to apply for IPOs in the future. The construction of
this outcome variable warrants further explanation. In the case of IPOs for which
our data provider was the registrar, we can directly measure whether or not an
account applied to an IPO in each of periods 4+1 to +6. For IPOs where our data
provider was not the registrar, we can observe whether the account was allotted
shares since we see allotments for the entire universe of IPOs from the CDSL data.
We set the outcome variable to one in either case — if we see an application for
I[POs for which our data provider was the registrar, or if we see an allotment for
IPOs not covered by our registrar — and zero otherwise.!% Table 7.0.4 shows that
virtually identical fractions (38%) of both treatment and control investors applied
to an IPO with our registrar, or were allotted shares in an IPO not covered by
our registrar, in the month prior to treatment.

The next set of variables describe the trading behavior of our treatment and
control samples. We focus on the total amount of trading value, which is calculated
as the sum of the value of stocks bought and sold in a month, and corresponds
on average to roughly US$ 203 including zeros. Approximately 29% of accounts
made no trades in the month prior to the IPO; this distribution is also U-shaped.

In particular, it is striking to note that nearly half of the accounts observed traded

109For the set of IPOs for which we can observe allotments but not applications, our measure is
noisy, because although an account had to apply to receive shares, there are also accounts which
applied but did not receive shares. We focus on this combined measure because it includes all of
the information available to us, but we note that our results likely under-estimate the full impact
of TPO experiences on future IPO application behavior.
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more than US$ 1,000 in the month prior to treatment — in general, the investors
in the sample trade substantial amounts.

The next two rows of the table show statistics about two important outcome
variables. The first one is the percentage of the portfolio which is invested in
stocks in the same industry sector as that of the IPO lottery stock.'? A large
literature documents that investors demonstrate a preference for familiarity, i.e.,
they tend to invest in firms that are located physically close to them, or those
that have some relationship with the investor’s occupation (see, for example, Coval
and Moskowitz (2001)). A simple way for investors to become familiar with a
sector is to simply own a stock in that sector. Consistent with this, Huang (2012)
finds using data from a large discount broker in the U.S. over the period 1991
- 1996, that individuals are more likely to buy a stock in an industry in which
they previously experienced a gain. Our design allows us to test this idea using
exogenous variation in sectoral experience that is unlikely to be conflated with other

! In the month prior to treatment, on

investor or time-varying characteristics.!!
average, both treatment and control investors have roughly 6% of their portfolios
invested in the same sector as that of the IPO.

The second of these variables is the disposition effect. A large empirical
literature (see, for example, Shefrin and Statman, 1985; Odean, 1998; Grinblatt and
Keloharju, 2001) documents the disposition effect across a wide variety of contexts.
However, there is little empirical work testing how the disposition effect responds to
exogenous variation in investor experiences. We believe that such inferences may be
valuable to separate different potential causes for this effect, including loss-averse
preferences (see, for example, Barberis and Xiong, 2009), or an irrational belief in

mean-reversion (Weber and Camerer, 1998). For example, if the disposition effect is

driven by investors’ irrational belief in mean reversion, we should see no difference

10Gectoral allocation is defined by the Indian National Industrial Classification Code (NIC
code) as of 2004 for all sectors of the Indian economy. Using the NIC classification, we use the
third-level aggregation to define 42 sectors in the economy. The details of this classification is
available at http://mospi.nic.in/Mospi_ New /upload/nic_ alphabetic_ 5digit2004.html

1 Ap alternative explanation for this familiarity effect is that investors believe they have private
information about stocks that they are familiar with (although whether they actually out-perform
in those stocks is unclear — see Massa and Simonov (2006); Seasholes and Zhu (2010)).
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in the disposition effect across our treatment and control investors, because in terms
of information sets, these groups should be exactly the same; both chose to apply
for the IPO in question, but one was simply lucky to have been allotted. It seems
implausible that the experience of receiving an exogenous gain in an IPO would
cause an investor to start believing more (or less) in mean reversion.

We define the disposition effect as the percent of paper gains in the portfolio
realized during the month minus the percent of paper losses in the portfolio realized
during the month. For example, suppose an account had 4 stocks on paper with
gains, and 5 stocks on paper with losses at the beginning of the month. Further
suppose that the account sold 1 stock of both gains and losses respectively. Then,
our disposition effect measure would be 5%, i.e., 25% of gains realized minus 20%
of losses realized. We find that this measure averages to roughly 10% for both
treatment and control investors in the month prior to the IPO treatment.

The next few rows of Table 7.0.4 present summary statistics on the application
characteristics of control and treatment investors. 93% of these investors submitted
an application with a “cutoff" bid, i.e. they specified their demand for shares
regardless of what the final chosen price was, and 4% used ASBA rather than
cheque payment to fund the application. The geographic distribution of investors
is concentrated in states with major economic activity, in particular Gujarat,
Maharashtra, Rajasthan and Delhi.

The next two blocks of rows of Table 7.0.4 show statistics about the distribution of
investor portfolio values and the “age” of investors, i.e., the amount of time they have
spent in the market. In much work in household finance (see, for example, Campbell
(2006)), investor wealth is strongly associated with sophistication, suggesting that
any treatment effects that we detect should attenuate or even disappear for larger
accounts. The amount of time investors spend in the market is equally interesting,
in light of important work in this area (see, for example, ?List, 2004), which posits
that increasing experience of market interactions should cause market participants

to behave increasingly rationally in these interactions. If this hypothesis is correct,
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treatment affects should once again attenuate or even disappear for “aged” accounts
relative to “rookies”.

The table shows that 78% of treatment and control investors had an account
value greater than zero in the month prior to the IPO. Portfolio value amounts
are highly skewed so we transform this variable using the inverse hyperbolic sine
function!'? — we find that portfolio values, which are on average US$ 530 including
zero values, are not significantly different across treatment and control accounts.
The next rows show the fractions of treatment and control accounts that fall into
the range of portfolio values described in the row headers. The distribution of
portfolio values is roughly U-shaped in both treatment and control accounts, with
a relatively large number of accounts with zero value (some of these correspond
to new market entrants, or “rookies” as we identify below), few accounts with
portfolio value between US$ 500 and 1,000, and roughly a quarter of the accounts
with portfolio values over US$ 5,000.

In terms of account age at the time of the treatment IPO, approximately 30% of
accounts are less than six months old, 30% are between 7 and 25 months old, and
40% are over 25 months old. We later explore how heterogeneity in both portfolio
size and account age affects the treatment effects that we estimate.

Overall, we find that the differences across treatment and control groups are
small, and importantly statistically insignificant. The fraction of experiments with
greater than ten percent significance is around ten percent. Given the similarity
of treatment and control groups across this wide set of background characteristics,

the IPO shares do appear to be randomly assigned to investors.

5 Results

Table 7.0.5 presents our main estimates of equation C.24 for our outcome variables

of interest. Each row delineated by lines (we refer to these as panels) in the table

126inh~*(2) = log(z 4 (22 + 1)/2). This is a common alternative to the log transformation
which has the additional benefit of being defined for the whole real line. The transformation is
close to being logarithmic for high values of the z and close to linear for values of z close to zero.
See, for example, Burbidge et al. (1988), and Browning et al. (1994).
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corresponds to a distinct outcome variable, and shows results for a set of applicants
for the month ¢ € [—6,...,0, ..., +6] where ¢t = 0 is the month of the lottery. The
first set of numbers within each panel shows the coefficients p;, which are the
estimated treatment effects from the cross-sectional regressions estimated for each
event-time ¢ in the window shown in the column header. The second row of numbers
in each panel shows standard errors, and the third row of numbers in each panel
shows the mean of the outcome variable for the control group, which we use to
interpret the magnitudes of the treatment effects.

Across our outcome variables of interest, we find that there is one statistically
significant relationship between treatment status in the outcome prior to treatment
(event months —1 to —6). However, there is no systematic pattern amongst these
coefficients that suggest that the treatment and control groups are systematically

different from from one another after including risk-group fixed effects.!?

5.1 Treatment Effects on Future IPO Subscription

We begin by testing how receiving a randomized allocation of IPO stock affects
an investor’s propensity to apply for other IPOs in the subsequent six months.
This outcome has been studied in previous work, (see, for example, Kaustia and
Kniipfer, 2008; Chiang et al., 2011), but always in non-experimental contexts in
which randomized variation of the type that we exploit is not available. As a result,
this outcome variable is a useful cross-check on whether our empirical approach
confirms the results in prior work.

Panel 1 of Table 7.0.5 shows that in the month of treatment, accounts that
received a randomized allocation are 0.17 percentage points (p.p.) more likely to
apply to an IPO in that month. In the month after treatment, treated accounts are
0.94 p.p. more likely to have applied for an IPO, and this effect is significant at the
one percent level. This corresponds to a roughly 2% increase in the probability of

applying for an TPO relative to the base rate probability of applying in the control

13Note that by chance some of the pre-period treatment effects are likely to show up as
significant, but as seen in Table 7.0.4, these are not systematic and not particularly economically
meaningful.
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group (46.36%). The effect size in month two is substantial, raising the probability
of applying relative to the base rate by 3%. The effect sizes in months three through
five are smaller in levels (between 0.19 and 0.32 p.p. when significant), but are
similar in magnitude to the effect sizes in the first few post-treatment months
relative to the base rate of applying for IPOs (they all represent roughly a 2%
increase in the base rate of applying). Cumulatively, simply assuming that these
probabilities are independent, we see an increase in the probability of applying to a
future IPO of roughly 12% relative to the base rate in the control group (in month
zero) over the six months following the TPO.!'* This suggests a significant causal
effect of exogenous IPO experience on future IPO applications, and constitute a
useful validation of our estimation approach given the qualitative similarity of our

results to previous work using non-randomized allocation of IPOs.

5.2 Treatment Effects on Trading Activity

We now move to testing whether the experience of the IPO lottery allocation has
an impact on the investor’s portfolio outside the narrow sphere of the IPO market.
We view these as our most interesting analyses because testing for experience effects
beyond TPO subscriptions takes the greatest advantage of the experiment that we
study. When using non-experimental variation in experiences, we might become
more concerned about unobservable investor or time characteristics as we try to
explain behavior that is further removed from the original experience. For example,
if we find that IPO investors who had positive experiences in this setting are more
likely to subscribe to future IPOs, it seems plausible that learning from personal
experiences is the main driver of this result, rather than unobservable investor or
time heterogeneity. However, if we find using non-experimental data that successful
IPO investors are more likely to increase their future trading volume across all
stocks, we would quite naturally be more concerned about whether our inferences
are contaminated by unobserved investor or time heterogeneity. Even if it is true

that investor experience in the IPO market greatly influences a broad variety of

114 As mentioned earlier, these are likely under-estimates of the true effect as we only observe
allotments and not applications for IPOs that were not handled by our data provider.
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investment behaviors, identification remains a challenge as it is ultimately very
difficult to control for all of the factors that might jointly determine IPO experiences
and trading behavior. The random assignment of experiences in our design allows
us to precisely identify experience effects on a wide range of investor decisions.

These tests also allow us to explore to what extent experiences in particular
stocks spillover to other parts of an investor’s portfolio. In the specific domain which
we consider, namely, retail investor portfolio choice, our results help to shed light on
whether investors are better modeled as making separate stock-by-stock decisions
(i.e. they “narrowly bracket” their utility changes from the IPO allocation in the
sense of Rabin and Weizsécker (2009) from those experienced on other components
of their portfolio), or whether there are within-portfolio utility spillovers. When we
find the latter, we go further when analyzing heterogenous treatment effects in an
attempt to understand how these within-portfolio spillovers manifest themselves.

We test whether the treatment makes investors trade more in stocks other than
the IPO stock. The literature has suggested overconfidence as a possible explanation
for the large amount of trading volume, especially among retail investors in equity
markets (see, for example, Statman et al., 2006; Odean, 1999; Barber and Odean,
2001). There are also numerous models which cite positive feedback trading as a
likely explanation of the relationship between trading volume and stock returns
(see, for example, Shiller, 2015; Barberis et al., 1998; De Long et al., 1990) based
on the assumption that investors have extrapolative expectations. Testing for
the presence of such expectations using price and investment flow data is difficult
because in most models, prices, and investment decisions are jointly determined
in equilibrium.!® Having the ability to utilize exogenous variation in gains and
losses in the portfolio confers a significant advantage in this setting, as prices and
trading volume are jointly determined in equilibrium.

In Panel 2 of Table 7.0.5 the dependent variable is the inverse hyperbolic sine

(IHS) of the total value of purchase and sale transactions made during the month,

5Note that this mechanism is not mutually exclusive to the others mentioned above; for
example it is possible that positive experiences make investors overconfident, which then leads to
greater trading volume as in Statman et al. (2006) and Barberis et al. (2015a).

201



5. Results

excluding the value of trades made in the IPO stock itself. We find that the value of
transactions in the non-IPO stock portfolio treatment group relative to the control
group increases by approximately 2% in the month of the IPO, and increases to
almost 7.5% greater in the two months after the IPO. The increased trading reduces
somewhat between three and six months after the IPO, but the treatment group
still has a trading value which is 3.5% higher in the sixth month after the IPO.

When we include the IPO stock we see that the amount of trading activity
increases substantially in month zero — treated investors trade roughly 47% more
than the control group.!!® This suggests that a large fraction of treated investors
sell the stock immediately, crystallizing the gains — a version of the disposition
effect. These effects slowly decline as treated investors sell their allocation in
the months following treatment.

Before we conclude that this result is purely behavioral in nature, we need to
consider rational explanations such as portfolio rebalancing. As discussed earlier,
any such explanation is complicated by the small size of the treatment effects —
with gains in the experiment averaging roughly US$ 67, it is difficult to square this
number with the substantial and prolonged increases in trading volume that we see
up to 6 months following the treatment. Moreover, as we demonstrate later in the
paper, portfolio rebalancing explanations have symmetric implications — exogenous
losses in the TPO lottery should also be associated with increases in trading volume
if portfolio rebalancing is the underlying cause. We show that this implication
does not hold true in the data, as IPO lottery losses appear to be associated with
declines in trading volume for treated investors.

Overall, this result has a number of interesting implications for models of
trading and liquidity, since it says that exogenous variation in gains and losses
(for example, those engendered by cash-flow relevant news releases) are associated

with changes in investors’ trading activity.

116These are presented in Table V in the online appendix.
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4. The Effects of Experience on Investor Behaviour

5.3 Treatment Effects on the Disposition Effect

The third panel of Table 7.0.5 shows that in the month following the IPO, there is
a 0.82 p.p. increase in treated investors’ disposition effect relative to a base rate of
10% in the control group. In other words, there is roughly an 8% increase in the
realized disposition effect across the other stocks in a treated investor’s portfolio
caused by the randomly experienced gains in the IPO security. Treated investors
are more prone to realizing gains, and less inclined to realize losses, behaving as if
they were more loss averse following the positive IPO return realization.

One possible interpretation of this finding is that exogenously experienced
gains have the effect of shifting investors’ utility “reference-points” (see Tversky
and Kahneman, 1991) up across the board for all stocks. This finding echoes
that of Campbell et al. (2014), who find that overall account outperformance
relative to the market is associated with increases in the disposition effect, using

a different (non-experimental) approach.

5.4 Treatment Effects on Familiarity in Portfolio Choice

The fourth through sixth panels of Table 7.0.5 test whether treated investors are
more likely to invest in the sector of the randomly allocated IPO lottery stock.
First, we find that while the effects are positive, there doesn’t appear to be a
statistically significant increase in the probability that treated investors hold stocks
in the same sector as the IPO stock (Panel 4 of Table 7.0.5). However, as Panel 5
shows, there is a small but statistically significant increase in the fraction of the
portfolio that treated investors invest in the sector of the IPO stock. This effect
is most prominent in months two through six following the IPO, and corresponds
to a 5 to 9 basis point increase in the fraction of the portfolio in the sector. As
a percentage of the base rate, which is the control group average allocation to
the corresponding sector of approximately 8%, this corresponds to a 1% increase
in the fraction of the portfolio allocated to this sector for the treatment group
relative to the control group. These effects do appear to be quite persistent despite

being small in magnitude. These results lend credence to models that assume
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that investors extrapolate their experiences to their beliefs about other related
securities, such as that of Barberis et al. (2015b).

We also test whether treated households are more likely to buy the IPO stock
that they were originally allocated (Panel 6, Table 7.0.5), as the random allocation
of the stock could plausibly make the investor more familiar with it.!'" We find
that the treatment group is less likely to re-purchase the IPO stock in the month
of, and the month directly following, the random assignment of the IPO stock. We
find that this result appears to be driven by the fact that some members of the
control group try to participate in the IPO experience by purchasing the stock
on the secondary market in the months immediately following the IPO. However,
in months three through six after the IPO, we find that the treatment group is
between 14 and 26 basis points more likely to re-purchase the IPO stock; this is
a small effect in levels, but is large relative to the fact that very few members of
the control group purchase the IPO stock (between 0.24% and 0.5% of the control

group purchase this stock in months three through six after the IPO).

5.5 Treatment Effects on the Number of Stocks Held

Table 7.0.5 reports results on the effect of the randomized IPO allocation on the
number of stocks that investors hold. Our idea is that this is a simple working
definition of diversification. We find little evidence that our treatment and control
groups are unbalanced on this measure of diversification in the months prior to
receiving treatment. Note again that our dependent variable does not include
the randomly allocated IPO stock.

We find that treated accounts hold approximately 0.69 p.p. more stocks in the
month after the IPO allocation, increasing to 0.8 p.p. more stocks two months after
the allocation, decreasing to approximately 0.6 p.p. more stocks six months after
treatment (Panel 7, Table 7.0.5). These results while signalling a tiny increase in

this measure of diversification, are nonetheless precisely estimated.

H7Note that this is not taken into account in the measures in Panel 4 and 5 of Table 7.0.5.
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4. The Effects of Experience on Investor Behaviour

These results are interesting in light of work on reference-dependent risk attitudes
(see K6szegi and Rabin, 2007). If experienced gains affect attitudes towards risk,
causing expectations of future risk to reduce, then buying an additional stock
viewed in isolation, i.e., as an additional gamble, is expected utility increasing.
Put differently, if you are randomly allocated a loss in the IPO lottery, this might
increase your expectation of future risk in stock investing, somewhat perversely
causing future gambles to be more aversive in the language of Koszegi and Rabin

(2007), and thus reducing diversification overall.

5.6 Treatment Effects on Overall Portfolio Value

Malmendier and Nagel (2011) find that investors who have positive experiences
associated with the stock market increase their exposure to risky asset markets.
Panels 8 and 9 of Table 7.0.5 explore how experiencing gains in the IPO lottery
changes a household’s overall account value after removing the IPO stock. We find
that receiving the IPO stock neither increases the probability that the account will
continue to participate in the market (i.e., the probability that the household will
invest non-zero amounts in the market) in the 6 months following the IPO, nor do
we find that the total value of the investments in the account increase.

We acknowledge that these results are most likely an artefact of the relatively
short time window (6 months) following the IPO for which we track these outcomes.
Participation effects manifest themselves over long time-scales, meaning that a
longer-run historical study such as Malmendier and Nagel (2011) is more likely

to pick up such effects.

6 Heterogenous Treatment Effects

6.1 Heterogeneity of Results Across IPOs

Our total sample consists of 54 IPOs, with widely differing first day returns, return
variability, and issue sizes. Table 7.0.6 explores how these different treatments
affect the outcome variables in our study. Inevitably, as we move to treatment

heterogeneity, our inferences will become noisier for two reasons. First, there is the
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inevitable attenuation of sample size and the attendant loss of power. Second, there
is the issue that heterogeneity (especially across investors) cuts across experiments,
meaning that we are inevitably restricted to subsets of treatment and control within
each experiment. This also causes a lack of precision. Nevertheless, there are
interesting insights to be garnered from this heterogeneity, so we proceed in this
direction, keeping the caveat about precision in mind. It is also important to note
that we view this heterogeneity analysis as descriptive, in the sense that there may
be some selection of the types of investors who participate in these different types
of IPOs (and therefore some selection in how these different investors respond to
the randomized treatments). Nonetheless, it is interesting to document how the
treatment effects vary based on differences in these treatments.

Table 7.0.6 reports treatment effects for our nine outcome variables separately for
IPOs with different return and value characteristics described in the table header.
We simply estimate equation C.24 separately for each sub-sample of IPOs and
all of our outcome variables; where possible, we aggregate our outcome variables
over the six months after the treatment IPO.!® The bottom of the table reports
the number of observations in each sub-sample, as well as the mean values of the
different return and value characteristics.

The first column of the table simply repeats our baseline results for the 323 share
categories and 40 IPOs with positive returns. The second column estimates the
treatment effect for the 60 share categories and 14 IPOs with non-positive first-day
returns in the sample. The sample size is severely reduced, but we can still observe
several statistically significant results. Treated investors are substantially less
likely to apply for future IPOs over the 6 months following the negative treatment
(the effect size is larger than the one from the positive treatment). They are also
significantly less likely to hold stocks in the same sector as the IPO, and reduce their
portfolio weights on average in stocks in that sector. Perhaps surprisingly, they

appear slightly more likely to repurchase the IPO security in which they experienced

18We present the results for 6 months after treatment for “stock” variables such as portfolio
value, number of securities held, and the weight on the IPO sector. We measure disposition one
month after treatment.
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4. The Effects of Experience on Investor Behaviour

losses, suggesting that there may be an attention-related story associated with
this behavior. Barber and Odean (2008) show that retail investors purchase both
extreme loss-making and extreme-gain stocks and attribute this to the fact that
these are more salient for investors.

One of the possible drivers of the treatment effect on trading volume is that
investors tend to rebalance towards their optimal portfolio, thus increasing the
extent of market activity. If portfolio rebalancing is indeed the explanation, it
should occur for both positive and negative returns experienced on a stock. However,
the trading volume result for negative return IPOs in the second panel and second
column of Table 7.0.6 suggests that the treatment effect is statistically insignificant,
but negatively signed. It is also worth noting that this negative sign occurs despite
the increase in trading activity likely associated with the new portfolio tilts (albeit
with a small and precisely estimated 11 basis points) away from the IPO sector.
Taken together, it appears unlikely that trading activity is fully explained by the
portfolio rebalancing requirements of investors.!?

The remaining columns of Table 7.0.6 are also interesting. Column 3 of the table
shows the treatment effects arising from the IPOs with the highest positive returns
(top quartile based on the first day listing gain of the IPO stock). These effects do
appear somewhat stronger than those for all positive return IPOs, especially for
the repurchase of the IPO security, the effects on disposition, and the likelihood
of portfolio value being greater than zero.

Columns 4 and 5 consider the treatment effects for IPOs falling into the upper
and lower quartiles of first-day variability in returns, computed as the percent
difference between the listing day high and low over the issue price of the stock.
The table shows that lower variation in the first-day return experience (Column 4)
causes a far greater impact on an array of outcome variables. Treated investors who

experience low variability are approximately twice as likely to participate in future

19A growing body of literature also suggests that individual investors are very sluggish
rebalancers, demonstrating inertia in this and other markets in which they participate. For
instance, see (Calvet et al., 2009) and (?).
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IPOs, and have twice the volume of trades placed in the stock market compared
with those who experience very high variability in first-day IPO returns.
Finally, columns 6 and 7 categorize IPOs by total IPO value at issuance (not
merely the portion for retail investors) and estimate treatment effects using the
top and bottom quartile of this value distribution. We find that larger IPOs
have far stronger effects on investor behaviour — for instance, the effects on
familiarity and disposition appear to be driven by the experiences of investors

in the very largest IPOs.

6.2 Heterogeneity of Results by Investor Portfolio Value

Another possible driver of the treatment effects that we detect is that the additional
wealth gain associated with treatment could allow investors to apply for future
IPOs, increase trading activity and so on. There are two potential scenarios to
consider here. The first is that households are initially liquidity constrained, and
the treatment gain increases their liquid wealth, leading to the effects that we
detect. However, this channel of liquidity /wealth constraints is rendered somewhat
implausible by the fact that all households need to place a significant amount of cash
in escrow in order to apply for the IPO in the first place.!?® The treatment gain is
an order of magnitude lower than this amount of cash. The second possibility is
that the treatment gain has the same effect as a pure cash transfer, i.e., any results
we see are a pure wealth effect. While we once again view this as implausible given
the relatively small sizes of the treatment gain, if this were the case, it would be
an extremely interesting channel to explore, as it is rare to have an experiment in
which we can detect the marginal propensity to invest in stocks in response to a

wealth shock. Many authors (Parker et al., 2011; Juster et al., 2006; Gourinchas

120For example suppose an IPO had an issue price of 10 rupees and the minimum lot size was
10 shares. Both lottery winners and losers had to have deposited 100 rupees (or more) to enter
the lottery. The only difference is that the winners get this back in shares and the losers get this
back in cash. Thus, the only wealth effect here would be if the IPO stock appreciates in value; if
it appreciated by 10 % in the first month then the wealth effect would only be 10 rupees. Note
also that technically, control investors could immediately buy the stock in the secondary market.
This would limit the wealth gains to the difference between the initial listing price and the issue
price of the IPO.
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and Parker, 2002, to name a few) have undertaken work on the marginal propensity
to consume or save in response to unanticipated wealth shocks.

To further explore the question of liquidity constraints, Table 7.0.7 considers
how the treatment effects vary across the size of the amount placed in escrow, i.e.,
the size of the initial application for the IPO. Admittedly this is an imperfect proxy,
since it is potentially also correlated with the wealth of the household making the
application. Nevertheless we use this proxy as a useful one in combination with
other household characteristics that we believe are more closely correlated with
wealth, such as the total size of the household’s equity portfolio.

Table 7.0.7 estimates equation C.24 separately for accounts in different quartiles
of the application size distribution, corresponding to average application sizes of
US$ 256, US$ 913, US$ 2,174, and US$ 2,843. The bottom of table reports the
number of observations in each quartile, the number of experiments corresponding
to each of these quartiles, and the mean probability of treatment associated with
each quartile — note that this is increasing in application size as described when
we outlined the lottery process earlier.

The table shows that while there is an attenuation of the effects as we move
to larger application sizes, they continue to be strong and statistically significant,
especially for trading volume, disposition, and our measures of familiarity, even
for the largest application quartile. The likely correlation of application size with
total investor wealth also admits other interpretations than attenuation purely
on account of the alleviation of liquidity constraints. We consider these more
carefully with other proxies below.

In most work in household financial behaviour (for example, Campbell, 2006),
investor wealth is strongly associated with investor sophistication — this suggests that
any treatment effects observed on average should attenuate or even be non-existent
for wealthier households. To investigate this further, we separately estimate effect
sizes based on the size of the total equity portfolio of each household. Table 7.0.8
reports treatment effects for our nine outcome variables separately for accounts

in different deciles of the portfolio value distribution as of the month prior to the
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IPO. We split the full sample of accounts into 10 groups based on the portfolio
value; the first two deciles are grouped together, since this contains all accounts
that had a portfolio value of zero in the month prior to treatment (23% of the full
sample), and the remaining accounts are split across the remaining deciles. We
once again estimate equation C.24 separately for each sub-sample and all of our
outcome variables over the six months after the treatment IPO. The bottom of
table reports the number of observations in each decile as well as the mean portfolio
value in dollars in the month prior to the treatment IPO.

In the first panel of the table, we find that the treatment effect on applying
to future IPOs is similarly sized across accounts, ranging from those with a zero
balance prior to the treatment, all the way up to accounts in the 70-80th percentiles
of account value (average portfolio size of US$ 4,720). Even in the very largest
accounts, with mean portfolio value of US$ 83,294, there continues to be a strong
and statistically significant treatment effect. The similarity in the magnitude of
this effect across this enormous range of portfolio values is difficult to reconcile with
any story of wealth effects driving our results. Indeed, it also appears that for this
measure, the propensity to apply for future IPOs, it is very difficult to conclude that
investor sophistication (to the extent that this is correlated with wealth) drives out
the effects of experienced gains. The evidence appears to point towards a simple
story that experienced gains have strong effects on investor psychology.

In the second panel of Table 7.0.8, we do find that effects on trading volume
decrease substantially across the portfolio value distribution. These effects decline
from a roughly 13% increase for the very smallest accounts to approximately 1.3%
for accounts in the 80-90th percentiles of the portfolio size distribution. However
these magnitudes make clear the implausibility of appealing to a wealth effects
channel. Such an explanation would imply that households are extremely sensitive
to small changes in wealth. The wealth gain due to the IPO first day return is
approximately US$ 70 on average. For households in the 80-90th percentile of the
portfolio size distribution, this is only 0.75% of average total portfolio value. That

this small wealth gain causes a 1.3% increase in trading activity for this group
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seems implausible, and an appeal to more behavioral forces seems necessary. More
generally, the large size of the effect has important implications for theories relating
trading volume to returns in the equity market.

Experience effects on disposition (Panel 3) attenuate from 2.19% to 0.21%
across as we move along the portfolio size distribution. It is worth noting though,
that in all of these cases, despite this strong reduction in the size of the effect,
the statistical significance of the effect is still unchanged even for the very top of
the portfolio size distribution. Clearly, experienced gains are a powerful force
on investment decision-making. This is also clear for the effect of familiarity —
investors’ propensity to hold stocks in the IPO sector is 42 basis points higher
for treated investors in the second highest decile of the portfolio size distribution,
those with a mean portfolio value of US$ 9,360.

Figure 7.0.3 provides a graphical summary of these results across the portfolio
value spectrum, showing that for four main outcome variables, there is a significant
reduction in the size of the effect as we pass the portfolio size threshold of roughly
US$ 5,000. However, the treatment effect sizes, though considerably smaller, remain

statistically significant all the way to the top of the portfolio size distribution.

6.3 Heterogeneity of Results by Investor “Age in the Mar-
ket”

Several papers (as in ?List, 2004) suggest that increasing experience of market
interactions should result in more rational behaviour when engaging in market
transactions. This hypothesis is deeply interesting, since it suggests that in “age
in the market” may be a useful proxy of financial sophistication, and one which
is not necessarily captured fully by wealth or other demographic characteristics.
We therefore check whether the treatment effect of experienced gains in the IPO
lottery decreases with increasing age in the market in Table 7.0.9. We estimate
treatment effects for account age deciles using a similar procedure as for portfolio
size heterogeneity, under the assumption that the amount of time investors spend

in the market measures their increasing experience of market interactions.
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The table shows that the treatment effect heterogeneity is similar to that of
the portfolio size heterogeneity discussed above. Figure 7.0.4 plots selected results
from Table 7.0.9 across the spectrum of new and old accounts. For example, in
terms of future IPO participation (Panel 1), the effect appears to settle at a positive
constant of 54 basis points for the very top of the age distribution, for accounts
with an average age of 5% years in the market. The effect continues, however to be
strongly statistically significant. Similarly, the effects on trading volume decline
with the age of the account, but remain large and significant for accounts in the
80—90th percentile of age (for accounts with an average age in the market of just
under 4 years). The effects are similar for disposition and familiarity.

Overall, these results suggest that longer exposure to market interactions does
not eliminate the importance of short-term gain experiences for investor behavior,

despite having a strong attenuation effect.

7 Conclusion

Our paper exploits the randomized allocation of stocks in 54 Indian IPO lotteries
to 1.5 million investors between 2007 and 2012, and provides new estimates of
the causal effect of investment experiences on future investment behavior. To our
knowledge, this is the first paper to estimate the causal effect of experience on
investment behavior using the randomized allotment of real securities.

We find that investors experiencing exogenous gains in IPO stocks (the treatment)
are more likely to apply for future IPOs, increase trading in their portfolios, exhibit
a stronger disposition effect, and tilt their portfolios towards the sector of the
treatment IPO. We also find that these treatment effects are stronger for smaller
accounts and accounts that have spent less time in the market, and increase
in magnitude with the experience itself, i.e., the size of the first-day gain from
treatment. We view our results as having implications for a wide range of empirical

and theoretical work on the effects of experience on economic decision making.
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Table 7.0.1: EXAMPLE IPO ALLOCATION PROCESS: BARAK VALLEY CEMENT IPO ALLOCATION

Share Category Shares Bid For # Applications Total Shares Proportional Allocation Win Probability Shares Allocated # Treatment group # Control group

€le

(c) (¢ x z) a (e X ¢ X T < ¢ X ac (1-2) xac
(0) (1) (2) 3) (4) () (6) (7) ®)

1 150 14,052 2,107,800 4 0.027 57,000 380 13,672
2 300 9,893 2,967,900 8 0.054 80,250 535 9,358
3 450 5,096 2,293,200 12 0.081 61,950 414 4,682
4 600 4,850 2,910,000 16 0.108 78,750 525 4,325
5 750 2,254 1,690,500 20 0.135 45,750 305 1,949
6 900 1,871 1,663,900 24 0.162 45,450 304 1,567
7 1050 4,806 5,046,300 28 0.189 136,500 910 3,896
8 1200 2,900 3,480,000 32 0.216 94,050 628 2,272
9 1350 481 649,350 36 0.244 17,550 117 364
10 1500 1,302 1,953,000 41 0.271 52,800 352 950
11 1650 266 436,900 45 0.298 11,850 79 187
12 1800 317 570,600 49 0.325 15,450 103 214
13 1950 174 339,300 53 0.352 9,150 61 113
14 2100 356 747,600 57 0.379 20,250 135 221
15 2250 20,004 45,009,000 61 0.406 1,217,700 8119 11,885

Note: Columns (7) and (8) are obtained after applying the regulation defined rounding off methodology as described in section 2.3.
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Table 7.0.2: IPO CHARACTERISTICS

7. Conclusion

2007 2008 2009 2010 2011 Al
IPOs in sample
Number of 1POs in sample 12 10 2 22 8 54
Percentage of all 1POs in India 12.04 31.58 11.76 32.84 20.51 22.13
Value of 1POs in sample ($ bn) 028 042 0.03 158 0.34 265
Percentage of total value of 1POs in India 3.00 877 0.72 11.01 2462 7.71
Percentage issued (Retail investors excl. employees) 33.01 34.33 34.88 32.71 35.00 33.50
Over-subscription ratio 2195 12.63 2.11 10.10 6.72 12.06
No. of randomized share categories (“Experiments”) 109 55 2 177 40 383
Total no. of share categories 178 152 28 398 227 983
No. of IPOs from different sectors
Technology 1 1 0 2 0 4
Manufacturing 8 6 2 12 3 31
Other Services 2 3 0 4 17
Retail 1 0 0 1 2

Table 7.0.3: CHARACTERIZING TREATMENT EXPERIENCE
Treatment Characteristics Percentile Across Experiments
Mean 10 20 50 75 90
(1) (2) (3) (4) (5) (6)

Application Amount (%) 1803.41 163.27 39244  846.99 1524.57 2174.07
Probability of Treatment 0.35 0.09 0.18 0.35 0.63 0.82
Allotment Value ($) 150.38  123.81 134.11 145.57  157.73  165.72
First Day Gain/Loss (%) 42.28 6.00 11.54 21.73 40.00 87.80
First Day Gain (%) 67.03 8.68 14.28 29.58 65.30  141.62
Median Portfolio Value (¢t — 1, ) 1866.05 805.74 1126.76 1632.09 2466.32 3208.12
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4. The Effects of Experience on Investor Behaviour

Table 7.0.4: RANDOMIZATION CHECK

Treatment Control Difference % Experiments

> 10% significance

0 ONNC) ()
Applied/Allotted an TPO 0.379 0.379 0.000 8.97
IHS Gross Transaction Value 5.619 5.616 0.003 11.45
0 0.287 0.288 -0.001 8.97
0 to 500% 0.183 0.183 -0.001 9.90
500 to 1000% 0.127 0.127 0.000 9.59
1000 to 5000% 0.287 0.285 0.002** 14.55
> 5000 $ 0.116 0.117 -0.001%* 8.97
IPO Stock Sector Portfolio Weight 0.063 0.063 0.000 12.69
Disposition 0.098 0.098 -0.000 7.12
Cutoff bid 0.928 0.928 0.000%* 11.1
Application by Blocked Amount (ASBA) 0.048 0.048 -0.001 4.0
States of India
Gujarat 0.350 0.348 0.002* 12.60
Maharashtra 0.216 0.216 0.000 9.30
Rajasthan 0.148 0.149 -0.001 8.70
Delhi 0.045 0.046 0.000 8.0
Portfolio Value > 0 0.778 0.778 0.000 9.28
IHS Portfolio Value 6.575 6.573 0.002 13.00
0 0.222 0.221 0.000 10.52
0 to 500% 0.143 0.143 -0.001 8.66
500 to 1000$ 0.097 0.097 0.000 8.63
1000 to 5000% 0.285 0.285 0.000 9.59
> 5000 $ 0.252 0.252 -0.001 10.21
IHS Account Age 3.134 3.131 0.003* 12.38
New Account 0.041 0.041 0.000 5.00
1 Month old 0.067 0.066 0.001 6.80
2-6 Months old 0.201 0.203 -0.002** 8.35
7-13 Months old 0.143 0.143 0.000 9.00
14-25 Months old 0.151 0.152 -0.001 9.90
> 25 Months old 0.378 0.376 0.002 11.10
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Table 7.0.5: EXPERIENCE EFFECTS ON INVESTOR BEHAVIOUR

Event-time

-6 5 4 -3 -2 -1 0 1 2 3 4 5 6

1. Future 1PO 0.0006 0.0018%* 0.0003  0.0005 -0.0009 -0.0001  0.0017  0.0094*** 0.0071**  0.0029%*  0.0019**  0.0032**  0.0013
participation (0.0008)  (0.0009) (0.0012) (0.0008) (0.0006) (0.0010) (0.0011)  (0.0015)  (0.0030)  (0.0015)  (0.0009)  (0.0012)  (0.0011)
(0.2034] [0.3108] [0.2043] [0.2172] [0.3324] [0.3786] [0.4850]  [0.4636]  [0.2242]  [0.1283]  [0.0959]  [0.1341]  [0.0605]

2. Gross transaction 0.0084  0.0070  0.0085  0.0057  0.0000  0.0034  0.0212%*% 0.0746%** 0.0742%%% (.0447%%F 0.0333%F%  (.0345%F*F  0.0345%%
value (0.0070)  (0.0070) (0.0091) (0.0059) (0.0077) (0.0058) (0.0093)  (0.0121)  (0.0082)  (0.0118)  (0.0083)  (0.0089)  (0.0066)
[0.1860] [0.2436] [0.2983] [0.4496] [0.9908] [1.6807] [1.6114]  [1.5832]  [0.9868]  [0.3052]  [0.2147]  [0.4525]  [0.2522]

3. Disposition -0.0002  -0.0003  0.0006 -0.0005 -0.0003 -0.0004  0.0037* 0.0082***  0.0007*  0.0005  0.0013***  0.0006  0.0008
(0.0005) (0.0006) (0.0004) (0.0006) (0.0004) (0.0004) (0.0023)  (0.0014)  (0.0004)  (0.0004)  (0.0003)  (0.0004)  (0.0005)

[0.0523]  [0.0440] [0.0523] [0.0651] [0.0647] [0.0983] [0.0644]  [0.0997]  [0.0311]  [0.0497]  [0.0560]  [0.0560]  [0.0491]

4. Propensity to hold ~ 0.0009  0.0003  0.0011  0.0013  0.0005 0.005  0.0002  0.0006  0.0010 00013 00018  0.0015  0.0016
1PO sector stocks  (0.0011)  (0.0010) (0.0011) (0.0007) (0.0008) (0.0009) (0.0009)  (0.0014)  (0.0013)  (0.0013)  (0.0014)  (0.0015)  (0.0011)
0.2502] [0.2649] [0.2764] [0.2731] [0.3478] [0.3170] [0.3659]  [0.3662]  [0.3966]  [0.3946]  [0.4038]  [0.4109]  [0.4063]

5. Weight in 1PO sector  0.0004  0.0002  0.0003  0.0004  0.0005  0.0001  0.0003  0.0001  0.0005%* 0.0008*** 0.0009%* 0.0008*** 0.0006%**
(0.0003) (0.0003) (0.0004) (0.0003) (0.0004) (0.0002) (0.0003)  (0.0004)  (0.0003)  (0.0003)  (0.0004)  (0.0003)  (0.0002)

(0.0520] [0.0571] [0.0534] [0.0499] [0.1042] [0.0629] [0.0769]  [0.0708]  [0.0822]  [0.0811]  [0.0823]  [0.0851]  [0.0808]

6. Re-purchase of IP0 0.0000  0.0000  0.0000  0.0000  0.0000  0.0000 -0.0013%* -0.0027%* 0.0026¥** 0.0017** 0.0014%%% 0.0018*** 0.0022%%*
security (0.0000)  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0005)  (0.0010)  (0.0008)  (0.0007)  (0.0005)  (0.0004)  (0.0007)
[0.0000]  [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [0.0065]  [0.0132]  [0.0050]  [0.0035]  [0.0024]  [0.0025]  [0.0028]

7. No. of securities 0.0021  0.0016  0.0020  0.0018  0.0007  0.0003  0.0028  0.0069%** 0.0078%** 0.0064*** 0.0057%* 0.0059%** 0.0062%**
held (0.0026)  (0.0026) (0.0025) (0.0024) (0.0026) (0.0022) (0.0026)  (0.0016)  (0.0013)  (0.0017)  (0.0019)  (0.0018)  (0.0019)
[3.6157] [3.8247] [4.0955] [4.3544] [4.8554] [5.4630] [6.5410]  [7.0343]  [7.3669]  [7.1642]  [7.1391]  [7.1692]  [7.1050]

8. Portfolio value >0 0.0013  0.0009  0.0007  0.0010  0.0002  -0.0003  -0.0005  -0.0003  -0.0001  0.0005  0.003  0.0003  0.0006
(0.0009)  (0.0009) (0.0012) (0.0009) (0.0010) (0.0007) (0.0008)  (0.0007)  (0.0005)  (0.0003)  (0.0005)  (0.0004)  (0.0004)

[0.5959] [0.6137] [0.6550] [0.6809] [0.7342] [0.7787] [0.8260]  [0.8762]  [0.8891]  [0.8902]  [0.8764]  [0.8786]  [0.8765]

9. Portfolio value 00132 00118 00113 00114  0.0054 0.0018  -0.0023  -0.0002  0.0025  0.0071 0.0057  0.0065  0.0089
(0.0090) (0.0084) (0.0105) (0.0067) (0.0092) (0.0078) (0.0073)  (0.0076)  (0.0067)  (0.0063)  (0.0076)  (0.0073)  (0.0075)

(0.9585] [1.1207] [1.5212] [1.9287] [3.1209] [4.1797] [6.3721]  [8.0207]  [8.7253]  [9.0154]  [8.0666]  [7.6502]  [7.5205]

Significance: *** 0.01 ** 0.05, *0.10,(clustered robust std. errors), [Mean Dep. Variable - Control group], Observations: 1,473,073
Units: Rows 1,2,3,7,8,9 in basis points. Means for rows 4,6 in 100s of US Dollars and Row 5 in No. of securities.
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Table 7.0.6: HETEROGENEITY BY IPO CHARACTERISTICS

IPO characteristics

Positive Negative  Top Quartile Bottom Quartile Top Quartile Bottom Quartile Top Quartile

Returns Returns Percent Returns Returns variability Returns Variability 1pO Value PO Value

(1) 2) 3) (4) (5) (6) (7)
1. Future IPO Participation 0.0117%FF  _0.0142**  0.0118*** 0.0187%** 0.0092%** 0.0085** 0.0114%**
Time: (t+1) to (t+06) (0.0013)  (0.0039)  (0.0029) (0.0059) (0.0023) (0.0039) (0.0023)
2. Gross Transaction Value 0.0717***  -0.0210 0.0570*** 0.0645*** 0.0403*** 0.0335** 0.0516%**
Time: (t+1) to (t+6) (0.0071)  (0.0192)  (0.0108) (0.0238) (0.0098) (0.0173) (0.0118)
3. Disposition 0.0082***  _0.0013 0.0123** 0.0079** 0.0126%** 0.0066 0.0123%***
Time: (t+1) (0.0020)  (0.0029)  (0.0062) (0.0040) (0.0035) (0.0057) (0.0012)
4. Propensity to hold TPO sector stocks 0.0022 -0.0064**  0.0121*** 0.0070%* 0.0038** -0.0012 0.00477%%*
Time: (t+1) to (t+6) (0.0015)  (0.0029)  (0.0031) (0.0038) (0.0016) (0.0040) (0.0012)
5. Weight in IPO sector 0.0006*** -0.0011**  0.0004 0.0008* 0.0002 -0.0001 0.0002
Time: (t46) (0.0002)  (0.0064)  (0.0064) (0.0005) (0.0004) (0.0005) (0.0005)
6. Repurchase of TPO security 0.0039 0.0110%**  0.0054*** 0.0001 0.0073%** 0.0044* 0.0081%**
Time: (t+1) to (t+6) (0.0025)  (0.0029)  (0.0019) (0.0033) (0.0015) (0.0023) (0.0015)
7. No. of securities held 0.0062***  -0.0052 -0.0007 0.0118* 0.0069 0.0023 0.0112%**
Time: (t+6) (0.0019)  (0.0092)  (0.0038) (0.0065) (0.0046) (0.0055) (0.0031)
8. Portfolio value > 0 0.0013*** 0.0012 0.0038** 0.0023** 0.0006 0.0009 0.0001
Time: (t+1) to (t+06) (0.0004)  (0.0014)  (0.0015) (0.0012) (0.0005) (0.0009) (0.0011)
9. Portfolio value 0.0089 -0.0154 -0.0106 -0.0113 0.0123 -0.0096 0.0244***
Time: (t+6) (0.0075)  (0.0209)  (0.0128) (0.0173) (0.0137) (0.0127) (0.0069)
Observations 1,473,073 89,637 410,013 131,000 615,059 400,684 527,318

Significance: *** 0.01 ** 0.05, *0.10,(clustered robust std. errors), Units: basis points

Note: Table I in the online appendix presents the balance tests for this table.
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Table 7.0.7: HETEROGENEITY BY INITIAL APPLICATION VALUE

Application value quartile range

0-25 25-50 50-75 75-100
1. Probability of Applying to Future IPO  0.0265*** 0.0178*** (0.0070*** 0.0056***
Time: (t+1) to (t+6) (0.0044)  (0.0025)  (0.0010)  (0.0013)
2. Gross Transaction Value 0.0925%**  0.0772%**  0.0442%%*F  (0.0440%**
Time: (t41) to (146) (0.0197)  (0.0175)  (0.0068)  (0.0090)
3. Disposition 0.0052***  0.0077*** 0.0097*** 0.0079***
Time: (t+1) (0.0012)  (0.0012)  (0.0029)  (0.0033)
4. Propensity to hold IPO sector stocks ~ 0.0053* 0.0064**  -0.0033 0.0038***
Time: (t41) to (146) (0.0030)  (0.0027)  (0.0020)  (0.0014)
5. Weight on IPO sector 0.0008 0.0012 -0.0001 0.0007**
Time: (t46) (0.0007)  (0.0009)  (0.0005)  (0.0003)
6. Repurchase of TPO security 0.0087*** (0.0081**  0.0024 0.0010
Time: (141) to (146) (0.0034)  (0.0036)  (0.0021)  (0.0035)
7. No. of securities held 0.1136 0.0114**  0.0024 0.0077
Time: (146) (0.0073)  (0.0046)  (0.0033)  (0.0073)
8. Portfolio value > 0 0.0027%* 0.0027*** 0.0005 0.0003
Time: (t+1) to (t+6) (0.0016)  (0.0007)  (0.0007)  (0.0005)
9. Portfolio value 0.0067 0.0176**  -0.0053 0.0197
Time: (146) (0.0184)  (0.0089)  (0.0086)  (0.0144)
Observations 377,937 359,706 385,609 349,821
Mean Application Value ($) 245.61 912.67 2173.98 2842.46
No. of Experiments 98 126 76 23
Mean Probability of Treatment 0.1437 0.2421 0.3812 0.4134

Significance: *** 0.01 ** 0.05, *0.10,(clustered robust std. errors), Units: basis points

Note: Table II in the online appendix presents the balance tests for this table.
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Table 7.0.8: HETEROGENEITY BY PORTFOLIO SIZE

Portfolio Value (t-1) Percentile Range

0-23 23-30 30-40 40-50 50-60 60-70 70-80 80-90 90-100
1. Future 1PO participation 0.0128%**  (0.0153*** 0.0100*%** 0.0135%** 0.0118*** 0.0081*** 0.0106*** 0.0044*** (.0036***
Time: (t+1) to (t46) (0.0025)  (0.0039)  (0.0031)  (0.0029)  (0.0026)  (0.0025)  (0.0027)  (0.0012)  (0.0013)
2. Gross Transaction Value 0.1312%**  0.1620%**F  0.0884™**  (.0439***  0.0689*** (0.0443*** 0.0160 0.0130**  0.0180
Time: (t+1) to (t+6) (0.0287)  (0.0306)  (0.0121)  (0.0078)  (0.0110)  (0.0111)  (0.0101)  (0.0057)  (0.0148)
3. Disposition 0.0192***  0.0219*** 0.0131*%** 0.0092*** 0.0127*** 0.0057**  0.0032* 0.0040***  0.0021*
Time: (t41) (0.0054)  (0.0072)  (0.0049)  (0.0030)  (0.0020)  (0.0027)  (0.0018)  (0.0014)  (0.0012)
4. Propensity to hold 1PO sector stocks ~ -0.0012 0.0094 0.0151***  0.0090 0.0108***  0.0077* 0.0105%**  0.0042**  0.0013
Time: (t+1) to (146) (0.0017)  (0.0066)  (0.0020)  (0.0056)  (0.0038)  (0.0042)  (0.0036)  (0.0022)  (0.0020)
5. Weight on IPO sector 0.0009 -0.0030 0.0024**  0.0002 0.0009 0.0004 0.0004 0.0009 -0.0001
Time: (t+6) (0.0008)  (0.0023)  (0.0012)  (0.0009)  (0.0011)  (0.0006)  (0.0008)  (0.0006)  (0.0004)
6. Repurchase of 1PO security 0.0076***  0.0043* 0.0064***  0.0019 0.0044 0.0011 0.0003 0.0015 0.0036
Time: (t+1) to (t46) (0.0022)  (0.0025)  (0.0008)  (0.0017)  (0.0032)  (0.0034)  (0.0033)  (0.0031)  (0.0047)
7. No. of securities held 0.0130***  0.0033 0.0042 -0.0006 0.0004 -0.0033 0.0031 0.0048 0.0179%**
Time: (146) (0.0035)  (0.0088)  (0.0054)  (0.0037)  (0.0052)  (0.0031)  (0.0040)  (0.0044)  (0.0064)
8. Portfolio value > 0 0.0105***  -0.0003 0.0003 -0.0004 0.0000 0.0000 -0.0002 -0.0003 0.0000
Time: (t+1) to (t46) (0.0039)  (0.0013)  (0.0006)  (0.0004)  (0.0005)  (0.0004)  (0.0003)  (0.0003)  (0.0002)
9. Portfolio value 0.0347 -0.0202 -0.0168 -0.0070 -0.0153 -0.0108 0.0002 0.0193* 0.0269*
Time: (146) (0.0128)  (0.0208)  (0.0188)  (0.0061)  (0.0137)  (0.0101)  (0.0089)  (0.0117)  (0.0153)
Observations 338,584 103,372 147,281 147,319 147,285 147,307 147,307 147,310 147,308
Mean Portfolio Value (t-1) in Sample ($) 0 129 411 841 1545 2672 4720 9360 83294

Significance: *** 0.01 ** 0.05, *0.10,(clustered robust std. errors), Units: basis points

Note: Table III in the online appendix presents the balance tests for this table.
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Table 7.0.9: HETEROGENEITY BY ACCOUNT AGE

Account age percentile range

0-11 11-22 22-32 32—-41 41-51 51-60 60—70 71-81 81-91 91-100
1. Future 1PO participation 0.0159%**  0.0166***  0.0093*** 0.0062**  0.0089*** 0.0107*** 0.0087**  0.0083*** 0.0076*** 0.0054**
Time: (t+1) to (t+6) (0.0021)  (0.0020)  (0.0034)  (0.0026)  (0.0023)  (0.0031)  (0.0040)  (0.0029)  (0.0025)  (0.0023)
2. Gross Transaction Value 0.1189*%**  0.0811***  (0.0744™** 0.0720%** 0.0720*** 0.0583*** 0.0545*** (0.0537*** 0.0668*** (0.0276*
Time: (t+1) to (t+6) (0.0408)  (0.0113)  (0.0171)  (0.0215)  (0.0245)  (0.0160)  (0.0165)  (0.0131)  (0.0099)  (0.0158)
3. Disposition 0.0112%** 0.0084* 0.0086***  0.0161*** 0.0117*** 0.0101*** 0.0124*** 0.0075*** 0.0034 0.0038*
Time: (t+1) (0.0052)  (0.0050)  (0.0036)  (0.0035)  (0.0028)  (0.0033)  (0.0021)  (0.0017)  (0.0023)  (0.0021)
4. Propensity to hold 1PO sector stocks -0.0004 0.0025* 0.0021 0.0068* 0.0102*%**  0.0138**  0.0108*** 0.0092*** 0.0035 0.0059**
Time: (t+1) to (t+6) (0.0045)  (0.0014)  (0.0040)  (0.0040)  (0.0030)  (0.0062)  (0.0042)  (0.0032)  (0.0045)  (0.0027)
5. Weight on IPO sector 0.0023**  -0.0004 -0.0010 0.0008 0.0008 -0.0004 0.0018**  -0.0019**  0.0021**  0.0010
Time: (t+6) (0.0010)  (0.0010)  (0.0013)  (0.0008)  (0.0008)  (0.0006)  (0.0009)  (0.0009)  (0.0010)  (0.0007)
6. Repurchase of 1PO security 0.0110%**  0.0059***  0.0070*** 0.0045**  0.0046**  0.0038 0.0034* -0.0001 0.0003 -0.0021
Time: (t+1) to (t+6) (0.0025)  (0.0022)  (0.0021)  (0.0022)  (0.0022)  (0.0028)  (0.0019)  (0.0027)  (0.0035)  (0.0036)
7. No. of securities held 0.0109* 0.0129**  -0.0106*  0.0082 0.0058 -0.0012 -0.0049 -0.0044 0.0232%**  0.0143**
Time: (t+6) (0.0065)  (0.0053)  (0.0055)  (0.0076)  (0.0121)  (0.0081)  (0.0050)  (0.0087)  (0.0073)  (0.0.0071)
8. Portfolio value > 0 0.0070 0.0016 0.0029* 0.0025 0.0035***  0.0009 0.0001 0.0009 0.0019* 0.0005
Time: (t+1) to (t+6) (0.0045)  (0.0021)  (0.0016)  (0.0021)  (0.0013)  (0.0013)  (0.0014)  (0.0008)  (0.0010)  (0.0004)
9. Portfolio value 0.0312 -0.0006 -0.0229 0.0019 -0.0030 -0.0162 -0.0185 -0.0108 0.0566 0.0339**
Time: (t+6) (0.0223)  (0.0207)  (0.0111)  (0.0234)  (0.0204)  (0.0203)  (0.0142)  (0.0226)  (0.0189)  (0.0146)
Observations 164,040 157,243 146,158 128,922 161,233 126,731 147,894 158,499 142,463 139,890
Mean Account Age(t-1) in Sample (Months) 0 14 4 7.3 124 18.6 25.8 34.5 4.1 67.5

Significance: *** 0.01 ** 0.05, *0.10,(clustered robust std. errors), Units: basis points

Note: Table IV in the online appendix presents the balance tests for this table.
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4. The Effects of Experience on Investor Behaviour

1 Calculating the Probability of Winning

We begin from equation (C.23) in the paper. In that equation, we substitute
for Z from equation (C.21) and use equation (C.22) to re-express po for share
categories ¢ € [1,...,J) in terms of p;. We then substitute for S from equation
(C.20) to arrive at:

_ i X — YL 0

b1 -
i dray

: (1)
which gives p; = %, and po = %/ for randomized share categories ¢ € [1, ..., J).
This probability is well defined, i.e., 0 < %’ < 1. Recall that the regulation

requires randomization when the proportional allocation cannot allocate at least

the minimum lot size of shares. Consider ¢ = (J — 1), which is the final share
category in which proportional allocation is not possible, and random allocation

must take place. That is:

(J—1)x

. <r=(J—-1)<w (ii)

This will also be true for all values of 0 < ¢ < (J —1). Further, since v > 0

andc’>0,%>0. Thus,0<f:<1.
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1. Calculating the Probability of Winning

: IPO FREQUENCY
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4. The Effects of Experience on Investor Behaviour

Figure 7.0.2: IPO EXPERIENCE
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1. Calculating the Probability of Winning

Figure 7.0.3: HETEROGENEITY BY PORTFOLIO VALUE
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4. The Effects of Experience on Investor Behaviour

Figure 7.0.4: HETEROGENEITY BY ACCOUNT AGE
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5 The Effect of Subjective Life
Expectancy on Financial De-
cisions™

I investigate whether exposure to natural disasters and mass shootings influences
subjective life expectancy and affect financial decisions. I show that being exposed to
natural disasters and mass shootings significantly decreases an individual’s subjective
life expectancy relative to life table probabilities. Lifespan optimists become less
optimistic with a disaster experience and lifespan pessimists do not react at all. I
find that disasters monotonically reduce the share of financial assets in equities and
non-government bonds for increasing levels of lifespan optimism. When unrelated to
life expectancy, disaster experiences do not matter. My findings provide evidence for

the existence of an expectations channel for experiences to affect financial decisions.

1 Introduction

Standard economic models work under the premise that an agent with stable
risk preferences and rational expectations is an apt characterization of the real
world. Recent evidence challenges this premise by documenting that personal
experiences affect economic decisions (Malmendier and Nagel, 2011). However, little
is known about the channels through which experiences affect economic decisions.
Experiences may affect economic decisions by influencing risk attitudes, or by
altering beliefs and expectations of future events. In this paper, I identify deviations

in subjective life expectancy from objective life table probabilities (henceforth

*I thank Tarun Ramadorai, and Peter Tufano for their advice, Cristian Badarinza and
Mehjabeen Jagmag for innumerable conversations, Santosh Anagol, Pedro Bordalo, John Campbell,
Johan Cassel, Francisco Gomes, Apoorva Gupta, Bige Kahraman, Arata Oto, Ilaria Piatti,
Benjamin Ranish, Anmol Sethy and participants at the European Workshop on Household Finance
for extremely useful comments and suggestions, David Love for generously sharing his code on
life-cycle models, and Duck-Ki Cho for sharing hand-constructed data. I also thank the staff at
the Michigan Center on the Demography of Aging, especially Janet Jackson Keller, for enabling
virtual access to the restricted datasets of the Health and Retirement Study.
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1. Introduction

known as mortality deviations) as one of the channels for experiences to affect
an individual’s financial portfolio choice.

I document the causal effect of natural disasters and mass shootings on mortality
deviations by using county-level variation in disaster declarations from the Federal
Emergency Management Agency (FEMA) and incidents of mass shootings from
the Stanford Mass Shootings Database (SMD). After controlling for economic,
demographic and spatial differences in life expectancy, I find that individuals
exposed to these experience shocks are significantly more pessimistic about their
life expectancy. My findings show that exposure to a natural disaster reduces
subjective life expectancy by 1.3 percentage points (pp). In terms of economic
significance, these revisions in expectations are at least five times larger than
rational revisions according to Bayes’ rule and about 10 percent of the unconditional
average in-sample mortality deviations.

To assess the robustness of this relationship between experiences and expec-
tations, I estimate the impact of mass shootings and find that exposure to mass
shootings reduces subjective life expectancy by 2.2 pp. In addition, I find that the
disaster effects on individuals residing in neighboring counties to disaster affected
regions are equally strong. They are more than two-thirds of the impact on those
residing in disaster-affected regions. These results lend further support to the
conclusion that disaster experiences reduce lifespan expectations. Breaking the
sample into lifespan optimists (individuals with positive mortality deviations) and
pessimists (individuals with negative mortality deviations), I also find that lifespan
optimists become less optimistic when they experience natural disasters and lifespan
pessimists do not react at all.

I go on to estimate the impact of natural disasters on the share of financial
investments in equities and non-government bonds (risky assets share) by individuals.
Exposure to a natural disaster decreases the share of risky assets by 1.29 pp,

consistent with evidence in Bharath and Cho (2015). In support of the hypothesis

LA simple scatter-plot of mortality deviations against the share of financial assets invested in
stocks and non-government bonds by individuals (Figure B.1a) suggests that investment in risky
assets is positively correlated with lifespan optimism.
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5. The Effect of Subjective Life Expectancy on Financial Decisions

that disaster effects operate through the subjective life expectancy channel, natural
disasters reduce risky assets share only when there are deviations between subjective
life expectancy and objective life table probabilities. In other words, after controlling
for mortality deviations, natural disasters have no unconditional impact on the share
of risky assets. I find that a disaster experience lowers the risky asset share by about
1 pp for lifespan optimists and does not affect risky asset share for lifespan pessimists.
Extreme optimists with over +20 pp deviation from life table probabilities reduce
their risky asset share by about 30 basis points (bps) more than moderate optimists
(< 20 pp. positive deviations), presenting a step-wise increase in disaster experience
effects. These effects are also persistent — past disaster experiences shape lifespan
expectations and affect current investment decisions.

Taken together, these empirical results suggest that personal experiences affect
lifespan expectations and investment decisions. In particular, lifespan expectations
may be related to risky behavior in at least two ways. First, they potentially alter
the individual’s expected lifespan, i.e., the time horizon for optimization. I refer
to this negative impact on expected lifespan as lifespan pessimism. Second, such
experiences may contribute to being generally pessimistic about a range of future
events, which is known as dispositional pessimism.? Dispositional pessimism may
affect both lifespan expectations and average return expectations from investing
in financial markets, two of the most relevant expectations in the context of
individual economic decision-making.3

To distinguish between lifespan pessimism and dispositional pessimism, I set up

a canonical life-cycle model. In the first model, the agent is a lifespan pessimist

2Several studies in psychology and medicine use psychometric tests to measure dispositional
pessimism — the tendency to be generally pessimistic about a range of expectations — and show
that it is a significant factor that affects individual decision-making (see, for example, Scheier and
Carver, 1985).

3For a subset of respondents where I measure both mortality deviations and financial return
expectations in the Health and Retirement Study (HRS). I show that financial return expectations
are positively correlated with lifespan expectations, suggesting that dispositional pessimism is
indeed a plausible mechanism. This is also in line with Puri and Robinson (2007), who show that
respondents in the Survey of Consumer Finances who think economic conditions will stay the
same or deteriorate are more pessimistic about the age at which they expect to die than those
who think that economic conditions will improve.
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whose expectations in other dimensions are optimal.# In the second model, the agent
exhibits dispositional pessimism, which I model as positively correlated deviations
in lifespan expectations and expectations about average financial returns.

The canonical model follows Cocco, Gomes and Maenhout (2005) and Love
(2013). I introduce lifespan pessimism by increasing the conditional life table
mortality probability (1 —(¢)) by a factor 7, i.e., (1 —(¢))(14 7) where 7 € [0, 1].
For dispositional pessimism, I assume that fraction of 7, i.e., lifespan pessimism,
affects financial return expectations.

Relative to the baseline profile without any bequest motives, a lifespan pessimist
marginally increases her share of investment in risky assets, although the extent
to which she accumulates wealth is lower (and her saving profile is lower). At
reasonably low levels of pessimism (less than 4 percent deviation from rational
expectations) the average increase in risky assets share is marginal at 0.16 pp) and at
very high levels (over 50 percent deviation from rational expectations) about 1.28pp
before retirement. After retirement, the corresponding averages are marginally
higher at lower magnitudes of pessimism (at 0.56 pp) and much higher at higher
magnitudes of pessimism at 7.86 pp. This relationship between lifespan pessimism
and risky behavior is governed by the changes to the discount rate. As the discount
rate increases, wealth accumulation decreases and the expected value of future
income decreases. This lowers the wealth to present value of all future income ratio
and increase the agent’s share of investments in risky assets.” Holding fixed risk
attitudes, changes in risky behavior due to pure lifespan pessimism is small.

Relative to the baseline profile without any bequest motive, a lifetime disposi-
tional pessimist (where the agent is both a lifespan pessimist and a financial returns

pessimist) reduces her share of investment in risky assets throughout her lifetime,

4Recent work by Heimer, Myrseth and Schoenle (2016) has shown the importance of this
mechanism for savings and consumption decisions. By calibrating a canonical life-cycle model
with subjective life expectancy, Heimer, Myrseth and Schoenle (2016) show that the young under
save and retirees draw down their assets more slowly.

5However, an assumption that the impact of pessimism is before savings have adjusted implies
that a higher discount rate only lowers the expected value of future labour income. This increases
the wealth to income ratio, thereby marginally reducing the share of risky assets.
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5. The Effect of Subjective Life Expectancy on Financial Decisions

although she converges to the baseline level of exposure by the end of her lifetime.
This mechanism is more consistent with the empirical findings.

In the presence of a bequest motive, the strength of pure lifespan pessimism
is weakened towards the end of an agent’s life. Without a bequest motive, an
extreme lifespan pessimist (with more than 50 percent deviation from objective
life table expectations) increases her risky share by 8.32 pp, whereas with bequest
motives, the average increase after retirement is a modest 1.33 pp. Changes in the
average effects on risky asset share before retirement move in the same direction
although the magnitude of adjustment is not significantly lower. Reasonably
strong bequest motive offsets responses to pure lifespan pessimism after retirement.
However, the effects of dispositional pessimism are stronger in the presence of
bequest motives. An extreme dispositional pessimist under-invests in risky assets
by 22.17 pp after retirement in the presence of bequest motives, an addition of 4
pp to the underinvestment without a bequest motive. With bequests, the positive
effect of pure lifespan pessimism on risky asset share is dampened and reduction
in investments into risky assets through the dispositional pessimism channel is
exacerbated, lending further support to dispositional pessimism as the underlying
mechanism to the observed empirical findings.

This paper connects to several strands of literature. The literature on experience
effects as in Anagol, Balasubramaniam and Ramadorai (2015); Giuliano and
Spilimbergo (2014); Malmendier and Nagel (2011); Choi, Laibson, Madrian and
Metrick (2009); Kaustia and Kniipfer (2008) and Malmendier and Tate (2005),
question standard models in economics with stable risk preferences and expectations
that are unaltered by experiences. This paper provides evidence of the expectations
channel through which experiences affect economic decisions. Studies such as
Puri and Robinson (2007) show that optimism affects economic choices including
financial decisions. This paper provides evidence on the mechanisms through which
such expectations affect financial decisions.

Additionally, this work relates to the long-standing literature on survival

beliefs as explored most recently by Heimer, Myrseth and Schoenle (2016) and by
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Rappange, Brouwer and Exel (2015); Jarnebrant and Myrseth (2013); Gan, Hurd
and McFadden (2005); Hurd and McGarry (2002); Smith, Taylor and Sloan (2001a);
Hurd and McGarry (1993); Hamermesh (1985). I show that mortality beliefs are also
affected by personal experiences and estimate how such experiences contribute to
expectation errors. Finally, this work contributes to the growing corpus of knowledge
on household financial behavior, valuation expectations, and the optimality of
such expectations (Anagol, Balasubramaniam and Ramadorai, 2016; Barberis,
Greenwood, Jin and Shleifer, 2015; Campbell, 2006; Brunnermeier and Parker, 2005).

The rest of the paper is organized as follows. Section 2 offers a brief summary
of the data and descriptive statistics, Section 3 estimates the effect of natural
disasters and mass shootings on mortality deviations, Section 4 presents the role
of the mortality deviations channel on the share of investments in risky assets,
Section 5 lays out the model framework to assess the role of lifespan pessimism and

dispositional pessimism on portfolio choice, and Section 6 concludes.

2 Data and Summary Statistics

The main data source for this work is the Health and Retirement Study (HRS), a
biennial panel survey of about 15,000 respondents since 1992 in the United States
with individuals aged 50 and over, and contains 11 waves of data spanning two
decades (till 2012).° A consolidated panel dataset created by RAND using the raw
questions from each wave of the HRS is used for analysis. To identify shocks to
mortality deviations, I merge information from the Federal Emergency Management
Agency, the Stanford Mass Shootings Database, Uniform Crime Report Statistics
from the Federal Bureau of Investigation to the rich set of demographic, social,
economic and spatial information in the HRS at the county level. Appendix 2

presents a detailed description of data used in this study.

6Several research work use this data. For a comprehensive overview of the data, refer to the
user guides at http://goo.gl/m0ZA38, especially, Sonnega (2015).
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Period life table numbers from the U.S. Vital Statistics Tables” are used as
the benchmark “objective” life expectancy to measure deviations of subjective life
expectancy. Let [° be the agent’s subjective expectation of life till target age y and
[P the probabilities from period life tables. The difference, I¢ = [* — [P, measures the
direction and magnitude of deviation from life table probabilities. As a percent of life
table probabilities, the average deviation is —13.2 percent (median = —3.1 percent).
The distribution is left-skewed (Pearson Standardized measure = —0.59).% Table B.1
provides a breakdown of this variation by age. Although the average respondent in
each age category until age 75 underestimate their odds of survival and above age 75
overestimate their odds of survival, this masks the cross-sectional variation observed
within each age category. However, at either end of the distribution, a consistent
monotonic increase from pessimism to optimism as a function of age is noteworthy.

Since subjective life expectancy is a function of the target age y, and the current
age of the respondents a, Figure B.2 presents the comparison of [* and [?, across y
and a. The nature of the survey question is such that y is fixed for a given set of ages
of respondents. If a is the age of the respondent, x = y — a where y is the target age
used in the survey. In general, relatively younger respondents (around age 50) are
asked about their expectation of surviving 20 - 25 years into the future, whereas the
lower end of x primarily covers the oldest respondents, i.e., ages 80 and over. This
figure presents the subjective and life table equivalents for a subset of x, between 10
and 15, as a function of the age of the respondent. Across all z, the elderly (> 75
years) consistently over-estimate their expected survival probability, sometimes by
3 times the life table equivalent for their age and gender. The expectation horizon
x does have a role in the extent of deviation from life table probabilities and thus is

controlled for in any of the subsequent analysis. Arguably, for younger individuals,

"The National Vital Statistics System is the inter-governmental data sharing platform in
Public Health. This is run by the National Centre for Health Statistics in the Center for Disease
Control and Prevention (CDC).

8As pointed out by Gan, Hurd and McFadden (2005), focal point responses (and other
measurement challenges) in expectation surveys make it difficult to assess the true subjective
probabilities without a benchmark. Life table probabilities provide a meaningful benchmark for
this measure of expectations and thus provide a meaningful transformation of the variable of
interest.
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longer expectation horizon (x > 14) matters the most for long-term financial
choices of individuals. Middle-aged individuals (/= 50 years) assess themselves to be
about 20 pp less likely (relative to life table probabilities), whereas the old assess
themselves (on average) to be many times more likely to survive across all horizons
of x. These summary statistics reaffirm the patterns documented in the literature
and most recently by Heimer, Myrseth and Schoenle (2016).

In a sub-sample of respondents in the HRS whose death record is available,
Hurd and McGarry (2002) show that their subjective mortality expectations help
to predict their death, over and above the life table probabilities. A few other
research studies also show that subjective expectations are informative (Rappange,
Brouwer and Exel, 2015; Jarnebrant and Myrseth, 2013; Smith, Taylor and Sloan,
2001a; Hurd and McGarry, 1993). While this strand of literature suggests that the
information content in subjective probabilities cannot be ignored, other evidence also
points towards the presence of systematic biases in subjective survival expectations
(Edwards, 2006; Elder, 2007). The correlation between personal choice (such as
smoking) and subjective mortality expectations has been found to be high. However,
a causal assessment of how beliefs about mortality are formed is critical to a
further analysis of its role in economic decision making. Personal health status
changes (as in Smith, Taylor Jr, Sloan, Johnson and Desvousges (2001b)) provide
a relatively poor setting for causal analysis as they are often influenced by past
behavior. But events that are beyond the control of the individual experiencing
them (such as natural disasters and mass shootings) provide an ideal setting for

the evaluation of mortality belief formation.

3 Shocks to Mortality Expectations

d

i+ be the expectation deviation from period

For individual 7 in county c at time ¢, let [
life table probability for a target age y = a + z, i.e., I, — I/;. Then, the following
regression specification forms the baseline for the estimation strategy in this paper:

lid,c,t =+ Xil,tﬁ =+ wc + Cz + 6i,c,t (Cl)
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X is a vector of control variables that explain deviations in subjective ex-
pectations. Both objective and subjective life expectancy vary with target age
y and the current age of the individual a. Since lf’c’t is observed at different y
and a, the empirical model also reflects this setting. The current age a, and
(, — the survival period fixed-effects, to allow for identification within the same
y — a or “survival period” implied by the survey — are the most important control
variables in this empirical specification.

The other explanatory variables include net total assets, cognitive abilities,
self-assessment of health status, out-of-pocket medical expenditure, bequest motives,
education, family characteristics and other variables such as whether parents of the
respondent are still alive. Lastly, 1. are county fixed-effects that capture possible
regional variations in life expectancy.

It is important to note that the adjusted R-squared in this baseline regression
analysis, with county fixed-effects, is reasonably high at 26 percent (Appendix Table
1.1).% That said, a significant fraction of mortality deviations is not explained by
conventional proxies of information about an agent’s mortality risk. Adjusting for
demographic, socio-economic, and health covariates, systematic miscalibration of

subjective life expectancies cannot be ruled out.

3.1 Exogenous Experience Shocks and Mortality Deviations

A wide array of personal characteristics is highly correlated with mortality devia-
tions. In this section, I use two sources of exogenous experience shocks (natural
disasters and mass shootings) to estimate the causal impact of experiences on
mortality deviations.

The first empirical challenge in studying the impact of natural disasters involves
potential mediators such as health and wealth losses caused due to a natural
disaster. Naturally, an argument about an exogenous shock here is not merely

one of changes in expectations, but tangible changes to individual well-being that

919 is strongly correlated with age. Appendix Figure 1.1 presents the pessimism profile for
individuals as a function of age from equation (C.1). At age 50, respondents are highly pessimistic
(about 50 pp lower than life table probability estimates) whereas respondents at age 85 are highly
optimistic estimating their odds of surviving 33 pp more than life table estimates of 12 percent.
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could, in turn, affect mortality expectations. In this scenario, the effect of a natural
disaster is merely another dimension of heterogeneity that is not fully captured
in life tables. However, this section measures how ezpectations change with the
experience that cannot be explained by the ez-ante probability of natural disasters.
Further, potential mediators of the impact of disasters on life expectancy include
health expectations, and other covariates such as whether spouse, parents, and
children are alive are controlled for, thus reducing the likelihood of other unobserved
channels of impact on mortality deviations.

Modifying equation C.1 to include proxies for the role of natural disasters and
mass shootings, Tables B.2a and B.2b present the empirical estimates of the effect
of exogenous experience on mortality deviations.

Table B.2a presents the regression results using various measures of extreme
natural disasters experienced at the county level. Controlling for all other covariates
presented in Appendix Table 1.1, Column (1) presents the effect of a one percent
increase in the number of extreme disaster days in a year on expectation deviations.
A one percent increase in the number of days of extreme disaster results in an
increase in mortality pessimism by 0.20 percent. However, this effect is asymmetric
(Column 2). Estimates suggest that middle-aged individuals (age 50) are likely to
be 1.31 percent more pessimistic (relative to life tables), and the effect of a one
percent increase in the number of days of extreme disasters in a year wanes as
individuals get older. An 85-year-old is not affected by extreme disasters in the
same way (point estimate of 0.0079 and statistically insignificant). Columns (3)
and (4) present estimates for a one percent increase in the total number of disasters.
Again, the effects are asymmetric - middle aged (50 year olds) react sharply with a
3.12 percent decrease in life expectancy relative to life tables, whereas 85-year-olds
do not react at all (Figure B.3).

Columns (4) and (5) present the effect size for at least one disaster experience in
a given year. Individuals in counties with at least one extreme disaster experience
are 1.34 pp more pessimistic than their counterparts without such an experience.

The average deviation from objective probabilities is —13.23 percent, and hence
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this effect constitutes nearly 10 percent of the average deviation from objective life
table probabilities. The effects are statistically and economically significant. This is
primarily driven by middle-aged individuals, as older individuals do not react to such
events in forming their expectations. All these suggest that middle-aged individuals
are susceptible to pessimistic mortality beliefs due to exogenous experiences.!”

One potential confounder of the impact of natural disasters on mortality
deviations is wealth losses associated with such disasters. To test the robustness of
the general relationship between exogenous experience and mortality deviations, I
test whether another type of shock that is typically not associated with wealth-losses,
mass shootings affect mortality deviations. Table B.2b presents the regression results
for the effect of mass shootings in the United States on mortality expectations.
Controlling for the regularity of events closely associated with mass shootings
(crimes related to arson, gun and murder) at the county level (Column 1 presents
the baseline regression) and extreme natural disaster experiences, mass shootings
increase mortality pessimism by 2.62 percentage points for individuals in counties
where these shootings occur. Importantly, this effect is virtually absent in counties
that already have experienced crimes of similar nature (arson, gun violence and
murder) in the same year — the interaction term suggests that additional mass
shootings have no effect in counties that record such violence. Also, such shootings
affect individuals of all age groups, i.e., the effect size is not a function of age
and affect the elderly as much as it affects the middle-aged respondents in the
HRS sample.!! This effect size is large (20 percent of the average deviation from
objective probabilities).

Unconditionally, individuals are observed to be either optimistic (positive lifespan
expectations relative to life tables) or pessimistic (negative lifespan expectations

relative to life tables). Hence, the role of exogenous experience may be related to

10To test whether these shocks are truly exogenous, and the effects obtained are not driven by
selection, I test the impact of future natural disasters at ¢t + 1 on current mortality expectations at
t. Appendix Table 1.4 suggests that the identification is robust and the effects of natural disasters
in the future on current expectation deviations are statistically and economically insignificant.

' The last two columns of Table B.2b present a far more conservative estimate of the impact of
mass shootings and extreme natural disasters, with individual fixed-effects. While the effect sizes
are lower than in Columns 1 and 2, the results are qualitatively comparable.
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different types of agents. To test whether optimists and pessimists react to disaster
shocks differently, I break the sample into optimists and pessimists and analyze the
effect of natural disasters on mortality deviations. Table B.3 presents the results from
this analysis. Columns (1-2) of Table B.3 presents the results for optimists (classified
as optimists before the disaster occurrence), and Columns (3-4) presents the analysis
for pessimists. Natural disasters make optimists less optimistic by 1.32 percentage

points, whereas such experiences do not make pessimists more pessimistic.

Robustness 1: One of the concerns with the measure ¢ is that these absolute
differences in probabilities are not anchored. For instance, an individual aged 75
has a life table likelihood of 0.24 to live an additional 20 years. If the individual’s
subjective life expectancy for the same period is 0.23, then the measure [¢ captures
the mortality deviation as -0.01. However, this difference as a percent of the life table
probability is -4.1 percent. To overcome concerns that shocks capture mortality
deviations in the absolute and not in relative terms, I estimate the specification
with [? measured as the percent deviation from life table probabilities. Appendix

Tables 1.2 and 1.3 present these results. The dependent variable is measured as

1s—1p
w

where [P is the period life table probabilities corresponding to the subjective
probability, [°, reported by the individual. The effects are significant and similar
in size to those reported in Tables B.2a and B.2b suggesting that the relative

scales do not influence the analysis.!?

Robustness 2: Despite explicit controls for wealth and self-assessed health status,
one of the concerns may be that such confounders are not well measured and thus
influence the effect of natural disasters on mortality deviations. To measure the effect
without such concerns, I estimate a specification where I define disaster experience
as 1 when an individual resides in a county that has a border with a disaster declared
county and 0 when the respondents are in other counties unaffected by disasters and
not adjacent to any disaster affected county within the same state (Appendix Figure

1.2). This specification has the advantage that no real wealth losses due to disasters

121t is important to note that the effect size is similar because any level effects are captured by
control variables such as age in the main specification and are thus effectively controlled for.
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may be experienced. Appendix Table 1.5 presents the results and are consistent
with the main findings with a slight reduction in the magnitude of impact, which is

also consistent with the salience of such disaster experiences to individuals.

Economic significance: A comparison of the effect size to the actual mortality
risk posed by natural disasters provide for a meaningful benchmark for the extent of
miscalibration in mortality expectations. Appendix 4 presents a benchmark estimate
of the rational update to mortality expectations. Revisions to the likelihood of
death due to future disasters when a disaster is currently experienced is nearly zero.
Most conservatively, the effect of disaster experiences on mortality expectations are

at least five times more than such rational updates to expectations.

4 Mortality Deviations and Risky Behavior

The extent to which such mortality beliefs affect individual decision making is
paramount in deciphering the effect of such biased beliefs on individual welfare.
Of the many decisions that may relate to biased expectations, I focus on one of
the more well measured financial decisions individuals make — the share of total
financial assets invested in risky assets. In this section, I evaluate the relationship
between mortality expectations and risky behavior.

d

i.c. be the expectation deviation

For individual ¢ from county ¢ at time ¢, let [
from period life table probability till target age y = a+x, i.e., [} [? .. Then, the

ict  Vietr

following regression specification yields an estimate of the coefficients of interest:

Wiect = wc + (x + et + X;,c,tﬁ + 60[?767)5

+611f ., x I(Experience > 0).; + pl (Experience > 0)¢; + €4 (C.2)

X+ 1s a vector of control variables such as age, age-squared, wealth, health
expectations, out of pocket medical expenditure and cognitive abilities, 1. are
county fixed-effects, (, are the survival period fixed-effects and 6, are time fixed-
effects. The fraction of total assets in risky markets w; .; is measured as the sum

total of investments in stocks, mutual funds, investment trusts, non-government
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4. Mortality Deviations and Risky Behavior

bonds and bond funds of individual ¢ from county ¢ at time t divided by all
financial assets held by that individual.

The coefficient © measures the direct impact of natural disasters on risky assets
share. 0y measures the effect of mortality deviations on risky asset share and
01 measures the impact of mortality deviations when individual ¢ experiences a
disaster on investment share in risky assets.

Table B.4 presents the regression results. Column 1 presents the unconditional
impact of experiencing a natural disaster on risky assets share, controlling for ageFr,
wealth, health, demographic, spatial and time characteristics. Individuals who
experience a disaster reduce their risky assets share by 1.29 percentage points.'?
Column 2 presents the relationship between mortality deviations and risky assets
share is positive. A one percentage point increase in mortality deviations (optimism )
increases risky assets share by 1.5 percent, echoing the unconditional relationship
in Figure B.1a. Controlling for mortality deviations, Column 3 shows that natural
disasters have no unconditional effect on risky assets share when mortality deviations
are included in the analysis. Furthermore, as in Column 4, disaster experience
lowers the risky share for individuals with positive mortality deviations.!* This
suggests that lifespan optimism is associated with a higher risky share only among
individuals who have not experienced a natural disaster.

To further test if the degree of optimism matter to the effect of natural disasters
on risky assets share, Table B.5 presents the analysis by quartiles of optimism.
Column (4) of Table B.5 shows that the degree of optimism matters to the extent
of adjustment. Individuals who are less optimistic (0 < % < 20) reduce their risky
share by a smaller magnitude than those who are extremely optimistic (I > 20).
At the same time, individuals who are pessimistic (¢ < 0) do not adjust their

share of risky assets at all.

13These effects are similar and in line with Bharath and Cho (2015).

14 Although Columns 1-3 in Table B.4 provide convincing evidence of a mortality deviations
channel through which natural disasters affect risky assets share, the estimation of the indirect
effects in the presence of interactions (19x I(Natural Disaster > 0)) require additional statistical
tests for assessing the importance of this channel with standard errors and sensitivity tests.
Appendix 5 presents the results of this analysis and suggests that up to one-thirds of the total
effect of natural disasters may be attributable to mortality deviations.
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Appendix Table 1.6 presents the impact of both natural disasters and mass
shootings on risky asset share. While both types of personal experiences negatively
affect risky assets both directly and mediated through expectation miscalibration,
only natural disasters are statistically significant. It is important to note that
are issues of statistical power with mass shootings as these are very few events
used for statistical identification. However, the direction and magnitudes appear

similar to the effects of natural disaster shocks.

4.1 Lifetime Disaster Experience, Mortality Deviations, and
Risky Asset Share

To investigate the relationship between a lifetime of disaster experiences, mortality
expectations, and risky asset share, I augment the specification from Malmendier
and Nagel (2011) and estimate the following regression specification using non-

linear least squares:

Wiz = o + BNi(N) + w(Nie(A) x 1)+ 014y)ie + 7 Xig + €54 (C.3)
age—1
Ni,t()\) = Z fii,t(ka )\) X SHOCKivt,k (C4)
k=1
(ageit - k’))‘
kig(k,\) = : (C.5)

W20 (agei — k)

Here, w;; is the share of wealth in risky assets, and [¢,, is the difference in the
subjective and life table probabilities, and X, includes a range of demographic and
wealth variables as controls. SHOCK;;_, measures the total number of disasters
experienced by an individual ¢ at time ¢ — k. To allow for different magnitudes of
the impact of experiences in the distant past to the immediate, a parsimonious
specification involves the estimation of the parameter \ alongside the parameters

of interest, 3, and w.'?

15 Alternate specifications for Table B.4 without county or state fixed effects yield similar
quantitative estimates, suggesting that these shocks are robust to issues of selection in the FEMA
database. Therefore, in this specification, they have been omitted for parsimony.

245



5. Savings and Portfolio Choice of Pessimistic Agents

The parameter of interest is w, which measures the effect size of such disaster
experiences and changes to the mortality expectations channel. Table B.6 presents
the results. I estimate the A parameter in the baseline specification (column (1) of
the table), without age and year fixed-effects in order to minimize the bias caused
due to fixed-effects. The parameter \ is statistically significant and suggests that
more recent disaster experiences have a much higher weight than in the distant
past. For example, for a 50-year old respondent, the weight on disaster experienced
the previous year (k = 1) is about 6 percent (Bottom panel of Table B.6) and
reduces to 0 going back to her birth year. Reasonably persistent effects of disaster
experiences of the distant past on current portfolio share of risky assets also account

for higher estimated magnitudes in Table B.6 than in Table B.4.

5 Savings and Portfolio Choice of Pessimistic Agents

Although the empirical estimates suggest that mortality deviations are related to
the share of risky assets in the financial portfolio of individuals, the mapping of the
relationship between mortality deviations and risky behavior is not known. In this
section, I present a stylized life-cycle model by introducing mortality pessimism
and assess the mechanism through which they relate to risky behavior.
Mortality pessimism may affect risky behavior in different ways. They may affect
risky behavior by itself, without affecting other expectations. I term this as “pure”
mortality pessimism. Pure mortality pessimism is noteworthy as it could potentially
affect many economic and financial decisions through its multiplicative impact on
the agent’s discount factor. A decrease in an agent’s life expectation alters the time
horizon of optimization, which could be modeled as an increase in the discount
rate — that is, a strict preference for immediate consumption rather than deferring
it to later. Measuring subjective life expectancy and constructing survival curves,
Heimer, Myrseth and Schoenle (2016) find that the young under-save and retirees
draw down their assets more slowly. Otherwise, they may also affect risky behavior
by affecting other expectations — also known as dispositional pessimism. However,

early literature on pessimism (or optimism) suggests that individuals may not solely
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5. The Effect of Subjective Life Expectancy on Financial Decisions

be pessimistic about mortality, independent of other expectations such as expected
returns to investment in risky asset markets, income growth expectations and so
on. This dispositional pessimism is the second potential mechanism through which
rare events affect economic and financial decisions. While studying the dynamics of
subjective mortality expectations on individual decision-making, delineating the
role of dispositional pessimism and pure mortality pessimism is important.

Several challenges limit the possibility of discerning mortality expectations from
generalized expectations in the data. Firstly, large-scale psychometric assessments of
dispositional pessimism are unavailable and are thus largely unobservable. Secondly,
creating a benchmark to assess whether such expectations are pessimistic is not
straightforward. To the extent mortality expectations are correlated with other
expectations such as return expectations revisions in subjective life expectancy
plays an important role in affecting financial decisions both by itself and due
to dispositional pessimism.

For a subset of respondents for whom I measure both financial return expectations
and %, following Puri and Robinson (2007), I test whether the measure (¢ also
captures dispositional pessimism. I compare [ to the respondents’ assessment of
the likelihood that mutual funds (such as the Dow Jones Industrial Average) will
yield positive returns the following year. Table B.7 tests whether this measure of
financial returns expectations are correlated with mortality expectation deviations,
I4. Column (1) presents the average expectations of a positive return from mutual
funds across quartiles of mortality expectation deviations. Respondents whose
mortality expectations are highly pessimistic (< 19 percent deviation from life table
probabilities) believe that there is only a 38 percent chance of the Dow Jones yielding
positive returns the following year. However, on the other end of the mortality
expectations distribution, respondents who are highly optimistic think that the
Dow Jones is at least 51 percent likely to turn in positive returns the following year.
With more positive expectations about mortality, respondents are also positive
about their financial returns the following year. Column (3) presents the coefficient

estimates of a regression estimate of this relationship between [¢ and financial return
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5. Savings and Portfolio Choice of Pessimistic Agents

expectations. The relationship is positive and increases monotonically (Columns
4 and 5 present confidence intervals that do not overlap). An extreme lifespan
pessimist (on average) expects a positive return by 11.48 pp less than an extreme
lifespan pessimist, suggesting that [¢ captures dispositional pessimism, to the extent
measured by general financial market expectations.

In this model, I interpret the deviations of subjective life expectancy from life
table probabilities as measuring degrees of mortality pessimism and also allow
for correlations between mortality expectations and financial return expectations.
This forms the basis of the incremental changes to a canonical life-cycle model

presented below.

5.1 Model Specification

I adopt the model of consumption and portfolio choice in Love (2013) which adopts
the canonical model from Cocco, Gomes and Maenhout (2005) and modify to
incorporate pessimism. Time is discrete and the individual lives for a maximum of
T periods, retires at date Tk, which is assumed to be exogenous and deterministic
for simplicity. This individual lives from one period to the next with probability
Y(t). In each period ¢, the individual consumes Cy, allocates (; percent of the wealth
in the risky asset, which offers a gross rate of return R;, and allocates the remainder
in the risk-free asset, whose gross return is a constant R/. Saving and consumption
must be financed out of cash on hand X;, which consists of saving from the previous

period plus current income, Y; and is governed by the following equation:

X =Ri(Xio1 —Ciq) + Y, (C.6)

where, R, is defined as (R + (1 — {;) R/, the gross portfolio rate of return.

A lifetime lifespan pessimist is one whose mortality expectations are higher than
the life table estimates ((1 — #(t))) by a factor 7, i.e., (1 —(¢))(1 4+ 7). A lifetime
dispositional pessimist is one who has correlated expectations between mortality
and financial pessimism, where the financial pessimism is a fraction ¢ of mortality

pessimism 7. Assuming that R} is normally distributed with mean p° and standard
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deviation ¢*, a financial pessimist is one whose return expectations are lower at
p®(1 — 7). I assume that ¢ = 0 and 7 = 0 in the benchmark specification.

I also assume that expected excess returns, i.e., E(R® — R') is zero-lower-bound,
i.e., p*(1 —¢7) > R’. In this approach, a pessimistic investor underweights the
positive states of the world to the negative states, and thus is assumed to have a lower
expected return. It is also important to note this assumption imposes restrictions

on the parameter space for 7, i.e., 7 < (1 — Rf) where 0 < ¢ < 1. For example, at
L Iz

6 percent equity premium, this implies that 7 < 0.66. A constant 7 does not mean
that survival curves shifts downwards. Appendix 6 presents an example of how the
survival curve looks when the 7 parameter is set at 60 percent, i.e., a large, but not
unrealistic number considering empirical evidence. The shape of the survival curve
used in the analysis (in terms of the magnitude of pessimism) peaks after retirement.

Following Carroll (1997), the income process is a deterministic function of age,
combined with a transitory shock and a random-walk persistent shock. Permanent
income, P, evolves according to P, = P,_1G; Ny, where GGy captures the age-earnings
profile, and N, is a log-normally distributed shock. Current income, therefore, is
a realized product of permanent income and a log-normally distributed transitory
shock, ©;: Y, = P,_1G;N,O,;. Similarly, retirement income is also considered
to be uncertain.

In this setting, the discounted expected lifetime utility in period t is therefore

given by:

T—t
VB Y B{WU(C)} )
7=0

where (3 is the time-invariant discount factor, and W,;,, is the probability of
surviving to ¢+ conditional on being alive in period . In this baseline specification,
there are no bequest motives, and individuals value consumption by the isoelastic
CRRA formulation: u(Cy) = C; ?/(1 — p). The assumption that income follows
a unit root process and preferences are isoelastic allows for the problem to be

normalized by permanent income and solve the model following the method of
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endogenous grid points as in Carroll (2006).

Solving the life-cycle model: In a rational world without pessimism, the value

function for the consumer’s problem in (C.7), subject to (C.6) is as follows:

Vi(Xe, P) = @M{U(Ct) + BB Vi (X, Pt+1)} (C.8)

Let #, = %, then ¢(z,) = Cy(Xy, B)/ P, and ((2,) = ((Xy, P)/P,. Similarly,
the normalized value function is vy(x;) = P/ _1‘/}(Xt, P,). The optimal solution

to the problem is given by the value function:

vf (zy) = m(gc{u(ct) + 6¢tEtF%;fU:+1(&th+1 + @t+1)}, (C.9)

Ct,
where I'yy; = G141 Ngyq is the stochastic growth factor, and a; = x; — ¢; is the
end of period saving by the individual. Homogeneity of preferences imply that

I~ u;(c;) = u,(I'yc;), thus making the first-order conditions to be:

() = BY B Ryt (Ti1Ce41) (C.10)

Here, ¢t41 = 41 (Riv1a:+©y11), i.e., the decision rule for consumption in period

t + 1. The first-order condition for portfolio choice is:

B E Ry — R )agtyy (Tra€e41) = 0 (C.11)

The optimal portfolio choice can be determined by using (C.11), given end-
of-period saving a; and a decision rule for the next-period consumption. Given
the optimal portfolio choice, (C.10) determines the optimal consumption level in
period t for every level of a;. The method of endogenous grid points (as in Carroll,
2006) uses these first order conditions to estimate the normalized cash on hand,
x; = a; + ¢;(a;). Interpolating between ¢; and z; pairs generates the consumption

decision rule which in turn can be used to solve for optimal consumption and
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portfolio choice in period ¢t — 1.6

Calibration: Table B.8 lists the set of parameters used to solve this model. The
discount factor is set to 0.98, at the higher end of the range estimated in Cagetti
(2003). Survival probabilities come from the 2007 Social Security Administration
Period Life Tables. The baseline parameterization of the model sets p, the coefficient
of relative risk aversion at 5, at the higher end of estimates available Inkmann,
Lopes and Michaelides (2011). Campbell and Viceira (2002) estimate the standard
deviation and mean of the excess returns of stocks over the risk-free rate using
annual data on the S&P 500 for the period 1880-1995. They estimate a mean
excess return of 6.24 percent and a standard deviation of 18.11 percent.!” In this
calibration exercise, I set the standard deviation of the stock return to 18 percent,
the risk-free rate of 2 percent and the excess return equal to 4 percent. The model
also allows for asset returns to be correlated with permanent income. Following
Gomes and Michaelides (2005), I set the correlation coefficient between permanent
income and excess returns to 10 percent during working life, and zero percent in
retirement. The income profiles are taken from estimates by Love (2013) following
Cocco, Gomes and Maenhout (2005), and retirement income is the average income
of retired households between ages 65 and 85 from the 1970-2007 waves of the Panel

Study of Income Dynamics.

Optimal solution: Figure B.4 shows the average of 20,000 simulated paths of
consumption (first row), saving (second row) and portfolio share (third row) for
a college graduate without a bequest motive.'® The life-cycle profile starts at the
age of 50, from when estimates of mortality deviations are observed in the data.

This has the distinct advantage of studying agents in a setting where from the

6 Following Love (2013), T use 30-grid points for end of period savings, with triple exponential
spacing, and compute the distributions for asset returns and transitory and permanent income
shocks using 10-point Gauss-Hermite quadrature.

1"The post-war data series records a higher mean of 7.12 percent and a standard deviation of
6.10 percent.

18Profiles for high school graduates and others look similar but at different levels of wealth.
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age of 50, after experiencing a shock, they reoptimize by being pessimists for the
rest of their lives. Across all graphs, the dark line indicates the baseline profile,
with parameters in Table B.8 and no pessimism in the model. The dotted lines are
estimates for varying levels of pessimism parameter 7 that range from 0 (baseline
profile) to 64 percent. The first column refers to a lifetime lifespan pessimist, and
the second to a dispositional pessimist whose correlation between mortality and
financial pessimism is 1. The estimated optimal paths in the baseline profile are
identical to Love (2013). The blue arrows refer to the direction in which the profiles
increase / decrease as the parameter 7 ranges from 0 to 64 percent. Consumption
and savings are presented in thousands of 2010 US dollars while portfolio share
in risky assets is presented as a percentage of total financial wealth.

In the baseline profile, consumption continues to grow throughout, albeit at
a small rate, and dips towards the end of life due to the higher rate of mortality
discounting. The growth rate of consumption is influenced by two factors. Firstly,
the portfolio rate of return relative to the discount rate affects the growth rate of
consumption. Secondly, in this model, retirement income is uncertain. Therefore,
consumption is also influenced by the need for precautionary savings against medical
cost shocks in old age. The saving profile also suggests that the accumulation is
primarily between ages 20 and 50, after which the agent draws down on financial
wealth to finance consumption. The patterns observed echo the work by Bodie,
Merton and Samuelson (1992) where consumption in the early years of life are
financed out of human capital and the role of financial wealth is more pronounced
in later periods of life.

Compared to the baseline profile, a lifetime lifespan pessimist (Column 1 of
Figure B.4) increases her consumption profile, although marginally, throughout her
life until 80 and reduces consumption dramatically around age 80. Table B.9 presents
the magnitude of difference from the baseline profile. Even at very high levels of
pessimism (7 = 60percent), the average increase in consumption before retirement
is about 3 percent of the baseline profile, whereas the decrease in consumption after

retirement is high at 5 percent. In terms of saving, a lifetime lifespan pessimist
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decreases her saving until retirement, and the rate of draw down from savings is
higher until around age 80 after which she sharply decreases the rate of drawing
down from savings.!? At the same time, a lifetime pessimist increases her share of
investments in risky assets throughout life, and this increase is the highest at old age,
after retirement. While this may appear to be counter-intuitive, the role of mortality
pessimism on the share of investment in risky assets is related to assumptions about
the timing of the impact of pessimism. The discount rate determines savings in a
life-cycle model and as it increases, wealth accumulation decreases (as evident in
relative saving declines for a lifespan pessimist). This lowers the wealth to present

value of all future income ratio, i.e. implying that the agent will actually

W
" PV(Y)?
increase her share of investments in risky assets as opposed to decreasing them.?
This assumption relies on understanding the extent to which savings have adjusted
within the same year and in a canonical life-cycle model, the assumption goes in
the direction of a high degree of adjustment within the same year.
In addition, the magnitude of impact due to pessimistic expectations about
mortality are not large. Extreme pessimists (with 7 > 90 percent) are rare and

t.2!' Even with a modification in the assumption

do not find empirical suppor
of the timing of the impact of pessimism, the effect on savings and portfolio
choice decisions will be small.

On the other hand, relative to the baseline profile, a lifetime dispositional
pessimist (Column 2 of Figure B.4) decreases her consumption before and after
retirement. The estimated decrease in average consumption before retirement for
very high levels of pessimism (7 = 60percent) is 4.7 percent of the baseline profile
(Table B.9), and the corresponding loss of consumption after retirement is much

higher at 18 percent. Similarly, her average saving before retirement is lower by as

much as one-fifth of the baseline profile and shrinks the rate at which she draws

9The point at the age profile where this flips sign after retirement is determined by the peak
difference in unconditional mortality probabilities as explained in Appendix 6.

20However, if the impact of pessimism is before savings have adjusted, then a higher discount
rate only means lower present value of future income, and hence the %(Y) increases. This means
that an agent with mortality pessimism will decrease her share of risky investments.

2'However, extreme optimists, where optimism is as high as 3 times the life table mortality
probabilities find empirical support.
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down on saving for consumption at a higher rate and at least 10 years before such a
pattern is observed with a lifespan pessimist. More importantly, the distinguishing
feature of these two mechanisms is that a dispositional pessimist reduces her share
of investment in risky assets well throughout her lifetime, although she converges
to the baseline level by the end of her lifetime.

Summary of model results:

Lifetime lifespan pessimist Lifetime dispositional pessimist
Before retirement  After retirement Before retirement ~ After retirement
Consumption + — — —
Saving — Sharp draw down — Sharper draw down
Risky assets + + - -

As the table above shows, the empirical results in Section 4 is most consistent
with dispositional pessimism (under standard assumptions in a life-cycle model)
as the share of investments into risky assets decreases due to a downward revision
in expectation caused by rare events. Predictions about the behavior on saving
and consumption from these models cannot be empirically assessed with data from
the HRS and are thus beyond the scope of this evaluation.

In summary, the observed empirical findings are consistent with dispositional
pessimism whereby the impact of rare events is not only on mortality but also

on the generalized expectations of future events.

5.2 Bequests

The presence and strength of bequest motives have an important role to play in
determining the policy functions at the end of life. The value function for the last

period corresponds to the bequest function and is modeled as:

(Xpi1/b)' "
I—p

For expositional purposes, the bequest function is also assumed to be isoelastic

VT+1 - b (C12)

and the strength of this channel is determined by the parameter b. Following Gomes

and Michaelides (2005), the importance of bequest motive b is set at 2.5. Intuitively,
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the effect of mortality pessimism on optimal paths of policy functions is offset as b
increases since both enter as multiplicative factors in the value function. However,
the presence of bequest motives is likely to increase the effect of dispositional
pessimism as it dampens opposing effects arising out of correlated mortality and
financial returns expectations.

Panel (B) of Table B.9 presents the deviations from the baseline scenario with
parameters as in Table B.8 but with a strong bequest motive where b = 2.5. The
extent to which pure lifespan pessimists increase consumption before retirement is
indeed reduced, and so savings decline and increase in investment into risky assets
due to mortality pessimism. However, the extent to which these pessimists reduce
their consumption after retirement is much higher and the increase in risky share is
no longer in large magnitudes. During retirement, consumption decreases as a result
of both a high effective discount rate (increased expectation of mortality risk) and
wealth does not fall towards zero due to the presence of a bequest motive. Since
future labour income and financial wealth fall, optimal asset allocation depends
on the relative speed at which these factors decrease. This depends on both the
discount rate (adjusted for pessimistic survival probabilities) and the strength of
the bequest motive. Given these parameter values, during most of the retirement
period, they decline at similar rates and therefore the share of wealth in risky assets
remains constant (Appendix Figure 1.3). However, it is evident that the effects
on portfolio choice, savings and consumption is far stronger in the presence of
a bequest motive, suggesting that dispositional pessimists who also have strong
bequest motives tend to react sharply to their pessimistic expectations.

In summary, the effect of dispositional pessimism on portfolio choice is even
stronger and the positive effects of pure mortality pessimism on risky asset share is
dampened in the presence of a bequest motive. In the presence of a bequest motive,

dispositional pessimism as a mechanism is further strengthened.
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6 Conclusion

In this paper, I show that exogenous experiences affect mortality beliefs in the
United States. Disaster effects on lifespan optimists are economically significant
whereas lifespan pessimists do not revise their expectations. These effects are at
least five times higher than justified by Bayes’ rule. I document that disasters
have no unconditional impact on risky asset share once mortality deviations are
controlled for. Further, disaster experience lowers the risky asset share by about
1pp for lifespan optimists and does not affect lifespan pessimists — consistent with
the experience effects on expectations. These effects monotonically increase in
magnitude for increasing levels of lifespan optimism.

Pessimistic expectations may be indicative of responses that purely affect an
individual’s mortality or alternatively be driven by dispositional pessimism. In a
canonical life-cycle model, I show that mortality pessimism increases the share of
risky assets. With small departures from traditional assumptions in a canonical
model, the effects can be negative, albeit by a small magnitude. However, agents
who are both lifespan pessimists and financial returns pessimists leads to a reduction
in the share of risky assets, consistent with empirical findings.

Although dispositional pessimism affects a wide range of expectations, this
paper only explores correlated expectations across mortality and financial returns.
Setting up pessimistic expectations across various future events, including income
expectations, and allowing for time-varying return and mortality expectations
appears to be important future additions to evaluating the mechanisms by which

mortality pessimism may affect portfolio choice.
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Table B.1: Summary Statistics: Mortality Deviations

This table reports pooled population-weighted summary statistics for 1%, i.e., deviations of
subjective probablities from life table probabilities for different age categories. Each row represents
different age categories from the lowest to the highest observed in the Health and Retirement
Study. Column (1) presents the average life expectancy deviation and Columns 2-5 presents the
cross-sectional distribution within each age category. The last row presents the average for the

full sample. Units: Percentage

Percentile

Age category Mean 25 50 75 90 N
50 to 55 -24.82 -40.92 -7.82 17.42  26.39 2,752
56 to 60 -29.08 -48.22 -8.80 18.08 36.23 12,361
61 to 65 -29.02 -57.63 -6.81  22.63 43.11 19,338
66 to 70 -32.01 -39.27 -19.23 10.67 24.35 15,351
71 to 75 -20.07 -34.92 -0.97 2794 4752 13,527
76 to 80 0.12  -4524 25.14 63.08 83.92 9,638
81 to 85 50.44 -13.36 82.05 125.26 149.51 6,011
> 85 142.89 58.64 165.98 226.16 267.63 2,654
All -0.13  -0.42  -0.03 0.27 0.64 101,056
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Table B.2a: Impact of Natural Disasters on Mortality Deviations

This table presents the population weighted regression estimates for the following empirical model:
lgqt =a+ X;,tﬁ + wNatural Disaster Proxy, ; + ¢c + (x + €ict

1% is the deviations of subjective life expectancy from life-table probabilities. 1. are county fixed
effects, (5 are survival period fixed effects, and Xj ; is a matrix of control variables as in Table 1.1.
Columns 1-2 present the results for the natural disaster shock measured as the total number of
days of disaster experience in a given year, columns 3—4 for the total number of disaster experiences
in a given year and columns 5—6 for an indicator variable equal to 1 if the respondent experienced
any disaster in a given year. These estimates are presented for respondents whose age is between
50 and 85, *** ** * denote 1, 5, and 10 percent significance. All standard errors are robust and

clustered at the state level.

Dep. Var: i2,, n @ () ) B (©)
Log(No. of days + 1) -0.002%  -0.043%**
(0.001)  (0.009)
Log(No. of disasters + 1) -0.015%%F  -0.156%**
(0.004)  (0.032)
I(No. of disasters > 0) -0.013%**  -0.133%**
(0.004)  (0.031)
Age x
Log(No. of days + 1) 0.001%**
(0.000)
Log(No. of disasters + 1) 0.0027%+*
(0.000)
I(No. of disasters > 0) 0.0027%**
(0.000)
Control variables (Incl. Age in levels) v v v v v v
County Fixed Effects v v v v v v
Survival Horizon Fixed Effects v v v v v v
Adjusted R-squared 0.2438 0.2441 0.2358 0.2361 0.2358 0.2360
No. of Observations 78,917 78,917 78,917 78,917 78,917 78,917
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5. The Effect of Subjective Life Expectancy on Financial Decisions

Table B.2b: Impact of Mass Shootings on Mortality Deviations

This table presents the population weighted regression estimates for the following empirical model:

lf’cﬁt = a+ X;’tﬁ + wNatural Disaster Proxy.., + pI(Arson+ Gun + Murder > 0).; +
pI (Mass Shootings > 0)¢ + pol (Mass Shootings > 0).¢ x I(Arson + Gun + Murder > 0).,
+e + Cac + €yt

1% is the deviations of subjective life expectancy from life-table probabilities. 1, are county fixed
effects, ¢, are survival period fixed effects, and X, is a matrix of control variables as in Table
1.1. Column 1 presents the baseline regression without mass shootings experience. Columns 2—4
present the estimated results for the impact of mass shootings. Column 2 is equivalent to Table
B.2a for controls, and columns 3—4 estimate it with a stricter requirement with individual fixed
effects. These estimates are presented for respondents whose age is between 50 and 85, *#* ** *

denote 1, 5, and 10 percent significance. All standard errors are robust and clustered at the state

level.
Dep. Var.: Zﬁc’t (1) (2) (3) (4)
I(Arson+Gun+Murder > 0) -0.0170 -0.0171 0.0013 0.0012
(0.015) (0.015) (0.007)  (0.007)
I(Mass Shootings> 0) -0.0262%** -0.0220%**
(0.008) (0.004)
I(Arson+Gun+Murder > 0) x I(Mass Shootings > 0) 0.0299%** 0.0280%**
(0.008) (0.008)
I(No. of disasters > 0) -0.1088***  -0.1090*** -0.0782%** -(.0784%**
(0.034) (0.034) (0.027)  (0.027)
Age x
I(No. of disasters > 0) 0.0016***  0.0016***  0.0011***  0.0011***
(0.000) (0.000) (0.000) (0.000)
Control variables (Incl. Age in levels) v v v v
Individual Fixed Effects X X v v
County Fixed Effects v v X X
Survival Horizon Fixed Effects v v v v
Adjusted R-squared 0.2438 0.2441 0.5523 0.5523
No. of Observations 78,917 78,917 78,917 78,917
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6. Conclusion

Table B.3: Impact of Natural Disasters on Optimists and Pessimists

This table presents the impact of natural disasters on optimists (defined as positive [¢ before the
natural disaster) and on pessimists (defined as negative [¢ before the natural disaster.) {4 is the
deviations of subjective life expectancy from life-table probabilities. 1. are county fixed effects, (,
are survival period fixed effects, and X, is a matrix of control variables as in Table 1.1. These
estimates are presented for respondents whose age is between 50 and 85, *** ** * denote 1, 5,

and 10 percent significance. All standard errors are robust and clustered at the state level.

Dep. Var.: Zf{at (1) (2) (3) (4)
Optimists Pessimists
I(No. of disasters > 0) -0.0132%**  -0.0148*** -0.0034 -0.0042
(0.004) (0.004) (0.014) (0.014)
Control variables (Incl. Age in levels) Yes Yes Yes Yes
State Fixed Effects No Yes No Yes
County Fixed Effects Yes No Yes No
Survival Horizon Fixed Effects Yes Yes Yes Yes
No. of Observations 44,761 44,761 34,156 34,156
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5. The Effect of Subjective Life Expectancy on Financial Decisions

Table B.4: Impact of Natural Disasters on Risky-asset share

This table presents the population weighted regression estimates of the impact of natural disasters
and 1% on risky asset share. w; ., is the share of equity and debt holdings in financial assets. (¢ is
the deviations of subjective life expectancy from life-table probabilities. 1. are county fixed effects,
(5 are survival period fixed effects, and X, ; is a matrix of control variables that control for age,
wealth, health, demography and other charactersitics as in Table 1.1. The coefficients of interest
are 1,00 and ;. &; measures the impact on risky share when there is a natural disaster and %

Wi et = 1/)0-1-@—H9t+Xgﬁc’tﬂ+5olﬁc’t+5llgc_’t x I(Experience > 0).;+pl (Experience > 0)c ¢ +€; .t
These estimates are presented for respondents whose age is between 50 and 85, *** ** * denote
1, 5, and 10 percent significance. All standard errors are robust. The standard errors are clustered

at the state level when county fixed effects are used.

Dep. Var.: w;; (1) (2) (3) (4)
I(No. Disaster > 0) -0.0129%** -0.0008 -0.0020
(0.004) (0.004) (0.004)
I 0.0156%**  0.0156™**  (0.0184***
(0.005) (0.005) (0.005)
1¢x I(No. Disaster > 0) -0.0274%*
(0.014)
Age controls Yes Yes Yes Yes
Wealth controls Yes Yes Yes Yes
Health controls Yes Yes Yes Yes
Demography + Family Controls Yes Yes Yes Yes
Survival Period FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
No. of observations 78917 78,917 78917 78917
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6. Conclusion

Table B.5: Impact of Natural Disasters on Risky-asset Share by Optimism Quartiles

This table presents the impact of natural disasters, mortality deviations, {4, on risky-asset share by
quartiles of optimism. [? is the deviations of subjective life expectancy from life-table probabilities.
1. are county fixed effects, (, are survival period fixed effects, and X, is a matrix of control

variables that control for age, wealth, health, demography and other charactersitics as in Table

1.1. These estimates are presented for respondents whose age is between 50 and 85, *** ** *
denote 1, 5, and 10 percent significance. Robust standard errors in parenthesis.
Dep. Var.: w;, (1) (2) (3) (4)
I(No. Disaster > 0) -0.0129%** -0.0008 0.0093
(0.004) (0.004)  (0.007)
ld
<—0.15
(—0.15,0] 0.0018 0.0019 0.0031
(0.003)  (0.003)  (0.003)
(0,0.20] 0.0074***  0.0074***  0.0089***
(0.003)  (0.003)  (0.003)
> 0.20 0.0117*%**  0.0118***  (0.0137***

(0.004)  (0.004)  (0.004)
%% I(No. Disaster > 0)

< —0.15
(—0.15,0] -0.0123
(0.011)
(0,0.20] -0.0144**
(0.007)
> 0.20 -0.0210%*
(0.011)
Age controls Yes Yes Yes Yes
Wealth controls Yes Yes Yes Yes
Health controls Yes Yes Yes Yes
Demography + Family Controls Yes Yes Yes Yes
Survival Period FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
No. of observations 78,917 78,917 78,917 78,917
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5. The Effect of Subjective Life Expectancy on Financial Decisions

Table B.6: Lifetime disaster experience and risky asset share

This table presents the regression estimates of a lifetime of disaster experiences on risky asset
share. The graph below illustrates the weighting function for a respondent who is 50 years old.

wip =+ BNy p(A) + w(Nie () X 1) + 818, + Xip + 0; + i

age—1 A
i —k
Nt = Y miulk,A) x SHOCK; 1 kia(k, ) = age(,‘fg_el'*t )
k=1 vt (ageir —k)A

wj .+ is the share of equity and debt holdings in the financial assets. 1 is the deviations of subjective
life expectancy from life-table probabilities. 1. are county fixed effects, (, are survival period fixed
effects, and X ; is a matrix of control variables that control for age, wealth, health, demography
and other charactersitics as in Table 1.1. These estimates are presented for respondents whose age
is between 50 and 85, *** ** * denote 1, 5, and 10 percent significance. Robust standard errors

in parenthesis.

Dep. Var.: w;; (1) (2) (3)

A (weighting parameter) 1.8332*%**  1.83 1.83
(0.270) [fixed] [fixed|

Ié] -0.1670%**  -0.0478***  -(.0422%**

(0.015) (0.016) (0.016)

w -0.0930%F%  -0.0890%**  -0.1149%**
(0.049) (0.048) (0.047)

Demographic Controls Yes Yes Yes
Wealth Controls Yes Yes Yes
Year Dummies No Yes Yes
Age Dummies No No Yes
R-squared 0.08 0.08 0.08
No. of observations 78,917 78,917 78,917

Example for \: Age = 50

Weights
0.04 0.06 0.08
| | |

0.02
|

0.00
|

Number of years to the past
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6. Conclusion

Table B.7: Mortality Deviations and Financial Return Expectations

This table presents the correlation between life expectancy deviations and the likelihood respondents
think that Mutual Funds (such as the Dow Jones Industrial Average) will go up the following
year. These statistics are reported only for a subset of respondents for whom these questions were
asked. Column (1) in this table reports the average reported likelihood across the four quartiles of
life expectancy deviations (in rows). Column (3) estimates the statistical difference in reported
likelihood as agents become more optimistic about life expectancy. Columns (4-5) report the

confidence intervals.

Correlations between Mortality Deviations and Financial Return Expectations

17 Quartiles Summary Statistics Regression Estimates
Mean N Estimate 95% confidence interval

1) @) 3 @ (5)
< -19% 38.55 8,340 [omitted]
-18.99% to 0 44.25 7,802 5.09%** 4.01 6.17
0.01% to 19% 48.21 8,223 8.63%** 7.56 9.69
> 19% 50.67 8,454 11.48%**  10.40 12.56
Mean Dep. Var. 41.14%

Table B.8: Model Parameters: Baseline

This table presents the parameter values in the baseline model.

Parameter Value
Risk aversion (p) 5
Discount factor (/3) 0.98
Risk-free return (R”) 2%
Equity premium (R — RY) 4%
Retirement age (T7) 65
Correlation between equities and permanent income

Before retirement 0.10

After retirement 0
Maximum age (7") 100
Pessimism factor (7) 0.00
Correlation across expectations () 0.00
Uncertain income in retirement Yes
Bequest Motive No
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Table B.9: Pre- and post- retirement effects of mortality, and dispositional pessimism

Panel (A) presents the differences in consumption, savings and risky share from the baseline for various levels of pessimism before and after retirement.
Panel (B) presents the same table with the strength of the bequest motive set to 2.5.

Panel A: Deviations from baseline, without bequests

Average before retirement, Pessimism Range Average after retirement, Pessimism Range
4%  12% 28%  44%  60%  64% 4% 12% 28%  44%  60%  64%

Consumption

Units: Percent Difference from baseline
Mortality Pessimist 0.06 0.71 0.99 1.75 3.05 2.44 -0.24 -059 -3.09 -4.15 -510 -7.08
Dispositional Pessimist -0.63 -1.28 -3.31 -4.46 -4.74 -5.48 -1.72 476 -11.35 -15.21 -18.09 -20.07

Savings

Units: Percent Difference from baseline
Mortality Pessimist -0.90 -1.77 -4.43 -6.60 -7.74 -9.25 -1.94  -4.57 -12.02 -17.87 -2291 -25.13
Dispositional Pessimist -1.94 -4.85 -11.23 -16.66 -20.72 -22.36 -3.99 -10.29 -23.13 -3247 -39.74 -41.84

Risky share

Units: Percentage Points from baseline
Mortality Pessimist 0.16 0.33 0.58 0.94 1.12 1.28 0.56 1.32 3.20 5.47 7.86 8.32
Dispositional Pessimist -1.18 -3.91 -10.68 -20.87 -39.69 -46.54 -0.79  -282 -7.07 -11.90 -17.75 -19.50

Panel B: Deviations from baseline, with bequests

Average before retirement, Pessimism Range Average after retirement, Pessimism Range
4%  12% 28%  44%  60%  64% 4% 12% 2%  44%  60%  64%

SU01S199(] DOUDUL U0 fiounioadxsy 2fi 201202Lqng Jo 30257 2y ¢

Consumption

Units: Percent Difference from baseline
Mortality Pessimist -0.53 -0.42 0.53 1.03 1.28 2.04 -243  -452 -524 -6.83 -936 -9.16
Dispositional Pessimist 0.09 -1.27 -2.64 -4.31 -5.59 -5.43 -1.44  -588 -11.26 -16.18 -20.12 -20.25

Savings

Units: Percent Difference from baseline
Mortality Pessimist -1.28 -2.90 -5.05 -7.37 -9.87 -9.82 -3.14  -770 -13.54 -19.25 -24.97 -25.68
Dispositional Pessimist -0.84 -4.58 -10.39 -16.42 -21.55 -22.20 -3.21 -10.73 -22.28 -31.80 -39.18 -40.27

Risky share

Units: Percentage Points from baseline

Mortality Pessimist 0.06 0.17 0.53 0.76 1.07 1.11 0.09 0.31 0.81 1.12 1.35 1.33



6. Conclusion

Figure B.la: Unconditional Relationship Between Mortality Deviations and
Risky-asset Share

This figure presents a scatter-plot of the average risky-asset share (y-axis) held by individuals in
the Health and Retirement Study at each level of mortality deviation (x-axis). Mortality deviations
are measured as the difference between the subjective life expectancy and life-table equivalents.
Positive deviations denote “optimism”, and negative deviations denote “pessimism” relative to
life-table estimates.

100
|
[0}
o
[¢)

Average Risky—asset share (%)

Mortality Deviations (Percentage Points)
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5. The Effect of Subjective Life Expectancy on Financial Decisions

Figure B.1b: Share of Aggregate Liquid Financial Wealth Across Age-groups

This figure presents the share of aggregate liquid financial wealth amongst households in the
United States by different age-categories. The data is from the 2013 Survey of Consumer Finances.
Liquid assets are defined as the sum of total value of directly held pooled investment funds,
deposits (in various accounts and certificate of deposits), total value of savings bonds, total value
of directly held stocks and bonds, other financial and managed assets, and cash value of whole life
insurance. This measure does not include the total value of quasi-liquid assets (IRAs, Keoghs,

thrift-type accounts, and future and current account-type pensions).

HRS Sample

Share of total liquid wealth across all households (%)

<25 [25,30) [30,40) [40,50) [50,60) [60,70) [70,80) [80,90) >=90

Age categories
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6. Conclusion

Figure B.2: Subjective vs. Life-table probabilities

This figure presents six panels of comparison between subjective and life table probabilities. Each
panel is different in the survival horizon, i.e., the difference between the target age and current
age of the respondent. Across all survival horizons, the dark blue line represents the subjective
probability and the line in teal refer to the corresponding life-table probabilities from the Vital
Statistics Tables.
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5. The Effect of Subjective Life Expectancy on Financial Decisions

Figure B.3: Effects of Natural Disasters by Age

This figure plots the average marginal effects of experiencing a natural disaster across different

ages from Column (6) of Table B.2a. Standard errors are computed using the delta method and

the empirical specification is evaluated at different age points, 50, 55, 60 and so on.
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6. Conclusion

Figure B.4: Life-cycle profile for College Graduates

This figure plots the model generated optimal paths for consumption (Row 1), savings (Row
2) and portfolio share in risky assets (Row 3) for a mortality pessimist (Column 1) and
a dispositional pessimist (Column 2). Units: thousands of 2010 US dollars (Rows 1 and
2) and percentage points (Row 3). The dark line is the baseline optimal path and the
dotted lines are at various levels of pessimism, 7 at which the life-cycle model was estimated.
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5. The Effect of Subjective Life Expectancy on Financial Decisions
1 Appendix Tables and Figures

Table 1.1: Correlates of Subjective Life Expectancy

This table presents the baseline state-county fixed effects regression specification. All variables

reported are used as control variables in all subsequent analyses presented in this paper.

Coefficient Standard error

Age 0.006%* (0.003)
Age-Squared 0.001*** (0.000)
Wealth Bins
43,000 — 141,400 0.001 (0.004)
141,401 — 372,000 0.006 (0.005)
> 372,000 0,012 (0.005)
Log(Out of Pocket Medical Expenditure + 1)  -0.001*** (0.000)
Self-reported Health Status
Very good -0.056%** (0.005)
Good L0.121%% (0.004)
Fair 0,181+ (0.006)
Poor -0.223%%* (0.010)
Cognitive Skills (Backward Counting)
Correct (1st try / 2nd try) 0.033** (0.015)
Race: Black/African American 0.043%3* (0.006)
Gender: Female -0.0687*** (0.005)
Parents:
I(Mother lives currently) 0.031#+** (0.006)
I(Mother lives currently) x Gender: Female 0.033%** (0.008)
I(Father lives currently) 0.066*** (0.008)
I[(Father lives currently) x Gender: Female -0.033*** (0.011)
Education Qualification:
GED -0.002 (0.007)
High-school graduate 0.007 (0.005)
Some college 0.022%** (0.006)
Marriage Status:
I(Married) 0.0023 (0.011)
I(Divorced at least once) 0.011%** (0.003)
I(Widowed at least once) -0.009** (0.003)
County Fixed Effects Yes
Survival Horizon Fixed Effects Yes
Adjusted R-squared 0.2685
No. of Observations 78,917

Hkk X * denote 1, 5 and 10 percent significance
Robust Standard Errors Clustered at the State Level
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1. Appendix Tables and Figures

Table 1.2: Impact of Extreme Natural Disasters on Mortality Deviations: Percent
Deviations

percent(1¢,,) = a + X;,tﬁ + wNatural Disaster Proxy, ; + ¥c + (o + €t

iyeot
(1) (2) (3) (4) () (6)
Log(No. of days + 1) -0.0033*  -0.0908***
(0.002) (0.033)
Log(No. of disasters + 1) -0.0225%  -0.2982%**
(0.012)  (0.102)
I(No. of disasters > 0) -0.0275%%  -(.2822%**
(0.013) (0.095)
Age X
Log(No. of days + 1) 0.0013%***
(0.000)
Log(No. of disasters + 1) 0.0041%+*
(0.001)
I(No. of disasters > 0) 0.0039***
(0.001)
Control variables (Incl. Age in levels) v v v v v v
County Fixed Effects v v v v v v
Survival Horizon Fixed Effects v v v v v v
Adjusted R-squared 0.1873 0.1867 0.1832 0.1839 0.1863 0.1782
No. of Observations 78,017 78017 78917 78917 78917 78917

kK * denote 1, 5 and 10 percent significance
Robust Standard Errors, Clustered at the State Level
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5. The Effect of Subjective Life Expectancy on Financial Decisions

Table 1.3: Impact of Mass Shootings on Mortality Deviations: Percent Deviations

percent(lf’cyt) = a+ X;_’tﬁ + wNatural Disaster Proxy, , + pI(Arson+ Gun + Murder > 0).; +
pI (Mass Shootings > 0).; + o (Mass Shootings > 0).,; x I(Arson + Gun + Murder > 0).
+the + Co + €ict

(1) (2) ®3) (4)
I(Arson+Gun+Murder > 0) -0.0260 -0.0266 -0.0019 -0.0022
(0.041)  (0.041)  (0.022)  (0.022)
I(Mass Shootings > 0) -0.0766%** -0.0432%**
(0.009) (0.010)
I(Arson+Gun+Murder > 0) x I[(Mass Shootings > 0) 0.09971%** 0.0643***
(0.039) (0.028)
I(No. of disasters > 0) -0.2316%**%  -0.2323*FF  _0.2471%F%  -(0.2480%**
(0.101) (0.101) (0.110) (0.110)
Age x
I(No. of disasters > 0) 0.0034FF% 0.0034***  0.0035***  (0.0035%**
(0.001)  (0.001)  (0.002)  (0.002)
Control variables (Incl. Age in levels) v v v v
Individual Fixed Effects X X v v
State Fixed Effects v v X X
Survival Horizon Fixed Effects v v v v
Adjusted R-squared 0.2438 0.2441 0.5523 0.5523
No. of Observations 78,917 78,917 78,917 78,917

*hkHF*k ¥ denote 1, 5 and 10 percent significance
Robust Standard Errors (Columns 3,4, Clustered at the State Level)
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1. Appendix Tables and Figures

Table 1.4: Placebo Analysis: Impact of Natural Disasters on Mortality Deviations

l;i,qt =a+ Xi,,t,b’ + wNatural Disaster Proxy, ;.1 + %c + (o + €ict

) (2) (3)
Log(No. of days + 1) 0.0002
(0.001)
Log(No. of disasters + 1) 0.0046
(0.004)
I(No. of disasters > 0) 0.0018
(0.004)
Control variables (Incl. Age in levels) v v v
State Fixed Effects v v v
Survival Horizon Fixed Effects v v v
Adjusted R-squared 0.1873 0.1867 0.1832
No. of Observations 57,252 57,252 57,252

HoHk Rk K denote 1, 5 and 10 percent significance

Robust Standard Errors

Table 1.5: Robustness: Spatial Effects of Natural Disasters on Mortality Deviations

lgc7t =a+ X;,tﬁ + wTreatment. 141 + Ve + (o + €50t

(1) (2) (3) (4)
I(No. of disasters > 0) -0.0101** -0.0072* -0.0612* -0.0512*
(0.005) (0.004)  (0.037)  (0.029)
-2.1042 -1.8462  -1.6630  -1.7902
Age x
I(No. of disasters > 0) 0.0008*  0.0007*
(0.001)  (0.000)
1.6000 1.7500
Control variables (Incl. Age in levels) Yes Yes Yes Yes
County Fixed Effects Yes No Yes No
State Fixed Effects No Yes No Yes
Survival Horizon Fixed Effects Yes Yes Yes Yes
Adjusted R-squared 0.2477 0.2477 0.2477 0.2477
No. of Observations 26,955 26,955 26,955 26,955

Robust Standard Errors
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Table 1.6: Impact of Mass Shootings on Risky-asset Share

This table presents the population weighted regression estimates of the impact of mass shootings and (¢ on risky asset share. The coefficients of interest

are 1,00 and 1. 0, measures the impact on risky share when there is a natural disaster and a change in ¢ is observed.

Wiet = Ye + (o + 0 + X;’C’tﬂ + 5olﬁc’t + 5112-1’” x I(Experience > 0).+ + pd (Experience > 0)c ¢ + € ¢t

B @) 3) @ © © ™ ®)
14 0.020%**  0.018%** 0.014***  0.012** 0.024* 0.023  0.017 0.016
(0.005)  (0.004)  (0.004)  (0.005) (0.013)  (0.013) (0.013)  (0.013)
I(No. Disaster > 0) -0.014%F*  -0.002 -0.010%%*  0.001 -0.014*** _0.002  -0.011*** 0.001
(0.004) (0.004) (0.004) (0.004)  (0.004) (0.004) (0.004) (0.004)
19 x 1(No. Disaster > 0) -0.033**  -0.027**  -0.029%*  -0.023* -0.032**  -0.026* -0.028*%*  -0.022
(0.014)  (0.014)  (0.014)  (0.014) (0.014)  (0.014) (0.014)  (0.014)
I(Arson + Gun + Murder > 0) 0.012 0.008  -0.024* -0.024*
(0.008) (0.008) (0.015) (0.015)
I(Mass Shootings > 0) -0.003 0.007  -0.044 -0.030
(0.040) (0.040) (0.044) (0.044)
14 x 1(Arson + Gun + Murder > 0) -0.005 -0.007  -0.005 -0.005
(0.013)  (0.014) (0.014)  (0.013)
14 x T(Mass Shootings > 0) -0.047 -0.032  -0.039 -0.025
(0.133) (0.133)  (0.046) (0.134)
I(Arson + Gun + Murder > 0) x I(Mass Shootings > 0) 0.018 0.018  0.039 0.045
(0.043)  (0.043) (0.134)  (0.047)
19 x I(Arson + Gun + Murder > 0) x I(Mass Shootings > 0) 0.177 0.160  0.180 0.164
(0.140)  (0.140) (0.141)  (0.141)
Age Controls Yes Yes Yes Yes Yes Yes Yes Yes
Wealth Controls Yes Yes Yes Yes Yes Yes Yes Yes
Health Controls Yes Yes Yes Yes Yes Yes Yes Yes
Demography + Family Controls Yes Yes Yes Yes Yes Yes Yes Yes
Survival Period Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
State Fixed Effects Yes Yes No No Yes Yes No No
County Fixed Effects No No Yes Yes No No Yes Yes
Time Fixed Effects No Yes No Yes No Yes No Yes
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1. Appendix Tables and Figures

Figure 1.1: Estimates of age-wise pessimism profile: 7

This figure presents the age-wise optimism profile estimates from the regression specification in
Table B.2a. Standard errors are computed using the delta method. Estimates for ages 20-50 and
96-100 are extrapolated from an empirical model that uses data only for individuals between 50 and
96 as the Health and Retirement Study covers individuals over 50, and do not have observations

of individuals over 96.
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5. The Effect of Subjective Life Expectancy on Financial Decisions

Figure 1.2: Identification Strategy for Neighbourhood effects
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Life-cycle profile for College Graduates With Bequest Motive

Figure 1.3
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5. The Effect of Subjective Life Expectancy on Financial Decisions

2 Data description

Health and Retirement Study

The main data source for this paper is the Health and Retirement Study (HRS),
a biennial panel survey since 1992 in the United States with individuals aged 50
and over, and contains 11 waves of data spanning two decades (till 2012).22 A
consolidated panel dataset created by RAND using the raw questions from each
wave of the HRS is used for analysis. While the most comprehensive empirical
exercise could potentially use all eleven waves of the HRS data, there have been
some changes to the questions on subjective life expectancy over time. These
questions are fully consistent since 1996 and hence for all analyses presented the
first few waves of study are not utilised.

Regarding mortality expectation, the question in the HRS is framed as the
expected probability of living till age y. If a respondent is aged a and a < 65,
the HRS poses the following question: “What is the percent chance that you will
live to be 75 or more?”. When a respondent is at least sixty-five years old, to
accommodate older respondents, the question asks the probability of living to an
age from 80 to 100 depending on the respondent’s age: “What is the percent chance
that you will live to be [80 (if 656 <= a <= 69) / 85 (if 70 <= a <= 74) / 90 (if
h<=a<=179) /95 (if 80 <=a <= 84) / 100 (if 85 <= a <= 89)]?” Notationally,
the question posed is the probability that a respondent will live till age y (the
target age) conditional on being age a, i.e., Pr(a + x|a) where © = y — a. The
incremental number of years of life expected in the question posed to respondents
(z) is effectively a function of their current age (henceforth known as the Survival
Period). The survey also records information about health, family structure, health
care costs, income (including pensions or annuities), assets, housing, job status
(and history), and health insurance. All other important observed characteristics

used in this paper primarily come from modules on income, assets, cognition, and

22Geveral research work use this data. For a comprehensive overview of the data, refer to the
user guides at http://goo.gl/m0ZA38, especially, Sonnega (2015)
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2. Data description

expectations. Since some of these variables are only available at the household level,
this paper uses only the primary respondents (and not their spouses) for analysis.

Table 2.1 presents summary statistics for the respondents under study. Of those
in the age group 50-56, nearly 47 percent of the sample are men, although this
attenuates to 40 percent for the 76-85 age group. The life expectancy of Blacks
and others (Hispanic and Asians) are lower than that of Whites, leading to an
attenuation in the sample from 9.5 percent (age group 50-56) to 5.8 percent (age
group 76-85) for Blacks and 6.1 percent to 2 percent for Hispanics and Asians for
the same age groups. This paper does not study individuals older than 85 as a
large proportion of them use proxies for completing the survey.

Decline in cognitive functioning and onset of cognitive impairment pose se-
rious challenges to survey design especially with questions on expectations and
probabilities. Any assessment of the role such subjective expectations play on
economic decisions will have to control for the cognitive ability to answer such
survey questions. Using survey questions on cognition, a summary score of cognitive
capabilities developed in Herzog and Wallace (1997) is deployed to control for
cognitive impairment. To a large extent, individuals score highly on the cognitive
measures and are fairly in control of their cognitive skills even when over 76 years
old. That said, the onset and decline of cognitive capabilities after age 76 is captured
by a decline in the score developed by Herzog and Wallace (1997).

Risky share is defined as the fraction of all financial assets directly held in
Stocks, Mutual Funds and Investment Trusts and non-governmental Bonds and
Bond Funds.?® On average, the middle-aged cohort (50-56) have 10 percent of their
assets in IRA/Keogh Accounts, and this diminishes to about 6 percent for the very
old. The fraction of investments in stocks, funds and trust, however, does not decline
and remains stable around 6.5 percent of total assets (financial and non-financial) of

the individual. In an alternate measure of risky share that includes IRA and Keogh

23This definition is the same as in studies such as Brunnermeier and Nagel (2008) and Puri and
Robinson (2007) but different from Badarinza, Campbell and Ramadorai (2016) as it is difficult in
the HRS to assume that values in the IRA and Keogh Accounts are not primarily in money-market
and treasury bonds.
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Table 2.1: Summary Statistics: Demography, Cognition, Assets and Bequest

Age distribution

50-56  57-61 62-68 69-75  76-85
Demography
Male (fraction) 0.469 0.462 0.457 0.445 0.402
Race (fraction):
Black 0.095 0.091 0.085 0.071 0.054
White 0.844 0.863 0.872 0.900 0.926
Other 0.061 0.045 0.042 0.028 0.020
Cognition (fraction)
Poor (0-10 points) 0.004 0.005 0.010 0.003 0.033
Fair (11-20 points) 0.193 0.192 0.251 0.143  0.409
Good (21 - 35 points) 0.803 0.804 0.739 0.854 0.559
Wealth
Share of Total Assets (average)
Risky Financial Assets
Stocks, Funds, Trusts 0.064 0.062 0.064 0.065 0.082
Non-government Bond and Bond Funds 0.006  0.005 0.007 0.008 0.011
IRA /Keogh Accounts 0.104 0.121 0.121  0.101  0.059
Non-Risky Financial Assets
CDs, T-Bills, Checking, MM accounts 0.104 0.104 0.114 0.126  0.181
Housing and Real Estate
Primary residence 0.398 0.377 0401 0362 0.337
Real Estate 0.029 0.029 0.031 0.026 0.016
Net Wealth (fraction)
0 - 50,000 0.245 0.213 0.190 0.183 0.214
50,001 - 100,000 0.143 0.123 0.108 0.111 0.121
100,001 - 500,000 0.419 0.426 0.412 0.431 0.435
500,001 - 1,000,000 0.109 0.137 0.163 0.153  0.130
> 1,000,000 0.084 0.101 0.127 0.122 0.101
Share of Financial Assets (average)
Risky Assets 0.423  0.450 0.448 0.411 0.325
Bequest Motive (fraction)
Prob(Any bequest at all) > 0 0.880 0.869 0.840 0.822 0.877
Prob(Bequest > 10,000 US dollars) > 0 0.822 0.812 0.778 0.747 0.821
Prob(Bequest > 100,000 US dollars) > 0 0.733 0.722 0.647 0.581 0.742
No. of Observations: Total respondents 33,227 29,859 24,840 30,458 27,577

Notes: This table reports the summary statistics for respondents in the Health and Retirement
Study (HRS) for all waves from 1992-2012, across five age-groups: 50-56, 57-61, 62-68,69-75 and
76-85. The reported statistics are weighted by the individual sampling weights provided in the
RAND HRS dataset. “(fraction)” denotes the fraction of respondents within each age-bin of the

characteristic reported in rows. “(average)” denotes the mean value of the characteristic reported

in the rows. This table includes all respondents, and not just those who have reported subjective

life expectancy in the survey.
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2. Data description

Account as part of risky assets, there is a reduction in the share as individuals get
older. This however may just be mechanical: TRA and Keogh accounts require
withdrawals after holders turn 70.5. Therefore, this paper uses the share of stocks,
mutual funds, investment trusts and non-governmental bonds and bond funds to
total financial assets as the measure of risky share of an investor’s financial portfolio.

The next few rows in the table present the role of housing, bequest and the
wealth distribution of the population under study. The modal age group is between
55-60 with an average (net) wealth of about 162,000 dollars.?*

Federal Emergency Management Agency (FEMA)

Natural disasters have been utilized as a source of exogenous variation in many
studies. To estimate changes in subjective life expectancy due to exogenous shocks,
I use the spatial information from the HRS and map hand-collected data from
FEMA'’s Disaster Declaration Database at the county level.

The FEMA database dates back to 1953, and documents details for each disaster
declaration including declaration date, begin and end dates for disaster, type of
disaster, and location (state and county) of the disaster. From 1963 through the end
of 2013, a total of 3215 separate disasters were declared across the United States.?

Natural disasters by themselves are exogenous and not under the influence of
any one individual. However, FEMA declarations are themselves not guaranteed
when a disaster occurs and thus introduces concerns of selection. The Stafford
Act? and prior to that the Disaster Relief Act requires that “all requests for a
declaration by the President that a major disaster exists shall be made by the
Governor of the affected State.” Different states in the US have varied propensity

to declare disasters, and thus any study that does not control for this selection

24Wealth is computed as the total net wealth including investments in stocks, bonds, retirement
accounts, primary and secondary housing, net of secured and unsecured loans of the household.
The HRS does not have individual wealth details, but only for the household as a whole. Hence,
this paper only uses the primary respondent and not their spouses in any of the analyses.

ZThe first ten years of this database (till 1963) does not contain county level geographic
classification of disasters. Hence this paper uses disaster declarations since 1963 at the county
level to measure exogenous natural disaster experiences.

26Section 401 of the Stafford Act can be accessed here: https://www.fema.gov/
robert-t-stafford-disaster-relief-and-emergency-assistance-act-public-law-93-288-amended
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5. The Effect of Subjective Life Expectancy on Financial Decisions

process (by including state fixed effects) will pick up additional effects due to
selection issues across states in the US.

In order to be conservative, this paper uses only those disasters that inevitably
require federal assistance. In this study, only those disasters that are least likely in
the FEMA database are used. 2” Disaster declarations for floods, heavy rain, snow
storms and alike are excluded from the analysis. In other words, the identifying
assumption is that disasters such as Hurricane Katrina will always be declared a
disaster under FEMA, and are not influenced unduly by state-level propensities
to seek federal assistance.

Appendix 3 also provides evidence that differences in state propensities on
FEMA declarations with its neighbouring states, although not always statistically
significant, are economically meaningful and large for most states for the range of
disasters used for analysis in this paper. Merging this data with the HRS data at
)28

the county level (using State and County FIPS codes)*®, and identifying effects

within states forms the basis of the empirical analyses.

2TFollowing classification types from the FEMA database are considered: Earthquake, Hurricane,
Severe Ice Storm, Severe storm(s), Tornado, Tsunami, Typhoon, and Volcano.

28The Federal Information Processing Standard (FIPS) code 6 — 4 uniquely identifies counties
and county equivalents in the United States.
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Figure 2.1: All Declared Disasters in the United States

Heatmap of likelihood of Declared Disasters at County Level
(Jan 1963 - Dec 2012)
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Figure 2.2: Extreme Disasters in the United States

Heatmap of likelihood of Extreme Disasters at County Level
(Jan 1963 — Dec 2012)
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2. Data description

Figure 2.1 presents the geographical variation in all disasters declared in the
United States since 1963. The variation in exposure to likelihood of disasters across
counties and states suggests that while disasters may be a regular occurrence for
some of the counties, they are not so regular and “rare” in other counties. Further,
events such as severe ice storms, earthquake, hurricane, tsunami, typhoon and
volcanoes are truly exogenous and do not occur often in the past — their prevalence
is less likely as can be seen in Figure 2.2. These are referred to as extreme disasters
and are used as disaster shocks in the paper.

The top left panel of Figure 2.3 plots the frequency with which extreme disasters
occurred in the United States. Nearly every wave has been preceded by a large
number of disasters, thus providing ample variation for the purposes of this study.
The top right panel plots the distribution of extreme disasters by its type. Hurricanes
are a lot more common than Typhoons though much less common than other

declared emergencies such as heavy rainfall, and forest fires.
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Figure 2.3: Summary Statistics: Disaster Declarations in the United States

Frequency of Declared Disasters (County x Disasters)

Type (County x Disasters)
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2. Data description

The frequency of disasters (or its probability of occurrence) experienced may

affect individual expectations. The bottom left panel of Figure 2.3 plots the
histogram of the number of counties that have experienced different disaster
frequencies. A large proportion of counties in the United States have experienced
less than 5 extreme disasters since 1963, whereas some counties have had nearly 16
extreme disasters in its history. The severity of such disasters (measured by the total
federal financing received for recovery) have increased over time (bottom left panel).
Stanford Mass Shootings Database (MSA)
Mass shootings in the United States is another example of well identified shocks
that have very low base rate of mortality. This additional measure of exogenous
shock is important in a few ways. Unlike natural disasters, the long-run mortality
implications of such shocks are non-existent.??” While gun violence are directly related
to prevailing socio-economic sentiments, to the extent shootings are identifiably not
gang or drug related, and the motive is indiscriminate killing, they are exogenous
at the level of an individual. This measure exogenous experience does not suffer
from selection problems as in the case of FEMA disaster declarations.?

The Stanford Mass Shootings Data (MSA) puts together a repository for any
event where there are three or more victims (not necessarily fatal and not including
the shooter) unrelated to drugs or gang rivalry, thus enabling this study to assess the
impact of a “man-made” but exogenous disaster on subjective mortality expectations.
Only those events that are classified as “Mass Shooting”, “Mass Murder” and “Spree
Killing” in the database are used in this paper for identification.?® I have hand-

collected the county information for every reported mass shooting in the Stanford

29The long-run mortality of a mass-shooting is non-existent. However, another potential channel
that may affect mortality expectations is an expected increase in such incidents, which is beyond
the scope of measurement.

39A minority of U.S. states have bans on a category of guns, i.e., “assault weapons”. However,
there are no restrictions on travel for those who own guns and most mass shootings occur in locations
different from where these guns are purchased. For recent work, refer to the New York Times
article by Gregor Aisch and Josh Keller dated November 13, 2015 at http://goo.gl/oYqvoX.

31Mass Shooting is where 3 or more people are shot. Usually this is in a single location and
occurs within a single day. Mass Murder is where there are 4 or more fatalities in a single location
within a single day. Spree Killing is defined as cases where 4 or more fatalities occur in multiple
locations within a short span of time and there are no “cooling off period” between shootings. All
these events appear to be indiscriminate (no specific cause from the exact victim) and are not
identified as gang or drug related by the media.
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5. The Effect of Subjective Life Expectancy on Financial Decisions

database, making it possible to merge this with the HRS data at the county level
(using State and County FIPS codes).

Uniform Crime Reporting Program Data

Arguably, an important factor to control for is the prevailing level of crime where
respondents in the HRS live. If mass shootings have higher probability of occurrence
in geographies where the base rate of crimes due to violence (defined as arson, gun
related and murder crimes) is high, controlling for crime rates at the county level
becomes important. Since these types of events are also subject to policy solutions
that could vary over time, merely controlling for time-invariant unobservables
through county fixed-effects do not provide the necessary identification. Controlling
for time-varying gun violence across the U.S. allows for better identification of
the impact of mass shootings on subjective life expectancy. This is made possible
through the Uniform Crime Reporting Program Data made available by the Inter-
University Consortium for Political and Social Research (ICPSR) in conjunction
with the Department of Justice.

The Uniform Crime Reporting (UCR) program reports counts of arrests and
offenses at the county level since 1994 (till 2012). Originally, this data is collected
by the Federal Bureau of Investigation (FBI) from reports submitted by agencies
and states participating in the UCR Program. The Inter-University Consortium
for Political and Social Research (ICPSR), (for the Department of Justice) con-
solidate this information in a consistent fashion (along with measures assessing
the extent of coverage in each county) across all counties in the US, every year.3?
Additionally, county-fixed effects allow for controlling other unobserved factors
such as institutional histories, efficiency and administrative track record that vary

across different geographies.

32The details of reporting procedures of crime statistics can be found in the Uniform Crime
Reporting Handbook (Washington, DC: U.S. Government Printing Office, 1980), and in the
codebooks for the ICPSR’s Agency-level UCR data collection available upon request.
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Figure 2.4: Mass Shootings in the USA
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Figure 2.5: Percent of crimes involving Arson, Guns and Murder in the United States

Heatmap of Average Likelihood of Arson, Arms and Murder cases at State—County Level
(1996 - 2012)
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Source: Department of Justice, United States, ICPSR (Various Datasets)
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2. Data description

Mass Shootings in the United States are not concentrated in any one state over
time. Almost every state in the sample has had one mass shooting or the other
where the motive may be influenced by socio-economic and racial beliefs, but the
victims were chosen at random. Each of the cases in the database is documented in
detail to determine whether the victim was random. For instance, on April 6, 2012,
a 19-year old and a 32-year old man went on a shooting spree in Tulsa, Oklahoma,
shooting black men at random. Three men died and two were wounded in this
attack. Similarly, on July 20, 2012, a 24-year old student set off several gas or
smoke canisters at a movie theatre (in Denver, Colorado) before opening fire at the
audience. Figure 2.4 presents a screenshot of the mass shootings database as of 2015:
The number of victims in different locations of the shoot out range from 8 to 70, and
43 percent of the events occur between 1996-2012 — the sample period for this study.

In 2012, 1.2 percent of all reported crimes in the United States were related
to murder. Tennessee being the state with the highest violent crime rate (643.6
per 100,000), has nearly 1 percent of its crimes as murder. The statistical odds
of homicide using a firearm in a given year is 0.4%.3® Figure 2.5 presents the
heat-map of the average likelihood of arson, arms and murder crimes at the county
level in the United States. At its highest (winsorized at 99th percentile), the
reported value is 2.76 percent of all crimes in a county. The variation across
counties (and states) is noteworthy and the likelihood of arson, arms and murder

crimes and mass shootings are low.3*

33CDC, Vital Statistics: http://www.cdc.gov/nchs/data/nvsr/nvsr6é4/nvsré4_02.pdf, ac-
cessed on 22 April, 2016.

347t must also be noted that there is substantial discrepancy between the statistics about
mortality due to firearms from the CDC and reported crimes for homicide using firearms from the
FBI. However, the author does not have disaggregated information at the county level from the
CDC and hence use data from the FBI.
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3 State Propensity to Seek Federal Disaster Dec-
laration

Disasters appear in the FEMA database only if the disaster occuring is officially

declared by the state. In mathematical terms, this would mean:

Pr(Disaster|Declared) Pr(Declared)
Pr(Disaster)

Pr(Declared|Disaster) = (C.0)

When a disaster is declared, it is assumed that it is indeed a disaster. Therefore,

Pr(Disaster|Declared) = 1. Then, the conditional likelihood becomes:

Pr(Declared)

Pr(Declared|Disaster) = Pr(Disaster)
r(Disaster

(C.1)

In this section, I estimate the propensity for states to declare a disaster. This
is important because the true likelihood of a disaster is determined by both the
likelihood of the disaster occurring and the propensity for states to declare it to
be a disaster. If the propensity to declare a disaster is similar across states, then
we can deduce that the FEMA database is a good proxy for the true set of natural

disasters that have occurred in the United States.

Estimating State-wise Marginal Propensities to Declare a Disaster
Natural disasters do not care about political boundaries. Assuming that the
differences in propensities between two contiguous counties across different states
at the borders are due to variation in state propensities to declare a disaster, I
estimate the extent of differences in the likelihood of a disaster being declared
because of variations in state propensities.

For example, Florida has two neighbouring states, Alabama and Georgia. In
Florida, there are six counties bordering Alabama and nine counties bordering
Georgia. Let D = 1 for these 15 counties and D = 0 for the counties in Alabama and

Georgia that border Florida. The disaster dummy I (Disaster > 0).; takes the value 1
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if there was a disaster in any of these counties (¢) at time ¢. So, the regression strategy

for estimating the propensity to declare a disaster in the state of Florida will be:

I(Disaster > 0).; = DT + v + €04 (C.2)

Here, 7 is the estimate of Florida’s (marginal) propensity to declare a disaster
relative to its neighbouring states for counties that share a border with Florida.
Importantly, the identification strategy requires that there be more than one state
with which a state (s) shares its borders, as the estimated 7 cannot be attributed
to the state s if there is only one other state with which it shares its borders.

Using this framework, I now estimate state-wise propensity to declare a disaster

relative to its neighbouring states, all in one regression:

K
I(Disaster > 0); = D7+ 1(S) + 7I(S) x D + A\ + Y _ I(Disaster type,) + €cs

k=1
(C.3)

Equation (C.3) estimates the the propensity for state s choosing to seek
federal assistance, after controlling for potential state level differences in disaster
declaration due to unobserved factors such as alignment of political parties at the
federal and state level, and within different disaster categories in FEMA. 7, is
the estimate of interest.

The variation used to estimate this regression comes from two sources: (1)
Counties within each state; (2) The state boundary with more than one other state
(used as a discontinuity). In this regression, I drop the states of Maine, Alaska
and the island state of Hawaii. Maine shares a border with only one state, i.e.,
New Hampshire and has an international border (Canada). Alaska does not have
any contiguous U.S. State, and Hawaii is an island.

Two important caveats in this estimation strategy are to be noted. Firstly,
estimation of marginal propensities for states assume that states do not collude
while making these decisions to apply for federal assistance. To a large extent

putting in state and time fixed-effects removes this unobserved variation. Secondly,
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Table 3.1: State-level Propensity to Seek Federal Assistance during Natural Disasters

Disaster Type Year FE State FE Year,State FE N
(A) (B) (©€)

(1) Hurricanes -0.012 0.072 0.072 120,816
(0.165)  (0.237)  (0.164)

(2) Tornados 0.008 -0.016 -0.016 120,816
(0.069)  (0.072)  (0.072)

(3) Earthquakes 0.003 0.013 0.013 120,816
(0.022)  (0.019) (0.019)

(4) Severe Ice Storms -0.007 -0.029 -0.029 120,816

(0.107)  (0.115)  (0.112)

disaster in county A in state s; will most likely mean the neighbouring county B in
State sy will also have experienced the disaster may not necessarily be true. At best,
this is an over-estimation of the marginal state propensity to declare a disaster, and

hence the results obtained are the lower-bound of the true effect.
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Figure 3.1: Variation in State-level Propensity to Seek Federal Assistance during disasters
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5. The Effect of Subjective Life Expectancy on Financial Decisions

Table 3.1 presents the results across all states. Each estimated coefficient is the
overall propensity to declare disasters across all states, after controlling for state
level variations and time variations. Column (A) presents the coefficients from a
specification that only contains year fixed-effects, column (B) with state fixed effects
and column (C) with both state and year fixed effects. Across all four disaster
types used in the paper (rows 1 — 4), the overall propensity to declare disasters is
small and statistically insignificant. However, this masks the heterogeneity across
different states. Figure 3.1 presents the marginal state propensities to declare
disasters compared to its neighbouring states. Only six of the states have estimates
that are positive and statistically significant, and the marginal propensities are
reasonably large relative to their neighbouring states. This suggests that using

FEMA declarations require explicit controls for this additional source of variation.
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4 Updates according to Bayes’ rule

Despite the press given to natural disasters and mass shootings, their contribution
to U.S mortality is 0.06 percent for both natural disasters and mass shootings
(Goklany, 2009).35 In relative terms, mortality risks due to natural disasters or gun
violence are nearly 120 times lower than health risks and unintentional injuries.?
These events provide a good setting to measure the impact of a marginal change in
disaster occurrence on mortality expectations as changes in base rate of mortality
risk due to such events are low (or even negative).3”

A comparison of the effect size to the actual mortality risk posed by such events
provide for a meaningful benchmark of the extent of miscalibration with the impact
of an extreme event. Although the general trend has been one of decline in the
likelihood of death due to natural disasters and gun violence, Bayesian updating
provides a useful benchmark for this analysis, that is, the effect of a disaster on

the probability of death by future disasters. The probability of death in county

c at time t 4+ 1 is governed by Bayes’ rule:

Pr(Disaster. ;11 | Death. ;1) x Pr(Death):q
Pr(Disaster).++1

Pr(Death, ;1 | Disaster. ;1) =
(C4)
Since data on actual mortality due to disasters is unavailable, I estimate the

second-best benchmark under the following assumption.

350.4 percent of all deaths are due to homicide by discharge of firearms (CDC, 2013). Mass
shootings constitute a significantly smaller proportion of all gun related deaths in the United
States. However, official data do not exist for mass shootings as a separate category. Taking the
total for 2015, at 1430, the probability of death due to mass shooting stands at 0.06 percent.

36Leading causes of death in the United States in 2013 were heart diseases, cancer, respiratory
diseases, stroke and unintentional injuries (CDC, 2013). Unintentional injuries comprise of
transport accidents, falls, accidental discharge of firearms, drowning and submersion, accidental
suffocation and strangulation and other unspecified accidents.

37For instance, changes in mortality risks due to homicide by firearms, for instance, has come
down from 0.45 percent in 2002 to 0.43 percent in 2012, a reduction of about 5 percent (CDC,
2002 and 2012). Arguably, there are substantial variations in this rate over time across different
geographies within the US. I am working towards obtaining the National Longitudinal Mortality
survey to measure these changes at the county level and will be reflected in the subsequent drafts
of this paper.
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Pr(Disaster. ;11 | Death. ;1) ~ Pr(Disaster. ;1) (C.5)

Assumption (C.5) sets the conditional probability of observing a disaster when
deaths are recorded at the unconditional disaster probability for county c. This is
conservative as the unconditional probability is the upper bound of any estimates of
this conditional probability.®® Given this assumption, equation (C.4) is modified as
its natural upper bound, i.e., the unconditional probability of deaths at time
t + 1 in county c.

Therefore, the second-best estimate of the effect of current disaster event on
the probability of death due to a future disaster is the effect of current disaster on
future deaths. To estimate the long-term mortality consequences, using county-level
mortality rate estimates from the Center for Disease Control, I estimate a predictive

regression over different horizons. The estimation strategy is as follows:

K
Yer = e +wp + > il (Disaster > 0)¢k + €y (C.6)
k=1

Y.+ Measures the mortality rate in county c at time ¢, o, are county fixed-effects,
wy are time fixed-effects and the coefficient of interest are the various lags of v;_,
i.e., the coefficient on lags of disasters that have occurred in county c at different
years in the past. The estimation is limited by data availability, as the CDC only
makes data from 1999 to 2014 publicly available at the county level.

Panel (A) in Table 4.1 presents the results for each type of extreme disasters
used in this study. To a large extent, the impact of disaster on mortality rates
into the future is weak and statistically insignificant, except at the first lag, where
the point estimate is 0.2 percent. Panel (B) in Table 4.1 suggests that there is no
discernible pattern to the estimated coefficients across different age categories for

mortality rates, and most point estimates that are significant are negative.?”

38The implicit underlying assumption in this calculation is that disaster occurrences are
independent of one another. That is, Pr(Disaster. ;41 | Disaster. ;) = Pr(Disaster. ;41).

390ne way to consider the negative coefficients is that post-disaster responses to public health
concerns, if anything, reduces mortality rates as opposed to increase them.
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Table 4.1: Future Mortality Expectations Due to Natural Disasters

Panel (A) presents the impact of past disasters such as Hurricanes, Tornadoes, Earthquakes,
Severe Ice Storms, and Severe Storms (in columns) on current mortality rates at the county
level. Data for this regression is from the Centre for Disease Control (CDC) from their county
level mortality files and are from years 1992 - 2012. Panel (B) presents the impact of all natural

disasters across different age-groups.

Panel (A)
Hurricanes Tornados  Earthquakes Severe Severe Storms All
Ice Storms
I(Disaster > 0)
t—1 -0.0001 -0.0114%*%* 0.0028 0.0047 0.0020* 0.0020%**
(0.001) (0.003) (0.012) (0.003) (0.001) (0.001)
t—2 -0.0024 -0.0126**%*  0.0028 0.0045 0.0003 -0.0002
(0.002) (0.004) (0.007) (0.003) (0.001) (0.001)
t—3 -0.0025 -0.0002 0.0068 -0.0002 0.0014 0.0005
(0.002) (0.005) (0.018) (0.003) (0.001) (0.001)
t—4 -0.0014 0.0021 0.0141 -0.0008 -0.0012 -0.0010
(0.002) (0.003) (0.012) (0.002) (0.001) (0.001)
t—5 -0.0010 0.0045 0.0228 -0.0066 -0.0009 -0.0011
(0.002) (0.005) (0.012) (0.005) (0.001) (0.001)
Year fixed effects Yes Yes Yes Yes Yes Yes
State fixed effects Yes Yes Yes Yes Yes Yes
Adjusted R-squared 0.67 0.67 0.67 0.67 0.67 0.67
No. of Observations 45,043 45,043 45,043 45,043 45,043 45,043
Panel (B)
Age Group-wise Mortality Rate
45-54 55-64 65-74  75-84 > 85
I(Disaster > 0)
t—1 -0.0022**  -0.0001 -0.0002 -0.0004** 0.0001
(0.001) (0.000) (0.000) (0.000) (0.000)
t—2 0.0003 -0.0002*** -0.0002 -0.0004** -0.0005**
(0.001) (0.000) (0.000)  (0.000) (0.000)
t—3 -0.0016 -0.0001 -0.0003 -0.0004*  0.0002
(0.001) (0.000) (0.000) (0.000) (0.000)
t—4 0.0014 -0.0003***  -0.0001 0.0001 -0.0002
(0.001) (0.000) (0.000) (0.000) (0.000)
t—>5 0.0005 0.0001 0.0003 -0.0002
(0.001) (0.000) (0.000) (0.000) (0.000)
Year fixed effects Yes Yes Yes Yes Yes
State fixed effects Yes Yes Yes Yes Yes
Adjusted R-squared 0.67 0.67 0.67 0.67 0.67
No. of Observations 45,043 45,043 45,043 45,043 45,043

300



5. The Effect of Subjective Life Expectancy on Financial Decisions

This result suggests that the Bayesian update to mortality expectations due
to a disaster experience is nearly zero. However, the largest magnitude in the
estimates (although statistically insignificant) is 0.4 percent.®® Taking this as the
highest possible Bayesian update, the estimated effect on subjective life expectancy
due to natural disasters (mass shootings) are at least 3 to 5 times higher than the
update suggested by Bayes’ rule. The effect of natural disasters and mass-shootings

on individual subjective life expectancy is large.

AOTnterestingly, a back of the envelope calculation yields similar conservative estimates.
The highest value (across counties) for Pr(Natural Disaster) is 0.16 percent. Estimates of
Pr(Disaster|Death) range from 0.01 percent*! to 0.05 percent (Goklany, 2009). Since the highest
impact is when middle-aged, Pr(Death) for an individual aged 65, in the next year, is about 1.71
percent. On average, the probability of death across the United States has dropped from 0.85
percent in 1999 to 0.82 percent in 2012 and these trends are reflected across all ages.*? Using,
Bayes’ rule, the probability of death due to natural disasters for a 65 year old in the following
year is 0.53 percent. Similarly, mortality risk due to mass shootings is approximately 0.55 percent,
nearly as likely as natural disasters at its highest frequency of occurrence. These estimates use
the likelihood of arson, gun and murder crimes in the US as a proxy for mass shootings.
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5 Indirect Effects of Disasters on Risky-asset Share

In the presence of interaction, i.e., [?x I(Natural Disaster > 0), decomposing the
total effect of natural disasters on risky share into direct and indirect (through
mortality deviations) effects and obtaining confidence intervals for such estimates
require additional statistical tests. Such an interaction is important because the
extent to which (¢ “mediates” may depend on whether individuals experienced
a natural disaster in the first place.

In order to estimate the extent to which the effect of Z on Y is through X, I
appeal to the counterfactual approach to mediation analysis as in VanderWeele
(2015) and Baron and Kenny (1986) and argue that X, or mortality deviations,
mediate effects of natural disasters (Z) on financial decisions (Y).*® While such
approaches are more common in the presence of non-linearities, they are model
agnostic — the methods can also be used for linear models. T use this approach
because it allows for precise estimates of the relative importance of the mortality
deviations channel. Since §; # 0 Table B.4, following Pearl (2012) and Robins
and Greenland (1992) indirect effects, also known as causal mediation effects, for

an individual 7 can be defined as follows:

d;(Natural Disasters) = Y; {Natural Disasters, M;(1)}—Y; {Natural Disasters, M;(0)}

This measures the change in the outcome Y (risky asset share) corresponding
to a change in the mediator M (expectation deviations), from the value that
would be realized had there been no natural disasters, M;(0), to one where natural
disasters are realized, M;(1). Estimates from Section 3 shows that that M;(1)
and M;(0) are different, i.e., natural disasters make individuals who experience
htem more pessimistic. The treatment, experiencing natural disasters, is important
because it allows for studying the extent to which the mediator variable matters

under well identified conditions.

43For a detailed treatment of the econometrics of mediation analysis, see VanderWeele (2015).
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5. The Effect of Subjective Life Expectancy on Financial Decisions

By virtue of randomized experience of natural disasters, only two of the
four traditional assumptions about confounding factors are required for a causal
interpretation.**

The first assumption is that there are no unmeasured factors that affect the
mortality expectations — risky asset share relationship. Factors such as geographic
location, and health status may affect both mortality expectations and share of
risky assets in the financial portfolio. The rich set of characteristics from the
HRS is used to explicitly control for potential confounders of this relationship.
The second assumption is that there are no unobserved factors that affect the
mortality expectations — risky asset share relationship that are also affected by
natural disasters. For example, it may be argued that individuals lose a lot of
wealth during disasters, which may, in turn, reduce investment in risky assets and
therefore enable pessimistic responses to expectations. The HRS, however, covers a
range of questions, including self-assessments of health status, any record of physical
disabilities that may have occurred over time and detailed measures of wealth and
I use them to minimize the extent to which the effects are confounded.

An important property of this approach is that the total effect of natural
disasters on risky behaviour decomposes into the natural direct effect and mediated
effect (Pearl, 2001). Thus, an estimation of this decomposition would allow for the
evaluation of the mediating role played by subjective expectations. The parametric
inference follows a four step procedure. First, I fit the models for observed outcome
and mediator variables (Section 3 and Section 4). Then, I simulate model parameters
from their sampling distribution. I then repeat the following steps for each draw of
model parameters: (a) simulate the potential values of the mediator; (b) simulate the
potential outcomes given the simulated values of the mediator; and (c¢) compute the
quantities of interest. And lastly, I use these simulations to obtain point estimates

as an average of all runs and 95 percent confidence intervals. The procedures

44 Detailed proofs are in Appendix A.2 of VanderWeele (2015). These assumptions also implicitly
assume a temporal ordering of effects: Natural disasters affect subjective expectations before,
directly or indirectly, affecting the risky asset share. For more details see Imai, Keele and Tingley
(2010a) and VanderWeele (2015).
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Table 5.1: Causal Mediation Effect

This table presents the relative importance of the mortality deviations channel for mediating the
impact of exogenous disaster experiences on risky-asset share in the presence of interactions. The
estimates follow VanderWeele (2015) and Imai, Keele and Tingley (2010a).

95% Confidence Interval

Point Estimate Lower-bound Upper-bound

Mediation Effect -0.169 -0.204 -0.096
Direct Effect -1.151 -1.940 -0.353
Proportion Mediated 0.147 0.105 0.272

Sensitivity analysis
Rho at which Mediation Effect =0 0.12

Rho at which Direct Effect = 0 -0.7
Sample size 78,917
Simulations 1000

used for estimation are described in detail in Imai, Keele, Tingley and Yamamoto
(2010c¢); Imai, Keele and Tingley (2010a); Imai, Keele and Yamamoto (2010b) and
implemented in R and Stata by Hicks and Tingley (2011).

Table 5.1 presents the decomposition results for the most conservative case,
with time fixed-effects as in Column (4) in Table B.4. The Average Mediation is
estimated to be a —0.169 percent. As a percent of the total effect, this is 14.7

percent of the total effect of natural disasters on risky asset share.
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6 Mortality pessimism

Figure 6.1: Survival Probabilities: Objective vs. Pessimist
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In this appendix, I assume that 7 = 60% and estimate the survival curve to illustrate
the difference between a survival curve using life table probabilities (“Objective”)
and for a pessimist whose subjective mortality expectations are higher by 60%.
Figure 6.1 (A) presents the results. It is important to note that although 7 is a
constant on a year by year basis, this translates into an asymmetric effect on the
survival curve — it compounds rapidly to deliver the highest difference in conditional
probabilities from life tables at age 80 and then (as life tables probabilities of death
rapidly rise) wanes to 0 ( Figure 6.1 B).
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6 Conclusion

In this dissertation, I propose three empirical analyses that document systematic
“mistakes” made be individuals and households in financial markets, and the potential
sources of such mistakes. The common idea of these studies is that household
financial decisions are affected by a greater range of factors than those traditionally
incorporated in models of rational, full-information agents who optimize their
current consumption and portfolio choice based on stable beliefs and preferences.

Chapter 1 of this thesis introduces the three papers and the broad field of
household finance within which these papers contribute specifically on different
dimensions. In Chapter 2, I review the extant state of the literature, and the specific
areas of household finance that each of the paper pushes the frontier at.

The first paper — joint work with Santosh Anagol and Tarun Ramadorai —
exploits a natural experiment in which investors in the Indian initial public offerings
are randomly allotted stocks. This paper provides further credence to the growing
body of literature on the presence of the endowment effect with risky gambles.

The second paper — joing work with Santosh Anagol and Tarun Ramadorai
— exploits the same natural experiment, but to provide precise, causal estimates
of experience effects on short-term individual investment decisions. This paper
sharply identifies the experience effects without any unobserved confounds, and
provides for a setting whereby empirical estimates in the literature that cannot
account for unobserved confounds can be understood in this light. Statistically, we
also contribute to the literature by finding that the causal effects can be closely
estimated under specific panel data settings.

The third paper looks at the whether exposure to natural disasters and mass

shootings influences subjective life expectancy and affect financial decisions. It
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6. Conclusion

shows that being exposed to natural disasters and mass shootings significantly
decreases an individual’s subjective life expectancy relative to life table probabilities.
Lifespan optimists become less optimistic with a disaster experience and lifespan
pessimists do not react at all. It also reports that disasters monotonically reduce
the share of financial assets in equities and non-government bonds for increasing
levels of lifespan optimism. When unrelated to life expectancy, disaster experiences
do not matter. These findings provide evidence for the existence of an expectations
channel for experiences to affect financial decisions.

Taken together, these three empirical papers contribute to our understanding
better, systematic deviations of household financial behaviour from normative,
rational benchmarks. Specifically, this thesis contributes to the literature on
experience effects broadly, and hopefully, will open the door to further research

within this and the broader field of household finance.
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