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Abstract 

We find a strong positive link between past IPO returns and future subscriptions at the investor 
level in Finland. Our setting allows tracing this effect to the returns personally experienced by 
investors. The effect is not explained by patterns related to the IPO cycle, or wealth effects. This 
behavior is consistent with reinforcement learning, in which personally experienced outcomes 
are overweighted compared to rational Bayesian learning. The results provide a microfoundation 
for the argument that investor sentiment drives IPO demand. The paper also contributes to 
understanding how popular investment styles develop, and has implications for the marketing of 
financial products. 
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1. Introduction 

What can an investor learn from personal experimentation with stocks? For experience 

goods such as wine, experimentation is essential: Product information and reviews can help to 

some extent, but ultimately one must consume the product to evaluate the utility it gives (see 

Nelson, 1970). Experimentation is also important when it is a prerequisite for acquiring 

information (e.g., Grossman et al., 1977). However, stocks lack the aforementioned 

characteristics, at least in traditional thinking. Therefore, whether one personally invests in a 

stock or merely observes the performance of a stock should not matter. 

The impact of personally experienced investment outcomes on future actions tells us 

something important about how investors learn, as it represents a key distinction between fully 

rational models of learning and reinforcement learning. Reinforcement learning theory predicts 

that personally experienced outcomes have a greater effect on behavior than, say, just reading 

about the same information without personal involvement. In pure choice reinforcement, only 

actual and directly experienced outcomes affect future choices, while in standard Bayesian belief-

learning, actual and forgone payoffs are equally important.  

Theoretical research has paid much attention to reinforcement learning (e.g. Cross, 1973; 

Arthur, 1991; Ellison and Fudenberg, 1993; Roth and Erev, 1995). Camerer and Ho (1999) 

develop a hybrid model that combines reinforcement learning and belief learning. This allows the 

influence of both actual and forgone payoffs, but possibly with different weights. In the field of 

financial economics, explanations for asset pricing anomalies have involved different forms of 

biased learning1, although there are also other theoretical explanations.2 Evidence on whether, 

and how, investors learn has implications for this discussion. 

                                                 
1 Barberis et al. (1998) model a representative investor who uses standard Bayesian updating to switch between 

two belief regimes for corporate earnings. The true regime is a random walk, but the agent is constrained to falsely 
believe earnings are either mean-reverting or trending. In Daniel et al. (1998) the informed investor is Bayesian with 
respect to forecasts of asset value, but underweights signals that are contrary to his earlier private signals. Cecchetti 
et al. (2000) model investors who use simple learning rules implying excessive optimism and pessimism about the 
duration of business cycles. In Gervais and Odean (2001), the investor learns about his ability but underweights the 
role of chance in assessing performance. Brav and Heaton (2002) model the learning of one agent who considers 
only recent payoffs and ignores prior beliefs and another agent who overweights prior beliefs. Peng and Xiong 
(2006) model a representative investor with limited attention and overconfidence, but Bayesian updating in 
processing information. 

2 Campbell and Cochrane (1999) and Barberis et al. (2001) present models with nonstandard preferences that can 
account for these anomalies. Brav and Heaton (2002) show that the same aggregate outcome can result from biased 
learning or from rational structural uncertainty. 
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Very little is known empirically about how investors learn. Recent research suggests that 

more experienced investors make fewer behavioral errors and use more sophisticated trading 

tactics (Feng and Seasholes, 2005; Dhar and Zhu, 2006; Korniotis and Kumar, 2006; Seru et al., 

2006). However, Linnainmaa (2006) argues that investors with less skill learn to exit the stock 

market. This could explain an ex post positive correlation between experience and sophisticated 

behavior. 

In this paper we examine empirically what, if any, incremental forecasting power 

personally experienced investment outcomes have for future actions. The setting is unique: the 

Finnish initial public offering (IPO) market, with data on allocations of all individual investors 

for all 57 IPOs that occured from January 1995 through December 2000. The actions are 

subscriptions to the offerings, and the outcomes are determined by IPO stock performance. 

There are several reasons this setting is suitable for the research question. First, it is an 

advantage to have data on all IPOs in the market and at the same time not have too many IPOs. 

Investor attention is likely to be much more evenly distributed over the 57 IPOs, than over some 

broader set of investment opportunities, such as all common stocks. IPOs typically receive a fair 

amount of publicity in the news media (Cook et al., 2006) and the investment outcome is thus 

easily observable at very little cost. 

Second, IPOs are temporally discrete events: Although many IPOs can be offered 

simultaneously, often there is sufficient time in between offerings for an investor to condition 

his/her future decisions on past outcomes. Third, a new IPO comes fresh to the market and no 

outside investors have had any previous experience with the stock. Fourth, short-term liquidity 

shocks also probably have a somewhat reduced impact on IPO participation relative to trading of 

listed stocks because of the fixed timing of the offering periods. Taken altogether, these 

characteristics contribute to a setting that is much closer to a natural experiment in sequential 

decision making than is usually the case in a study of stock market investments. 

Our main contributions are an empirical test of the reinforcement learning hypothesis and 

an assessment of its strength in financial markets. This study constitutes a large sample field 

application, while previous empirical evidence on reinforcement learning comes from 

experimental studies. In field applications, subjects’ beliefs are generally unobservable, so it is 

not possible to test directly for optimal action conditional on the subjects’ information sets. We 
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are able to avoid this problem by focusing instead on the impact of personal experience, as it 

provides a testable distinction between reinforcement learning and fully rational learning. 

We find that personal experience exerts an incrementally significant impact on future 

action. Controlling for IPO fixed effects, which encompass the effect of offer characteristics such 

as size and pre-offer publicity, but also market returns and previous IPO returns, we find 

personally experienced returns to be an important determinant of future IPO subscriptions. The 

impact of personally experiencing good returns, rather than merely observing them, is consistent 

with reinforcement learning. 

We also identify pairs of hot and cold IPOs with offer dates very close to each other, and 

track the future subscription activity of investors who make their first IPO subscription in one of 

these offerings.3 More than twice as many investors participate in a subsequent offering if they 

first experience a hot offering rather than a cold offering. The effect continues to be strong for 

subsequent offerings as well. By the tenth offering, 65% of investors in the hot IPO group will 

have subscribed to another IPO, compared to only 39% in the cold IPO group. The importance of 

initial experience has long been recognized in marketing, consistent with what psychologists refer 

to as the primacy effect (Asch, 1946; see also Bereby-Meyer and Roth, 2006, for an analysis of 

related issues in strategic games). Our results can be viewed as an illustration of the primacy 

effect in the realm of finance and it may have implications for the marketing of financial products 

and services. 

In addition to reinforcement learning, there are other theories that could also potentially 

explain our results. These include private information, portfolio rebalancing, wealth effects, 

liquidity constraints, investment banks’ preferential treatment of customers, and factors related to 

the hot issue market of 1999-2000. These explanations do not, however, stand up to further 

scrutiny. 

There is a natural connection between our results and the literature on investor sentiment, 

which is suggested to be a determinant of IPO waves and pricing patterns, and various other 

anomalous asset pricing regularities.4 There is no exact definition of sentiment, which is variably 

                                                 
3 A cold IPO would have negative initial returns, while a hot one would have strictly positive initial returns. 
4 See De Long et al. (1990) for a seminal sentiment model; Derrien (2005) and Ljungqvist et al., (2006) for models 

of IPO markets and sentiment; Lee et al. (1991), Rajan and Servaes (1997), Lowry (2003), and Cornelli et al. (2006) 
for empirical evidence on the role of sentiment in IPOs; Baker and Wurgler (2006) for the role of sentiment in the 
cross-section of stock returns; Fisher and Statman (2000), Brown and Cliff (2004, 2005) for predicting market 
returns with sentiment; Shleifer (2000), Hirshleifer (2001), and Baker and Wurgler (2007) for surveys. 
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referred to as, e.g., the average bullishness of noise traders (De Long et al., 1990), or the 

propensity to speculate (Baker and Wurgler, 2006). In typical models, sentiment plays the role of 

an external factor. Empirically, it seems to be positively related to investor and consumer 

confidence, as well as past market returns. 5 

While the confidence of a given investor can also depend on factors beyond the 

individual, our results provide a natural way of interpreting sentiment through investor learning 

based on personal experience. Good experiences bolster confidence, and when such experiences 

by many investors coincide, there may be market-level consequences, as shown theoretically in 

the context of IPOs by Derrien (2005) and Ljungqvist et al. (2006), and also consistent with the 

empirical results of Kumar and Lee (2006). 

Our results have further implications for understanding investor behavior, tastes, and 

cohort effects. According to anecdotal reports, even institutional investors want to “see for 

themselves” how a new asset class or a trading strategy might work for them, and they invest 

more money in it if they are satisfied with its performance. Particularly inexperienced money 

managers may be more prone to overweight recent events, as shown by Greenwood and Nagel 

(2007). Results on how investors learn provide a way to understand these effects better. 

Fama and French (2007) assume that investors have different tastes for different kinds of 

stocks. Our results suggest that experience with particular stocks is a possible channel for 

forming these tastes. Cohort effects in asset market participation, such as the baby boom effect 

(see Bakshi and Chen, 1994) have large and long-lasting implications. Campbell (2006) proposes 

that inter-generation differences in how stock markets are viewed and in the use of different 

financial products can be driven by the different experiences of different generations. Our results 

are consistent also with this idea.6 

In the remainder of the paper, Section 2 discusses reinforcement learning and the role of 

personal experiences. Section 3 describes the data and presents the main results, while Section 4 

considers several alternative explanations and robustness checks. Section 5 concludes. 

                                                 
5 See Fisher and Statman (2003), Brown and Cliff (2004), Lemmon and Portniaguina (2006), Baker and Wurgler 

(2007), Qiu and Welch (2006), and Ben-David, Graham, and Harvey (2007). 
6 A recent paper by Malmendier and Nagel (2007) also finds support for this idea. 
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2. Reinforcement learning and the role of personal experience in financial decisions 

Reinforcement learning is the leading theory of heuristic updating. It posits that decision 

makers tend to repeat actions that have produced favorable outcomes in the past. An example of a 

decision rule consistent with reinforcement learning is “win–stay, lose–switch,” which can be 

applied to sequential decisions when the outcome is binomial, or when the agent treats a more 

complex outcome simply as success or failure depending on the outcome exceeding his aspiration 

level. The theory of reinforcement learning is well-established in the psychological literature, and 

dates back at least to the “law of effect” of Thorndike (1898). Reinforcement learning models in 

the economics literature include Cross (1973), Arthur (1991), and Roth and Erev (1995). Ellison 

and Fudenberg (1993) combine reinforcement learning with social interaction. The case-based 

decision theory of Gilboa and Schmeidler (1995) also bears some resemblance to these ideas. 

Camerer and Ho (1999) develop a hybrid model, which combines reinforcement learning and 

belief learning, and nests them as special cases. Their model thus allows for the reinforcement of 

both actual payoffs and forgone payoffs. Theoretical research also shows that reinforcement 

learning often has long-term equilibrium implications (Einhorn, 1980; Lettau and Uhlig, 1999; 

Pouget, 2007). 

The experimental literature provides support for the reinforcement hypothesis. Erev and 

Roth (1998) predict the behavior of subjects in 12 different experimental data sets involving 

strategic games with a unique equilibrium. They find that a very simple one-parameter 

reinforcement learning model outperforms equilibrium predictions for all values of its one 

parameter. Camerer and Ho (1999) test their hybrid model experimentally and find that subjects 

generally weight actual payoffs about twice as heavily as forgone payoffs. Charness and Levin 

(2005) set up an experiment so that Bayesian updating and reinforcement learning lead to 

different choices. They find that about 50% of all decisions violate Bayes’ rule. 

Psychological and neurological mechanisms suggest a special role for personal 

experiences in learning. The cognitive processing of personal experiences can be inherently 

different and more thorough (Fazio et al., 1978), which can make them more salient and available 

in decision making (Tversky and Kahneman, 1973). Kahneman et al. (1997) develop a theory of 

choice in which the utility of an outcome considered in decision making (“decision utility”) is 

allowed to be different from the utility of that outcome when experienced firsthand (“experienced 
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utility”).7 Simonsohn et al. (2007) provide experimental evidence on the incremental impact of 

personal experience in the context of strategy games. 

Recent neurological studies further support the special role of personal experience. 

Knutson and Peterson (2004) show that different physiological mechanisms and even different 

parts of the brain are involved when subjects anticipate, rather than experience, monetary 

outcomes. Huettel et al. (2002) find that a specific part of the brain starts to anticipate another 

repetition of the same outcome in a sequence after it occurs only twice in a row, and another part 

of the brain reacts strongly if a repeating pattern is broken. This finding is consistent with the 

idea that even very limited personally experienced evidence can cause choice reinforcement. 

There is also evidence that personally experienced payoffs could actually interfere with 

rational learning. Merlo and Schotter (1999) run an experiment to study how well subjects learn 

an optimal decision rule. Their results show that subjects who had monetary incentives in earlier 

rounds later performed significantly more poorly. Schotter and Merlo (2003) find that subjects 

who learn by making actual decisions perform significantly more poorly than subjects who learn 

by merely observing another person’s decisions and their outcomes. Ariely et al. (2005) present 

experimental evidence that monetary rewards that are “too high” (on the order of average 

monthly consumption for subjects in rural areas of India) degrade performance in cognitive tasks. 

Finally, Charness and Levin (2005) find that when a prior outcome provides information along 

with a payoff, violations of Bayes’ rule occur much more often than when the same information 

is provided without a payoff. 

Based on the discussion above, the key prediction of reinforcement learning theory 

relevant for us is that personal experience can be effective in changing behavior. In our setting, 

this may be expressed in a hypothesis as follows: Personally experienced IPO returns are 

incrementally positive determinants of future subscriptions. 

3. Data and main results  

3.1. Data 

To analyze the impact of personally experienced returns on future action, we construct a 

data set of retail investor subscriptions to initial public offerings and link them to past returns. 

                                                 
7 See also Kahneman (1994 and 2000) for discussion and experimental evidence. 



 7

The subscription decisions are derived from a nationwide share registry maintained by the 

Finnish Central Securities Depository (FSCD). This official registry includes shareholdings and 

transactions for all investors in Finland. The FCSD also records allocations to investor accounts 

in equity offerings. The data do not cover foreign IPOs. However, based on discussions with 

practitioners and the Finnish Financial Supervision Authority, foreign IPOs represent a negligible 

share in individual investors’ portfolios. 

Except for one IPO, all investors who had bid for shares received an allocation. This 

means that using allocations to measure participation does not produce any measurement error, 

except for that one single IPO.8 In other respects, the institutional environment in the Finnish IPO 

market during the sample period is quite similar to that in the US. All issues are underwritten 

using the bookbuilding method, for example. One important difference is that investment banks 

are required to treat all retail investors equitably. 

Every allocation is tagged with a unique investor code, and all the future actions an 

investor takes can be tracked. Each investor code is also linked to investor characteristics, and we 

use investors’ age and sex as control variables. The registry records all other stock market 

transactions, particularly stock market trades. We use these data for control variables such as 

portfolio value, and for constructing overall measures of investment performance. Further details 

on a subset of these data are provided in Grinblatt and Keloharju (2000). 

The total sample over January 1995 through December 2000 includes 57 offerings. The 

next IPO after the sample period occurs in March 2002. Data on IPO characteristics are obtained 

from prospectuses and stock exchange releases. These characteristics include listing date, 

beginning of the retail subscription period, offer price, and gross proceeds. Stock and index return 

data are provided by the OMX Helsinki Exchanges. 

Table 1, Panel A, gives descriptive statistics of the sample IPOs. Average first-day 

underpricing is 22.3%, which is high by historical standards, but lower than 32.7%, the figure for 

US IPOs over the same period (Loughran and Ritter, 2004). The median return for the sample 

IPOs is 2.8%. Panel B shows averages and the number of IPOs for each year during the sample 

period. The number of IPOs and first-day returns are higher during 1999 and 2000, in line with 

the global market conditions at the time. Panel C summarizes investor characteristics for the 

                                                 
8 In the IPO of SSH Communications, a lottery was used to determine the recipients of the shares and about 71% 

of subscribers received an allocation. 
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sample of investors who make at least one IPO subscription during the sample period. The 

average investor makes 2.0 IPO subscriptions; the mean value of an allocation is about EUR 

1,700. For the average investor, 33 IPOs occur after the first stock market investment; the median 

figure is 37. Average portfolio value is about EUR 65,000, but the median is much lower at about 

EUR 9,000. The distribution of trading activity is even more skewed. The average turnover 

(value of buys plus value of sells) is about EUR 286,000, and the median is about EUR 19,000. 

The average age of the investor is 46 years, and 66% are men. 

Some of our empirical tests require the identification of the first IPO subscribed to by an 

investor. Because we do not have data on IPO subscriptions before the beginning of 1995, there 

is some measurement error as to whether a subscription is an investor’s first. Only four IPOs took 

place in the five years before the beginning of our study period, however, and the offerings were 

quite small. Therefore, for most investors we are able to accurately measure the first IPO in five 

or more years. 

We measure IPO stock performance by initial returns (first-day closing price / offer price 

– 1). It would of course be possible to define performance over some longer holding period, but 

we want to keep the holding period relatively short to be able to include the return from the latest 

IPO as we consider the impact on subscription. Returns over, e.g., the first week of trading would 

allow this in most cases, but as the initial return is a permanent component of the stock price (at 

least over a horizon of a few months), it is very highly correlated with the returns over other 

short-term horizons. Initial returns are also highly visible and easily comparable. 

An alternative way to think of IPO stock performance would be to calculate the returns 

actually realized by investors. Research on the disposition effect, however, shows a strong 

tendency for investors to hold on to losers and to realize gains (see Odean, 1998). Using realized 

returns would thus produce a sample that would be self-selected according to selling, and hence 

the level of returns. 

3.2. Impact of prior performance on subscription activity: A two-period analysis 

Our investigation of the impact of prior performance uses three types of analyses. The 

first one divides the sample into two halves, and investigates how actions in the second half are 

affected by returns earned in the first period.  
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The first half of the sample includes 40 IPOs, the last occurring in October 22, 1999. The 

second half includes 17 offerings, the last in December 20, 2000. This division places an equal 

number of investor/offering pairs in each period. The median investor makes only one IPO 

subscription during the whole period, so the majority of investors are very passive. We therefore 

exclude investors who participate in fewer than three IPOs in the first half, because including 

them would significantly reduce the variation in the variable that measures personally 

experienced returns. 

In Figure 1 investors are grouped into quintiles based on allocation weighted initial 

returns. The columns correspond to the probabilities for ending up in a particular return quintile 

during the second half, given the return quintile during the first half. Investors who make no 

subscriptions during the second half are placed in a category labeled ‘No subscriptions’. 

Conditional on at least one subscription made in the second half, returns in the second half do not 

seem to depend on the returns in the first half. There is, however, a strong relation between 

returns in the first half, and the likelihood that an investor will subscribe to at least one IPO also 

in the second half. The likelihood of ending up in the category ‘No subscriptions’ in the second 

half is about 20% for an investor in the highest return quintile during the first half, whereas this 

likelihood is about 50% in the group with the poorest performance. The proportions for the 

intermediate quintiles fall between these ends in a monotonic fashion. 

To control for investor characteristics that affect subscription activity, we run logit 

regressions that explain the subscriptions in the latter period. The dependent variable in the 

regressions is assigned the value of one for an investor who participates in at least one IPO in the 

second half, and zero otherwise. The independent variable measuring past returns is the 

allocation-weighted initial return from the IPOs subscribed to in the first half.9 The activity levels 

of individual investors are highly persistent, i.e. investors with only few subscriptions in the past 

tend to make only few in the future, and those with high past activity tend to be active in the 

future as well. To control for this tendency, we include a variable measuring an investor’s 

number of subscriptions in the first half. As other control variables we include quintile dummies 

for portfolio value and trading activity, as well as age, age squared, and a dummy for being male. 

                                                 
9 Changing the definition of this variable to a simple average initial return without allocation weighting does not 

change the results materially. 
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Table 2 presents the results of the subscription logit regressions. Column 1 does not 

include the trading activity or the portfolio value variable; Columns 2 and 3 add either one of 

them; and Column 4 includes both variables. In all the specifications, the percentage return on 

past IPO subscriptions of an investor is a strong determinant of future subscription activity. Past 

subscription activity is also a significant positive predictor of future subscription activity. 

To assess the economic significance of our results, the Table reports changes in 

subscription probability associated with changes in the explanatory variables. The probability 

changes are based on the regression in Column 4 and are the products of the marginal effect of an 

explanatory variable and its standard deviation. The marginal effect is obtained by setting all the 

continuous explanatory variables in the model to their mean values, and the category dummies 

are set to indicate the omitted category. For the return variable, a change from its mean, 17.9%, 

by one standard deviation (8.0 percentage points), implies a 7.7 percentage point increase in the 

probability to subscribe to future IPOs. This increase is considerable, given that the average 

investor’s probability of participating is 70%. 

Figure 2 graphs the relation between past returns and future subscriptions by dividing 

investors into 25 categories based on five past return and five subscription activity categories. 

Return categories are quintiles of allocation-weighted initial returns, and subscription groups are 

defined as one through five or more subscriptions.10 Every category (except one) is assigned a 

dummy variable, and the dummy variables are included as independent variables in a regression 

similar to that in Table 2, Column 4. The plot shows a marked increase in subscriptions as a 

function of the return experienced within all activity categories, with a somewhat stronger impact 

of returns for investors with more prior subscriptions. 

Figure 2 also gives us a way to compare the extent of the return effect to the effect of past 

subscription activity. In most cases, higher past returns produces about the same effect on future 

activity as higher past activity. For example, consider an investor located in the middle quintile 

(the third) on returns, with three past subscriptions. Changing to the fourth quintile of returns 

(holding the number of past subscriptions constant) produces about the same effect as changing 

to four subscriptions (holding performance constant). 

                                                 
10 This specification also includes the passive investors with only a few subscriptions that were not included in the 

baseline results in Table 2.  
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We examine other specifications in order to check the robustness of the results. First, we 

use an alternative way to divide the time period into two halves. Instead of an equal number of 

investor/offering pairs in both periods, we divide the sample by placing an equal number of 

offerings in both periods. This produces a much earlier cut-off date, and thus allows a way to 

check possible effects related to the state of the IPO cycle. The results are very similar to our first 

results. We prefer the original analysis, however, as the alternative split produces a substantial 

imbalance in the number of observations—there are many more observations in the second half. 

In additional robustness checks, rather than defining the dependent variable by whether the 

investor makes subscriptions in the second period, we define it based on the difference in 

subscriptions and do not include the number of past subscriptions as an explanatory variable. The 

dependent variable in this specification is coded as one if the number of subscriptions increases 

from the first period, and zero otherwise. We also run an ordered logit specification, where the 

dependent variable indicates a decline, no change, or an increase in subscriptions. These 

modifications do not markedly alter our conclusions. 

3.3. Prior performance and timing of the next subscription 

In this subsection, we take the analysis to the level of investor-offering pairs, and analyze 

how an investor’s future subscription after a particular offering is affected by her returns 

experienced up to that offering. The returns vary across offerings and investors, and this research 

design allows us to control for any offering-level effects. 

We do this because retail investor participation activity in an offering is affected by a 

number of factors that we cannot effectively control for in the two-period analysis. For example, 

investors have been shown to participate more after higher industry returns (Derrien, 2005) and 

participate more in offerings with higher pre-offer publicity (Cook et al., 2006). Offering effects 

also control for effects related to offer size, distribution of the offering, and general market 

returns. 

Even more important to our research question is the fact that the effects also include the 

impact of returns from recent IPOs in which the investor did not participate. Ibbotson and Jaffe 

(1975) and Lowry and Schwert (2002), among others, show that initial returns are autocorrelated, 

and this might induce investors to participate without regard to personal returns. Therefore, this 

test allows us to separate more cleanly an investor’s personal return experience from information 
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about the IPO cycle. This analysis also works to alleviate any possible remaining concern that the 

stage of the IPO cycle somehow drives the results through the placement of the cut-off point 

between the two periods in the previous section’s analysis. 

Our empirical specification involves a logit regression that analyzes an investor’s decision 

to participate in the next offering, conditional on having participated in the current offering. The 

dependent variable takes the value of one if an investor participates in the next IPO, and zero 

otherwise. We limit the analysis to investors who have previously participated in at least three 

IPOs and calculate the independent variable, the average initial return from the IPOs subscribed 

to, over the past three offerings. As control variables we employ quintile dummies for portfolio 

value and trading activity, dummies for the past number of subscriptions (from three to ten or 

more), age, age squared, a dummy for male investors, and a dummy variable for each offering. 

The sequence of IPOs is determined by subscription periods and listing dates. In the 

beginning of the subscription period for each IPO, we designate the IPO with the most recent 

listing date as the prior IPO. Sometimes two or more IPOs have the same prior IPO. As an 

example, consider the case of three IPOs, labeled A, B, and C. A is listed at t = 0. Subscription to 

B begins at t = 1 and B is listed at t = 3. Subscription to C starts at t = 2, i.e., before B is listed. In 

this case A would be the prior IPO for both B and C. In such cases, i.e., where two or more IPOs 

share a common prior IPO, we randomly select one and exclude observations from the other 

simultaneous IPOs. We do this to avoid double counting of investor-offering observations, and 

believe this is the most conservative approach to deal with the issue. As a result, the number of 

IPOs used in this analysis is reduced to 30. 

Table 3, Panel A, reports the results of the logit regression in Column 1. A higher past 

mean initial return strongly predicts a higher probability of participating in the next IPO. The 

relation is both statistically and economically significant. The probability increase implied by the 

marginal effect for a one-standard deviation change in the return variable equals 6.9 percentage 

points, while the reference probability is 31.3%. The relative increase in probability is higher 

compared to the two-period analysis reported in Table 2. The observation frequency is higher as 

well, as we consider each offering separately. This brings down the reference probability and 

amplifies the effect of return as the analysis is conditional on participating in the most recent IPO. 

The logit specification ignores any information beyond participation in the next offering. 

We use this additional information by modeling the time to the next IPO as a duration model 
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instead of the dichotomous variable measuring the decision to participate in the next offering. 

The analysis takes into account censoring at the end of our sample period. The independent 

variables are the same as in the logit model. 

Table 3, Panel B, presents descriptive statistics of the duration analysis. Duration is 

measured in units of IPOs. One unit of “time” is the period from one offering to the next, so one 

unit does not correspond to a constant amount of calendar time. The average number of offerings 

until the next subscription is 12.6 offerings for the whole sample and 7.3 for the sample of 

investors with at least three offerings. 

Table 3, Panel A, reports the results of the duration regression in Column 2, estimated 

using an exponential duration distribution.11 The past mean initial return is associated with an 

increase in the hazard rate, suggesting again that higher returns increase the investor probability 

of participating in future offerings. The effect is economically significant; a one-standard 

deviation increase in return (68.1%) implies about an e0.43 × 0.68 – 1 = 33.7 percentage points 

higher rate of future participation.12 

We also calculate standard errors that correct for clustering at the offering level. The t-

value for the return coefficient equals 2.59 in the duration model, and 1.86 in the logit model. 

Note that these numbers effectively correspond to an analysis with 30 observations. Hence the t-

values should be interpreted accordingly. 

3.4. Natural experiment 

In a third test of the impact of personal experience, we run the following experiment. We 

identify six pairs of IPOs for which subscription periods overlap, and for which it happens to be 

the case that the initial return is positive for one of the IPOs and negative for the other one. The 

mean difference between the initial returns within a pair of IPOs is 42 percentage points. We 

select investors who make their first IPO investment in one of these pairs, subscribing to either 

the positive- or negative-return IPO (but not to both). We then track the future subscriptions of 

                                                 
11 This is a standard assumption, and we have no ex ante reason to assume a particular distribution. Our results are 

not very sensitive to the choice of the distribution, however. For example, using a Weibull distribution results in a 
coefficient value of 0.40 on the mean initial return variable. 

12 The standard deviation of the personally experienced return (68.1%) is similar in magnitude to the standard 
deviation of returns calculated over the IPOs. For comparison, the standard deviation of US IPO returns was 55% 
over 1964-2004, and well over 100% during September 1998 – August 2000 (Lowry, Officer, and Schwert, 2006). 
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these investors. We also single out another subsample of investors who enter the stock market by 

subscribing to one of these IPOs. 

The benefit of this design is twofold. First, it allows investigation of investors with 

identical IPO market histories, i.e., those with no prior subscriptions, and, in the case of new 

investors, no stock market history whatsoever. This makes it close to a natural experiment. 

Second, it allows us to analyze the behavior of typical passive IPO investors who do not make 

many subscriptions (the most passive investors were excluded in the prior regression analyses for 

technical reasons, as explained). 

Table 4 reports the results. The first two columns show the proportion of first-time IPO 

investors participating in further IPOs, conditional on having experienced either a negative or a 

positive initial return in their first IPO. Of those investors who start with a positive initial-return 

IPO, 10.2% subscribe to the IPO that comes next to the market. Only 4.3% of the investors who 

experienced a negative initial return in their first IPO do so. A test for a difference in proportions 

shows high statistical significance with a z-value of 7.7. 

Looking at further offerings and the cumulative proportions of investors participating, the 

differences continue to be great and statistically significant up to the tenth offering after the first 

IPO an investor subscribed to. By the tenth offering, 65% of investors in the positive initial IPO 

group have subscribed to another IPO, compared to only 39% in the negative initial IPO group. 

The corresponding figures for investors who enter the market through their first IPO 

subscription are shown on the right-hand side of Table 4. This group of investors is a subset of 

the first-time IPO investors considered earlier; they had not made any kind of stock market 

investment before subscribing to the IPO. The results are very close to those generated with first-

time IPO investors. 

We also run a duration regression similar to that reported in Table 3 including all the 

control variables. We pool the six offerings and include a dummy to indicate the better IPO of 

each pair. The dummy enters with a coefficient of 0.78 and is highly significant (t-value 16.6). 

This implies that the hazard rate of participating after a positive initial IPO is more than twice as 

high (e0.78 = 2.18) than the hazard rate after a negative IPO. 
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4. Alternative explanations 

The results of our three analyses confirm that investors are significantly more likely to 

participate in future IPOs if they have personally experienced better returns. Other explanations, 

besides reinforcement learning may also be consistent with our main results. We now consider 

these explanations. 

Private information. If uninformed investors participate only occasionally and the 

informed are more active (as in Benveniste and Spindt, 1989), one should observe a positive 

relation between investors’ past returns and future subscriptions, similar to the reinforcement 

hypothesis. 

The subjects of our study are individual investors, who quite likely are uninformed. 

However, we still allow for the possibility that there are differences among investors. To account 

for the effects of differentially informed investors, we divide investors into groups according to 

prior general stock market investment performance by the portfolio change measure developed in 

Grinblatt and Titman (1993). The portfolio change measure, rp is calculated as 

∑
=

−−=
N

i
Ltititip wwrr

1
,,, )( , where N is the number of stocks held, ri,t is the return from stock i 

during period t, wi,t is the weight of stock i in the portfolio during period t, and L is the 

rebalancing period. I.e., with this measure one calculates the performance accruing to a stock as a 

product of the stock’s return and the change in the weight of that stock. Overall performance is 

then given by aggregating over all the stocks held by the investor. We calculate monthly returns 

using monthly rebalancing periods. The measure directly gives the value added by trading, and 

there is thus no need to specify an asset pricing model for risk adjustment. This is an improved 

and more direct measure of informativeness than proxies, such as portfolio size, used in the prior 

literature. 

Table 5 presents results based on logit regressions similar to those in Table 2, except that 

we include additional indicator variables, as well as their interactions with past returns.13 The 

performance indicator takes a value of one for investors in the highest overall performance 

quintile, and a value of minus one for those in the lowest quintile. All other investors get a value 

of zero. This variable, as well as its interaction with past returns, is insignificant. 

                                                 
13 In some situations a logit model can produce incorrect coefficient estimates or t-statistic for interaction 

variables. As an alternative to logit, we estimated a linear probability model with OLS and the results are the same. 



 16

Therefore, subscription activity is heavily, and similarly, influenced by past IPO returns 

for both the best- and poorest-performing investors. Individual investors in the poorest 

performance group are prime candidates to describe as uninformed and unsophisticated investors, 

on average. If any group of investors learns by personal reinforcement, we would expect it to be 

this group. The fact that we find similar effects also in the best performance group suggests an 

even greater role for reinforcement learning in investment decisions. 

Portfolio rebalancing. Changes in stock prices directly cause changes in allocation 

weights, which might prompt the need to rebalance for an investor taking an active view on 

sectors or styles. Chen, Ho, and Wu (2006) find that adding IPOs to a set of benchmark portfolios 

improves the investment opportunity set, which suggests that IPOs could be seen as a distinct 

asset class. Thus, bad performance leading to a lower amount allocated to IPO stocks should 

increase the probability of subscribing to the next IPO for an investor who has an asset allocation 

motive. At a minimum, rebalancing should not lead to a positive relation between personally 

experienced returns and future subscriptions. To the extent that rebalancing motives influence 

investors in the sample, the effect of reinforcement learning is understated. 

Wealth effects. High returns from IPOs increase an investor’s wealth, which can lead to an 

increased appetite for risk. To account for such an effect, we use raw portfolio returns as a proxy 

for changes in wealth, and divide investors into quintiles on this basis. Column 2 of Table 5 

shows that, while the portfolio return variable is a positive and significant determinant of future 

subscription activity, the impact of personal IPO returns remains very strong. Furthermore, the 

interaction between IPO returns and the portfolio return indicator is close to zero and 

insignificant. This shows that the relation between personally experienced IPO returns and 

subscription activity is similar for investors with different changes in wealth. 

Preferential treatment. Investment banks may reward regular investors by favoring them 

in allocations of hot IPOs (e.g., Cornelli and Goldreich, 2001; Loughran and Ritter, 2002). 

Learning about this kind of preferential treatment could also cause an investor to increase her 

subscription activity in response to high past returns. Preferential treatment is not allowed in 

Finland, however. The regulator requires equitable treatment of all retail investors in share issues. 

In practice, this means that investment banks apply a mechanical rationing rule to determine all 

retail allocations. 
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Liquidity constraints. Stocks with good prior returns are known to have higher trading 

volume (Lakonishok and Smidt, 1986; Statman, Thorley, and Vorkink, 2006). Investors who hold 

poorly performing IPO stocks could therefore be relatively more liquidity-constrained. In 

addition to actual market liquidity, there could also be a personal liquidity effect due to 

reluctance to realize losses (Odean, 1998; see also Kaustia, 2004, for the impact on IPO stock 

trading). 

We investigate liquidity effects by separating the observations into two categories: 

instances when investors make some stock market purchases between their IPO subscriptions, 

and instances when they do not. Making a purchase indicates that a liquidity constraint is not 

binding. We run regressions similar to those reported in Table 3 (logit of participating in the next 

offering, as well as time until the next participation) on the two samples. The return on past IPO 

subscriptions is a significant determinant of future subscription activity in both groups, and the 

relation is actually stronger for those who have made other purchases. This indicates that the 

results are not due to liquidity-constrained individuals. 

Hot issue market of 1999-2000. In unreported analysis we show that the two-period 

results (Table 2) continue to hold when the sample is divided into three periods, and the middle 

period (hot issue market) is excluded. Using this division, the mean initial return is 11.2% in the 

first period, 63.6% in the excluded middle period, and 0.0% in the third period. Furthermore, the 

analysis in Table 3 contains IPO fixed effects which pick up effects related to the IPO cycle. 

We conclude that it is unlikely that private information, portfolio rebalancing, wealth 

effects, preferential treatment by investment banks, liquidity constraints, or the hot issue market 

of 1999-2000 play a major role in explaining the main findings we document. 

5. Conclusion  

We have investigated the link between individual investors’ tendency to subscribe to 

initial public offerings and the returns on past IPOs. The results have implications for the IPO and 

asset pricing literature, particularly concerning investor sentiment. They are also related to a more 

general question about the role of reinforcement learning in economic decisions. 

Using data on 183,000 retail investors in 57 Finnish IPOs over 1995–2000, we find that 

an increase in the returns that an investor earns on past IPO investments has a positive impact on 

this investor’s propensity to participate in future IPOs. Controlling for offering fixed effects, 
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which encompass important offer characteristics but also the impact of market returns and 

previous IPO returns, we find personally experienced returns to be an important determinant of 

future IPO subscriptions. This finding is consistent with reinforcement learning theory. That is, 

the individual repeats behavior that has produced good outcomes in the past and avoids behavior 

that has produced poor outcomes. Importantly, the individual overweights personal experience. 

Although we see reinforcement learning as a natural explanation for our results, it is also 

possible to specify other forms of learning and information use that could produce a similar 

outcome. Suppose that there is a rational uninformed investor who is determined to learn about 

an asset class that she is not familiar with. In the spirit of bounded rationality, she would first 

work through the problem of deciding how to obtain information. Although information is 

publicly available, there might be costs to locate and process it. If the costs are sufficiently high, 

the investor might find it most efficient to obtain the information by first-hand experience. After 

subscribing to a series of offerings she would learn the return distribution, and could then decide 

whether to continue investing. Yet constructing a reliable estimate of the return distribution takes 

many trials, so the dependence between past returns and future subscriptions would in this case 

be manifested over only a fairly long period. Furthermore, it seems that information acquisition 

costs would need to be quite high—perhaps implausibly high—for personal experimentation to 

be optimal. 

Learning by reinforcement has several implications for the study of financial markets. Our 

results provide a way to interpret sentiment through investor learning from personal experience. 

Recent IPO models (Derrien, 2005; Ljungqvist et al., 2006) suggest that issuers and investment 

banks’ regular customers benefit from the involvement of sentiment investors. Cook et al. (2006) 

suggest that investment bankers use marketing efforts to encourage retail investors’ participation 

in IPOs. A natural experiment in which we consider investors subscribing to their first IPOs 

shows that initial personal experience has both immediate and longer-term consequences for 

investor willingness to use the same financial product in the future. This fits the view of investors 

as consumers. Our results concerning the role of personal experience in investment decisions also 

help us understand how popular investment styles develop, how investors form their tastes, and 

how cohort effects in investment behavior arise. 
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Table 1 
Descriptive statistics 

This table gives descriptive statistics of the IPOs and investors in the sample. Panel A shows statistics for Finnish 
IPOs from 1995 to 2000. Underpricing is calculated as the difference between the first-day closing price and offer 
price divided by the offer price. Number of investors equals the number of retail investors who were allocated shares 
in the offering and gross proceeds equals the number of allocated primary and secondary shares to retail and 
institutional investors times the offer price, before the use of any green shoe options. Panel B shows averages of the 
same variables and the number of IPOs for each year during the sample period. Panel C shows statistics for investors 
who participate in at least one IPO during the sample period. Allocation value equals the number of shares allocated 
to an investor times the subscription price. Portfolio value is calculated as the sum of the value of holdings in 
individual shares and number of shares as the number of individual shares in the portfolio. Portfolio characteristics 
are calculated for each investor in the beginning of the subscription period of each offering starting from the first IPO 
investment, averaged across offerings and then across investors. Trading activity variables and age come from the 
beginning of the subscription period of the last IPO in the sample. 
 

Panel A: IPOs, N=57 
       
Variable   Mean Median Standard 

deviation 
25% 

percentile 
75% 

percentile 
              
Underpricing   22.27 % 2.80 % 53.51 % 0.00 % 20.43 % 
Number of investors, Th.   7.78 1.97 15.37 1.16 5.24 
Gross proceeds, Mill. Euros   86.29 27.18 200.03 10.21 0.08 
              

Panel B: IPOs by year, N=57 
              
  1995 1996 1997 1998 1999 2000 
              
Average underpricing 0.77 % 17.80 % 14.41 % 14.41 % 35.83 % 21.23 % 
Average number of investors, Th. 5.10 0.31 1.96 18.98 7.12 7.62 
Average gross proceeds, Mill. euros 77.82 13.21 53.79 311.62 49.32 42.84 
Number of IPOs 5 2 8 8 19 15 
              

Panel C: Investors, N=183,919 
              
Variable  Mean Median Standard 

deviation 
25% 

percentile 
75% 

percentile 
             
No. of IPOs after the first subscription   32.88 37.00 13.32 18.00 38.00 
Number of IPO subscriptions   2.04 1.00 2.47 1.00 3.00 
Total value of allocations, Th. euros   3.86 1.35 66.38 0.19 4.64 
Value of allocation, Th. euros   1.72 1.13 33.16 0.52 2.64 
Portfolio value, Th. euros   64.67 9.20 1,096.12 2.72 29.10 
Number of shares in portfolio   3.60 2.57 3.65 1.18 4.67 
Value of stock market buys, Th. euros   133.29 7.57 1,976.98 0.50 37.32 
Value of stock market sells, Th. euros   152.34 11.89 2,054.75 2.34 49.61 
Age   46.34 47.00 17.84 33.00 59.00 
Gender dummy   0.66 1.00 0.47 0.00 1.00 
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Table 2 
Two-period analysis of the relation between past returns and future IPO subscriptions 

The sample period is divided into two halves. The first half has 40 IPOs, the last occurring in October 22, 1999, the 
second half has 17 offerings, the last in December 20, 2000. This split is determined by placing an equal number of 
investor/offering –pairs in both periods. We include investors who participate in at least three IPOs in the first half. 
Regressions are run using a logit model. The dependent variable is one if an investor participates in at least one IPO 
in the second half, zero otherwise. Past mean initial return is the average initial return from the IPOs in which the 
investor participates, weighted by the value of allocation. Unreported control variables are age, age squared, a 
dummy for being male, quintile dummies for portfolio value, and quintile dummies for value of trades (summed 
from the beginning of the sample period). Columns 1 though 4 report coefficient estimates of regressions. Column 5 
reports the changes in probabilities associated with one standard deviation increase in an explanatory variable, 
evaluated at the mean of all other variables. Probability of reference investor is the model’s predicted probability to 
participate, evaluated at the mean of all the explanatory variables, male dummy set to zero, and the omitted quintile 
dummy set to zero for both portfolio value and value of trades. T-values (in parentheses below coefficients) are based 
on robust standard errors. 
 

Specification Logit (0=No future subscriptions, 1=At least one 
future subscription) 

  1 2 3 4 

Reference 
probability and 

probability changes 

            
Probability of reference investor         70.4 % 
            
Past mean initial return 5.41 4.67 4.67 4.65 7.7 % 
  (25.50) (21.68) (21.72) (21.56)   
Number of past IPO subscriptions 0.55 0.47 0.47 0.47 24.0 % 
  (37.56) (32.29) (32.29) (32.14)   
            
Portfolio value dummies No Yes No Yes   
Trading activity dummies No No Yes Yes   
            
Pseudo-R2 0.21 0.24 0.24 0.24   
Number of observations 21,928 21,928 21,928 21,928   
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Table 3 
Timing of participation to next IPO as a function of past returns 

This table gives results of investor level regressions where the dependent variable is either an indicator variable 
representing the decision to subscribe to next IPO (Column 1 of Panel A) or the time to next IPO subscription 
(Column 2 of Panel A). For every investor participating in at least three IPOs during the sample period of 1995 to 
2000, the time to next IPO subscription is determined by recording how many IPOs elapsed until the investor 
participates in the next IPO, including the next IPO. The dependent variable is regressed on a set of explanatory 
variables using a logit model in Column 1 and a duration model with an exponential duration distribution in Column 
2. The hazard ratio reported in Column 2 is given by exp(coefficient obtained from of the duration regression). The 
independent variable is the average initial return from the previous three IPOs subscribed. Unreported control 
variables are age, age squared, a dummy for being male, quintile dummies for portfolio value, quintile dummies for 
value of trades (summed over the previous 120 trading days), dummies for the past number of subscriptions (from 
three to ten or more), and dummies for each offering. ‘Probability change’ shows the changes in probabilities 
associated with one standard deviation increase in an explanatory variable, evaluated at the mean of all other 
variables. ‘Hazard ratio change’ is the change in hazard ratio associated with one standard deviation increase in an 
explanatory variable. Note that the number of observations in Column 1 is reduced because in some offerings there 
are no investors who subscribe to the next offering. T-values (in parentheses below coefficients) are based on robust 
standard errors. 

          
Panel A: Regression results 

          
Specification 1 2 
Dependent variable Decision to subscribe to next IPO Time to next subscribed IPO 

  
Coefficient Probability 

change 
Hazard ratio Hazard ratio 

change 
          
Past mean initial return 0.47 6.9 % 0.43 33.7 % 
  (18.78)   (24.32)   
          
Dummies for         

offerings Yes Yes 
portfolio value quintiles Yes Yes 
trading activity quintiles Yes Yes 
subscription activity Yes Yes 

          
Number of observations 110,501 115,040 
          
          

Panel B: Descriptive statistics 
          

  
All 

observations 
  At least three 

subscriptions 
  

          
Number of observations 321,394   115,040   
Number of failures 191,195   77,457   
Time to next IPO, mean 12.61   7.26   
Time to next IPO, median 11   3   
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Table 4 
Natural experiment of survival to next IPO 

This table gives the proportion of investors participating in a subsequent IPO conditional on having experienced 
either a negative or a positive initial return in their first IPO. The sample includes 6 pairs of IPOs. To qualify as a 
pair in this test, the two IPOs must have simultaneously running subscription periods, and it must be the case that one 
IPO has a positive initial return, while the other one has a negative initial return. The sample includes all such pairs. 
The “cumulative proportion of participating investors” is given by the number of investors who have made at least 
one further subscription since the initial IPO divided by all investors participating in the initial IPO, and it is 
calculated for ten subsequent offerings. “First IPO” includes investors who make their first IPO investment in either 
one of the IPOs in a matched pair. “Stock market entry via IPO” includes only investors who have made neiher IPO 
nor other common stock investments before. z-values are for a test of difference in proportions. 
 

 Cumulative proportion of participating investors 
First IPO  Stock market entry via IPO 

Number of offering after the 
first IPO with positive or 
negative initial return 

Pos. 
initial 
return 

Neg. 
initial 
return 

Difference 
between 

proportions 

z-
value 

 Pos. 
initial 
return 

Neg. 
initial 
return 

Difference 
between 

proportions 

z-
value 

                   
1st 0.10 0.04 0.06 7.7 0.11 0.07 0.05 2.1 
2nd 0.20 0.07 0.13 12.6 0.24 0.09 0.14 5.0 
3rd 0.33 0.13 0.20 15.3 0.38 0.16 0.22 6.0 
4th 0.43 0.17 0.26 17.5 0.50 0.19 0.30 7.3 
5th 0.45 0.18 0.28 17.7 0.53 0.21 0.32 7.1 
6th 0.50 0.19 0.30 18.7 0.55 0.22 0.33 7.2 
7thg 0.56 0.21 0.35 20.9 0.58 0.24 0.34 7.1 
8th 0.60 0.35 0.25 12.9 0.63 0.34 0.29 5.8 
9th 0.64 0.37 0.28 13.0 0.67 0.35 0.32 5.7 

10th 0.65 0.39 0.26 11.0 0.67 0.38 0.30 4.7 
                   
Number of investors at the 
beginning of 1st IPO 

2,304 2,182    412 252     
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Table 5 
Effect of past return for different investor types 

This table reports regressions similar to that in Table 2 Column 4 except that the past return variable is interacted 
with two indicator variables. Investors are first divided into quintiles based on performance (measured as own 
benchmark adjusted returns, see text) and total portfolio return, both calculated for the first half of the sample. 
Investors with no trading activity during the first half are left out of the analysis. For every investor, indicator 
variables for performance and portfolio return are defined in the following way. If an investor belongs to the highest 
quintile, the indicator gets a value of 1. If she belongs to the lowest quintile, the indicator takes a value of -1. All 
other investors are given the value of zero. T-values (in parentheses below coefficients) are based on robust standard 
errors. 
 

Specification Logit (0=No future subscriptions, 1=At least one future 
subscription) 

  1 2 3 
        
Past mean initial return 4.48 4.37 4.38 
  (19.79) (19.23) (19.25) 

× Performance indicator -0.22   -0.18 
  (-0.64)   (-0.52) 

× Portfolio return indicator   -0.22 -0.22 
    (-0.60) (-0.59) 
Performance indicator 0.04   0.02 
  (0.55)   (0.35) 
Portfolio return indicator   0.24 0.24 
    (3.43) (3.41) 
Number of past IPO subscriptions 0.45 0.46 0.46 
  (30.60) (30.65) (30.65) 
        
Portfolio value dummies Yes Yes Yes 
Trading activity dummies Yes Yes Yes 
        
Pseudo-R2 0.21 0.21 0.21 
Number of observations 19,039 19,039 19,039 
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Figure 1. Transition probabilities between previous and subsequent allocation-weighted initial return quintiles. To 
obtain the figure, the sample period is divided into two halves. The 1st half has 40 IPOs, the last occurring in October 
22, 1999, the 2nd half has 17 offerings, the last in December 20, 2000. This split is determined by placing an equal 
number of investor/offering –pairs in both periods. Investors who participate in at least three IPOs in the first half are 
included. Initial return is the average initial return from the IPOs in which the investor participates, weighted by the 
value of allocation. 
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Figure 2. This figure is based on a Logit regression similar to that in Table 2 column 1, i.e., the dependent variable is 
one if an investor participates in at least one IPO in the second half, zero otherwise (see more description in Table 2 
header). Unlike in Table 2, here previous IPO activity and initial return are divided into 25 (5 x 5) dummy variables 
each representing a pairing of one activity and one return interval. Initial return is the average initial return from the 
IPOs in which the investor participates, weighted by the value of allocation. Activity is divided into five intervals 
based on the number of IPO subscriptions, from 1 to 5 or more. Intervals for returns are based on quintiles formed on 
the distribution returns. The figure depicts the estimated coefficients for these dummy variables. The group with one 
subscription and the lowest return during the first half is the default, and is plotted as a zero. 
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