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ABSTRACT 

 
This dissertation is composed of two essays on individual investor behavior. In 

the first essay, I analyze a behavioral bias widely known as ‘disposition effect’. By 

using individual investor trades made through a discount broker between January 1991 

and November 1996, I provide a belief-based explanation built on expectations for 

disposition effect. I use proxies for expectations on future stock prices as control 

variables and show that disposition effect is concentrated in stocks where there is 

relatively a larger upward potential. This paper complements the existing literature on 

the disposition effect by providing evidence based on beliefs, rather than preferences. 

In the second essay, I extend the analysis to include public signals. 

Specifically, I examine the effect of analyst recommendations on the trading behavior 

of individual investors in a portfolio setting. It is widely documented that small 

investors fail to correct for the positive bias in analyst recommendations. I analyze this 

issue and claim that perceived upside potential and overconfidence along with the 

unrealized gain/loss in the stock position might cause different trade reactions to a 

given stock recommendation.  
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CHAPTER I 

INTRODUCTION 

 

My dissertation aims at exploring the causes of irrational individual investor 

behavior observed in financial markets. I strive to find an answer to the question “Can 

there be rational explanations behind behavioral biases in financial markets?” I use actual 

stock trades of individual investors made through a discount broker between 1991 and 

1996 to assess their responses to market and public signals. 

 In the first essay, I specifically analyze the investor behavior dubbed by the 

financial market ‘disposition effect’. The disposition effect is a behavioral explanation 

behind the empirical evidence that investors hold on to their losing investments too long 

and sell their winning investments too soon. This phenomenon is alleged to cause the 

stock’s market price to deviate from its correct value, and eventually result in 

underreaction to information.  

The central focus of the first essay is to build a link between investors’ beliefs 

about future price movements and the disposition effect. To explore the foundation of the 

disposition effect, I take a new path and investigate holding periods for common stocks 

as a function of the expectations of future stock prices. Based on the theoretical studies in 

the asset-pricing field and the empirical findings in the literature, I suggest that investors’ 

motive to attain the upside potential in stock price distributions might cause the 

disposition effect. I show that holding periods of stock positions and the realization 

probabilities of accrued gains and losses are highly sensitive to expectations that were 

shaped at the time of the purchase. Specifically, disposition effect is more prevalent 
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among stock positions that are perceived to have large upside price potentials at the time 

of the purchase. This paper complements the literature on disposition effect by providing 

an explanation that is rooted in beliefs, as opposed to preferences.  

In the second essay, I extend the analysis to include public signals. This study 

complements the literature on investor-level reaction to information releases. 

Specifically, I examine the effect of analyst recommendations on the trading behavior of 

individual investors in a portfolio setting. Controlling for the unrealized gain/loss in the 

stock position, I examine the differences in the buy-sell imbalance of individual 

investors’ trades using the same dataset of individual investors’ trades. 

It is widely documented that small investors fail to correct for the positive bias in 

analyst recommendations. I analyze this issue and claim that the upside price potential of 

a stock and overconfidence, along with the unrealized gain/loss in the stock position, 

might cause different trade reactions to a given stock recommendation.  

The structure of the data allows me to examine hold decisions as well as purchase 

and sale decisions. The extant literature focuses only on executed trades in explaining 

investor reaction to analyst recommendation. One contribution of the second essay is the 

inclusion of decisions not to trade (hold) in the analysis.  

In accordance with prior research, I analyze initiations, reiterations, upgrades and 

downgrades separately.  
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CHAPTER II 

GREAT EXPECTATIONS: UPSIDE POTENTIAL AND                                                      

THE DISPOSITION EFFECT 

 

2.1 Introduction 

This paper aims at finding an answer to the question ‘Can there be rational 

explanations behind behavioral biases in financial markets?’ I specifically analyze the 

investor behavior widely known as the disposition effect.  

The disposition effect is a behavioral explanation behind the empirical evidence 

that investors hold on to their losing investments too long and sell their winning 

investments too soon. Disposition effect has been documented to cause the stock’s 

market price to deviate from its fundamental value, and eventually result in underreaction 

to information. In support of this theory, Grinblatt and Han (2005) argue that aggregate 

unrealized capital gain is the main cause behind the profitability of a momentum strategy 

- investing in past winners and shorting past losers, expecting that winners will 

outperform losers. Frazzini (2006) supports the findings of Grinblatt and Han (2005) by 

showing that the post-announcement drift (momentum) is more significant when the 

news and the capital gains overhang have the same sign. Shumway and Wu (2005) also 

predict that the disposition effect cause stock price momentum. Goetzmann and Massa 

(2005) contend that trades between disposition-prone investors and counterparties 

influence relative prices.  

Existing literature on the subject relied, to a large extent, on the preference-based 

view suggested first by Shefrin and Statman (1985). They build on the theory of mental 

accounting (Thaler 1985) and prospect theory (Kahneman and Tversky 1979; Tversky 
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and Kahneman 1992). In Shefrin and Statman’s model (1985), investors maintain a 

separate mental account for each stock position. In addition, prospect theory implies that 

gains and losses of that account are evaluated with respect to a reference point, usually 

the purchase price. In other words, investors frame their choices with respect to potential 

gains or losses, rather than absolute levels of wealth. In this model, investors are assumed 

to maximize an S-shaped value function that is convex for losses and concave for gains. 

Thus, people are risk-averse in the domain of gains, whereas risk-seeking in the domain 

of losses. This theory is better summarized by Figure 2.1. 

Let’s assume that an investor recently purchased one share of stock A at $10 and 

the current market price of stock A is now $11. Suppose that, in the next period, the price 

could either increase by $1 or decrease by $1, with the probability of each move being 

the same, 0.5. The investor must choose between selling the stock for $11 and realizing a 

gain of $1, or holding the stock and thus bearing the risk of gaining an additional $1 or 

losing the $1 that has already been gained and breaking even. Since investors are 

assumed risk-averse in the domain of gains, the investor is expected to sell the stock. This 

decision is also implied by Figure 1 that after the investor has already gained $1, the 

utility of gaining an additional $1 will provide a utility of B units, which is relatively 

small to the utility lost, A units, if the price decreases back to the purchase price.  

Let’s again assume that the purchase price of stock A was $10. However, let the 

current market price be $9. Suppose that in the next time period, the price could either 

increase by $1, thus reach the purchase price, or decrease by $1, again with a probability 

of 0.5 for each move. The investor must choose between selling the stock now at a price 

of $9 and realize a loss of $1, or holding the stock, in which case there is a 50% chance of 
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losing an additional $1 or gaining $1 and breaking even. If the investor chooses to hold 

the stock and the stock price increases to $10, the utility gained from the recovery of loss 

is C units. However, if the stock price decreases by an additional amount of $1, the loss 

in utility is only D units (D<C). Therefore, the investor is expected to hold the losing 

position and takes the risk of losing an additional $1. This example illustrates the central 

theme of the prospect theory based on mental accounting. 

Proponents of prospect theory have proposed or implied that disposition effect is a 

manifestation of irrationality in financial markets, since the current U.S. tax code favors 

realizing losses rather than gains. The aim of this paper is to challenge behavioral studies 

by analyzing whether expectations might have a role behind this observed phenomenon.  

I specifically examine investors’ behavior in stock positions that are assumed to have 

relatively greater upside potentials and compare that to positions that are assumed to have 

less. In other words, individual investors in the sample are assumed to exhibit different 

behaviors for stocks that have different perceived upside potentials for a substantial price 

increase.  

My arguments are based on a body of literature that shows investors consider the 

right tail of the stock return distributions in their trades. For example, Barberis and Huang 

(2007) argue that investors who overweight the tails of a return distribution assign high 

valuations to stocks that had return distributions that are skewed to the right (positive 

skewness). Mitton and Vorkink (2007) and Goetzmann and Kumar (forthcoming) claim 

that investors deliberately pick skewed distribution, mainly in underdiversified 
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portfolios2.1. Although providing convincing empirical evidence, all of these studies 

exploit complex estimation techniques that are not likely to be deployed by individual 

investors.  

This study differentiates itself from the existing literature in two ways. First, the 

analysis is based on expectations instead of preferences. Preference-based theories claim 

that investors have difference risk aversion levels in the domains of gains and losses. 

However, I do not depend on separate sets of assumptions based on whether the position 

has an accrued gain or loss; the assumption of risk-aversion is valid in both cases. If stock 

prices are affected by disposition effect, the findings of this paper suggest that this effect 

is brought about, at least partially, by beliefs about future stock prices. Second, the 

formulization of control variables utilize very simple, but intuitive, arithmetic that is 

more probable to be employed by individual investors. The only assumption that is made 

in this paper is that expectations on investment decisions are based on purchase price and 

past price distributions. Given the vast availability of resources on stock price trends, 

including print stock reports and financial web sites, this assumption should be fairly 

acceptable. 

The main focus of this study is to build a link between expectations on future 

stock prices and the disposition effect. Specifically, I analyze whether holding periods 

and realization probabilities of accrued gains and losses are sensitive to the upward 

potential in the future stock prices.  

 
2.1 For other reference on skewness, see, among others,  Kraus and Litzenberger (1976), Lai (1991), Harvey 
and Siddique (2000a), Harvey et al. (2004), Polkovnichenko (2005), Brunnermeier and Parker (2005) and 
Cvitanić et al. (2007). 
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I find that disposition effect is concentrated in stock positions where there is more 

potential for a stock price increase observed at the time of the purchase. The effect of this 

perceived potential is also larger for accrued losses and holding periods less than six 

months. While the proxy for the upside potential is designed to capture the magnitude an 

expected price increase, another variable that represents for the direction of the price 

change in the long-run is substantially informative, especially for losses. The variables 

that denote the upside potential and price volatility are found to have opposing effects, 

whereas the effect is larger again for accrued losses. 

The findings of the paper imply that behavioral biases might be driven, at least 

partially, by expectations on future stock prices. Behavioral explanations are challenged 

by showing that beliefs might play a role behind the so-called irrational investor 

behavior. This study contributes to the literature by relying on simple assumptions that 

can easily be justified, by creating simple, but intuitive variables that proxy for individual 

investor expectations and finally by providing an alternative explanation for the observed 

bias rooted outside of behavioral finance.  

2.2 Literature Review  

The most widespread explanation for disposition effect has been proposed by 

Shefrin and Statman (1985). Their theoretical model is based on mental accounting and 

prospect theory. In support of the mental accounting and prospect theory, Gomes (2005) 

reconciles the optimal portfolio allocation behavior of a loss-averse investor with the 

documented disposition effect. Odean (1998) and Grinblatt and Han (2005) also advocate 

the link between prospect theory and the disposition effect. Hens and Vlcek (2005), 
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however, contend that the assumption that the investor has already taken a position in the 

stock makes the prospect theory valid only ex-post. Barberis and Xiong (2006) also claim 

that prospect theory is not adequate to explain the disposition effect. They simulate the 

trading behavior of an investor under the assumptions of the prospect theory and show 

that for some values of the expected stock return and the number of trading periods, 

prospect theory estimates a reverse disposition effect. 

Another behavioral explanation is provided by Muermann and Volkman (2006) 

and Fogel and Berry (2006). They attribute the existence of the disposition effect to the 

anticipation of regret and pride by investors. They base their theoretical model on the 

assumption that if the stock price increases, the investor wants to feel the pride for 

making such a good investment and thus sells the stock. If the price decreases, however, 

the investor regrets buying that stock if he sells; so, in order to avoid the regret and in 

hope of a stock price increase, he continues to hold the stock. 

Other alternative explanations for the disposition effect include mean reversion, 

portfolio diversification and transaction cost minimization. Odean (1998) provides 

evidence against each of them.  

Although the disposition effect has been studied extensively in the U.S. stock 

markets, evidence from foreign markets also exists. The disposition effect has been 

documented for the Finnish stock market (Grinblatt and Keloharju 2001), Israeli stock 

market (Shapira and Venezia 2001), Chinese stock market (Chen et al. 2004; Shumway 

and Wu 2005), and Australian stock market (Brown et al. 2006). 

Stock markets have not been the only focus of interest to researchers. Weber and 

Camarer (1998) and Weber and Welfens (2006) provide experimental evidence for the 



Texas Tech University, Emre Ozgur Akay, August 2008 

 9

disposition effect. The disposition effect has also been documented in the real estate 

markets (Einio and Puttonen 2006; Genesove and Mayer 2001). 

There is no agreement on whether this behavioral bias affects all investors in the 

same way or has a symmetric influence on both sides of trading. Krause et al. (2006) for 

example, document the disposition effect for buy strategies and a reverse disposition 

effect for sell strategies. They also show that disposition effect widely exists for 

inexperienced traders and since short positions are more presumably to be taken by 

experienced traders, a reverse disposition effect is more prevalent among short positions. 

Locke and Mann (2005) and Locke and Onayev (2005) provide evidence from 

futures markets that professional traders are also prone to disposition effect. Garvey and 

Murphy (2004) conclude that proprietary stock-traders also exhibit disposition effect. 

Coval and Shumway (2005) analyze the trading patterns of Chicago Board of Trade 

proprietary traders and report evidence of this investor behavior. Brown et al. (2006) 

support Locke and Mann (2005) by providing evidence from the trades of institutional 

investors. Shapira and Venezia (2001) also confirm that individual investors are relatively 

more apt to suffer from the disposition effect than institutional investors are. Weber and 

Welfens (2006), Dhar and Zhu (2006) and Shumway and Wu (2005) find that individual 

disposition effect diminishes with trading experience. Feng and Seasholes (2005) provide 

evidence that investor sophistication and trading experience alleviates the disposition 

effect. The findings of Chen et al. (2004) and Lin and Scherbina (2006) are however at 

odds with those of Feng and Seasholes (2005), where they show that professional 

managers are also prone to disposition effect. Grinblatt and Keloharju (2001) demonstrate 
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that non-financial corporations, financial and insurance institutions, governmental 

organizations and non-profit organizations are also prone to disposition effect. 

Although most of the literature supports behavioral explanations, rational 

explanations also exist that try to explain the disposition effect. Strobl (2006), for 

example, presents time-varying information asymmetry between informed and 

uninformed investors as one of the causes of the disposition effect.   

Ranguelova (2001) shows that disposition effect is more noticeable for large-cap 

stocks. In addition to that, she also documents that trades in stocks at the bottom 40 

percent of the market capitalization distribution show a reverse disposition effect. Based 

on the evidence that the disposition effect is reversed for small-cap stocks, she questions 

the validity of prospect theory as the cause of disposition effect. She also documents that 

better analyst coverage alleviates the disposition effect. She attributes this phenomenon to 

a more efficient diffusion of information with more analysts covering a stock. 

Linnainmaa (2007) discusses the effect of limit orders as a “mechanical force” 

behind the disposition effect and estimates that almost half of the disposition effect can 

be attributed to the realization of limit orders. 

Previous literature ignores the role expectations might play in explaining the roots 

of the so-called behavioral bias. In fact, if disposition effect is provoked, at least 

partially, by beliefs on future stock prices, then the implications of the behavioral studies 

will be considered questionable and less convincing.  

2.3 Hypothesis Development  

In this study, I am interested in the impact of stock price expectations on the 

disposition effect. I attempt to provide a rational explanation rooted in expectations, as 
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opposed to preferences as claimed in the behavioral literature, behind this widely 

documented investor behavior.  

I am intrigued by the idea that the extent of disposition effect an investor shows 

might not be homogeneous among all the stock positions held in a portfolio. Although it 

is widely documented that the degree of this behavioral bias changes with investor 

characteristics (consistent with behavioral explanations), I question whether it might be 

observed to see changes within the decisions of a given individual investor due to time-

varying expectations about stock prices (consistent with rational explanations). Hence, I 

argue that disposition effect is not necessarily a characteristic of the investor, instead, 

might be driven by beliefs regarding future stock prices, especially for future price paths 

that investors believe have larger upside potential.  

Why should upside potential matter in explaining disposition effect? Although it 

is examined widely in the asset pricing literature in the form of skewness, the focus has 

been the coskewness (systematic skewness) of returns, defined as the “comovement 

between the idiosyncratic component of returns and market-level volatility” in Zhang 

(2005). Kraus and Litzenberger (1976) develop an asset pricing model that incorporates 

coskewness. They argue that systematic skewness is relevant in a representative agent 

model. In the same line, Harvey and Siddique (2000a) state that, everything else equal, 

investors should prefer portfolios that are right-skewed to portfolios that are left-skewed. 

Therefore, they claim that assets that decrease a portfolio’s skewness are less desirable 

and should command higher expected returns. In their study, idiosyncratic (stock-

specific) skewness is irrelevant and does not affect expected stock returns. Conditional 

skewness, on the other hand, not only captures asymmetry in risk, but also, the downside 
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risk. Supporting Harvey and Siddique (2000a), Barberis and Huang (2007) mention that 

an investor who overweights the tails of a probability distribution values both a positively 

skewed portfolio and a positively skewed security highly. Lai (1991) also suggests that 

the skewness of portfolio return is important in the decision mechanisms of investors 

with non-increasing absolute risk aversion. Therefore, I find it interesting to study 

whether disposition effect is affected by investors’ beliefs on the upside potential of 

future stock prices.  

My main hypothesis is that disposition effect will be increasing in the expected 

price increase potential of a stock position, controlling for other factors such as 

expectations for long-term price direction, price volatility and the momentum effect. It is 

documented that investors might be attracted more towards stocks that have high 

potentials for significant price performance, since these stocks might be considered to 

have relatively larger probabilities of generating extreme positive returns. Simply put, the 

investor is overvaluing a small chance of an extreme return. 

I am also motivated by two studies that analyze the effect of an extreme return on 

the trading decision of an investor. Grinblatt and Keloharju (2001) find that stocks with 

extreme positive returns in the recent past and with prices at their monthly highs are more 

likely to be sold. They also discuss that whether the stock price is trading at a monthly 

high or low affects investors’ trading behavior between contrarian and momentum 

strategies. They empirically show that the tendency of an investor to sell a stock gets 

larger as the size of the past market-adjusted return increases.  

In a recent study, Ivković et al. (2007) find that investors are more likely to 

realize their gains and losses if the stock is trading close to the highest price since 
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purchase. Their study also demonstrates that high past-performance stocks in the previous 

month are more likely to be sold.  

However, different from these two studies, I assume that the decision to invest in 

a stock with large upside potential is first observed at the time of the purchase. To my 

knowledge, current literature on the disposition effect has not used any information, other 

than the purchase price, that is available on the day when the purchase decision is made. 

If the decision to sell versus hold is at least partially triggered by expectations, as 

opposed to preferences, these expectations should start to be shaped at the time when the 

investment decision was made.  

It is also arguable that it is expectations at the time of the sale that are relevant 

rather than those at the time of the purchase. However, once a position is initiated it is 

hard to tell whether it is expectations regarding the future prices (forward-looking 

information) or the accrued gain or loss in the position (information based on the past) 

that is causing the sale decision (sell or hold) since the two forces are inextricably 

intertwined. Thus, it is crucial to find variables that proxy for expectations and are 

uncorrelated with the gain or loss in the position. The best point to achieve this in the 

investment horizon is the time of the purchase. Previous literature fails to take into 

account expectations that are materialized at the initiation of a position. Rather, the focal 

point has been price movements observed around the time of sale. 

  I extend the previous studies by examining the effect of expected price 

movements on the trading behavior of individual investors. The empirical evidence that 

investors’ propensity to sell increases when the stock price hits a high in the recent past is 

an indication that investors might consider the tails of the price distribution in their 
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trading decisions. I argue that waiting for a high price in investors’ investment horizon to 

sell their position might augment the disposition effect, controlling for other factors.  

I contemplate that the tendency to realize gains sooner than losses can be 

explained by beliefs rather than preferences, specifically by analyzing the expectation 

about future stock prices. Preference-based (behavioral) explanations, such as prospect 

theory, argue that investors prefer to realize gains and ride losses due to different risk-

aversion levels in the domains of gains and losses and other behavioral biases such as 

loss aversion and mental accounting. Rational theories, on the other hand, try to provide a 

belief-based explanation for the documented phenomenon. My paper falls into the second 

category. 

I also argue that the preference for stocks that are deemed to have large upside 

potential for a substantial price increase might be time varying for a given investor. 

Therefore, an investor can invest in stocks with high upside potential at one time and 

stocks with low upside potential at another time. However, the degree of the disposition 

effect will change accordingly. However, existing literature has estimated the disposition 

effect either on a stock or an individual investor basis. One major contribution of this 

study is the relaxation of this assumption. I argue that the extent of the disposition effect 

changes on a position-basis, as a consequence of different expectations varying according 

to the cost of the position with respect to the historical price distribution.  

Given that the investor invested in a stock based on the information set, the next 

decision is when and which stock to sell. The investor has to realize either a gain or a 

loss. Disposition effect states that investors on average realize gains sooner than losses.      
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I claim that this effect may not be homogenous in all stocks an investor holds and test my 

first hypothesis: 

H1a: For stock positions whose price distributions had larger upside potential 

observed at the time of the purchase, the extent of the disposition effect will be larger. 

That is, individual investors will have a higher propensity to sell winners than losers, 

since accrued gains will diminish the upward potential whereas accrued losses will not.  

H1b: For stocks that had less upside potential at the time of the purchase, 

individual investors will not exhibit disposition effect.  

I allow for investor-level heterogeneity and clustering by stocks in my analysis. 

My expectations regarding the relation between the upside potential and the disposition 

effect are presented in the following grid: 

 Gain Loss 

More potential Disposition Effect (sell) (1) Disposition Effect (hold) (2)

Less potential Reverse Disposition Effect (hold) (3) Reverse Disposition Effect (sell) (4)

 

It is documented that investors have a preference for stocks (and portfolios) that 

have large ex ante skewness, because that provides an opportunity for large gains. If 

small investors’ perception of skewness is best proxied by observing the upside potential 

in the expected stock price path, then for stocks that had high upside potential, if 

investors observe a gain later, they capture the gain by selling winners. This behavior can 

be attributed to the investor belief that the price increase has decreased or eliminated the 

upside potential in the stock price distribution. The same investors will hold losers, because 
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without any observed gain yet, they anticipate a higher chance of a price surge due to the 

increased upside potential of the stock position. 

Let’s assume that at t=0, an investor buys a stock whose price is close to the 52-

week low price. Thus, the investor believes that the stock is undervalued by the market 

and sets a target price. At t=1, he observes that the stock position has a gain (cell 1) and 

believes that he has achieved to lock in a gain when the return is in the right upper tail of 

the price distribution and therefore realizes the gain. A decreased probability of a further 

increase in the stock price also justifies his decision to realize this gain. Now, let’s 

assume that he has an unrealized loss rather than gain (cell 2). Similarly, the investor is 

expected to hold onto his loss due to his belief that even though the stock is trading at a 

loss, there is still a greater upward potential that is not incorporated into the price yet. For 

this reason, disposition effect is expected to be more severe in the domain of losses for 

stock positions with relatively higher upward potential in the price distribution.  

A different behavior is expected for stock positions with relatively lower upside 

potential in the future stock prices. I expect to see reverse disposition effect for stock 

positions with relatively lower upside potential. Reverse disposition is the situation where 

investors have a higher propensity to realize their losses than gains, a behavior consistent 

with current tax code. Odean (1998), Grinblatt and Keloharju (2001), Barber and Odean 

(2003), Ivković et al. (2005) and several other papers identify tax-motivated selling as the 

opposite of disposition effect such that it is the optimal trading strategy under the current 

tax code, whereas disposition effect leads to a suboptimal decision due to increased tax 

liability. I contend that tax-motivated trading (reverse disposition) will prevail over the 

disposition effect when the stock position has relatively lower upside potential, since the 
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overweighting of the right tail of the price distribution will be less prevalent and the 

smaller chance of a further price increase will cause a different behavior with respect to 

gains and losses. In the gains domain (cell 3), a stock position with a relatively lower 

upside potential will be held longer in order to evade the tax liability associated with a 

sale. It is debatable why the tax effect holds for gains with relatively less potential (cell 3) 

and does not hold for gains with relatively more potential (cell 1). Gains are already 

documented to be realized sooner than losses and this behavior contradicts rational 

behavior given the current tax codes. However, I hypothesize that the expectation of a 

substantially large price increase will dominate the tax-motivated behavior for stock 

positions with more upside potential while tax-motivated trading will dominate the 

expectation of a large price increase for positions with less upside potential. In the loss 

domain (cell 4), a stock position with relatively less upside potential will be sold to take 

advantage of the tax shield. 

In the next section I shift my focal point to the question whether the expectations 

regarding the upside potential of a stock position has symmetric effects on gains and 

losses. If two stocks are observed at the purchase with same levels of potential for a price 

increase, and one has accrued gains of 15 percent and the other has accrued gains of 15 

percent after n months, are the change in the realization probabilities of both the same 

with respect to a third stock with no price change? To answer that question I test the 

following hypothesis: 

H2: High levels of upside potential for a price increase will lead to lower 

realization probabilities of both accrued gains and losses, with the extent of the effect 

being the same. 
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ll 

The hypothesis indicates that both losses and gains, which have high upside 

potential observed at the time of the purchase, will have lower realization probabilities.  

I illustrate my argument with the following example. Let’s assume that an 

investor has 4 stocks in his portfolio. Stocks A and B have the same purchase date and 

appreciated by 10% since purchase. Given that the investor has decided to realize a gain, 

he has to choose between the two stocks, whose estimated upside potential coefficients at 

the time of the purchase were SA=10 and SB=50, respectively. The investor has decided 

to realize a gain and is choosing from stocks A and B. I hypothesize that the investor wi

sell stock A, since its prospects for a substantial price surge is lower relative to that of 

stock B. Therefore, controlling for the gain in the stock position, a higher upside potential 

coefficient estimated at purchase will lead to a lower tendency to sell.  

Let’s also assume that stocks C and D have the same purchase date and both 

depreciated by 10% since purchase. Their coefficients for upside potential estimated at 

the time of the purchase were SC=10 and SD=50, respectively. After n days, the investor 

has decided to realize a loss and is choosing from stocks C and D. Controlling for the loss 

in both stocks, I expect that stock C will be sold, since its prospects for a substantial price 

surge is lower relative to that of stock D. 

In summary, the perceived upside potential is alleged to have similar effect on 

both gains and losses, where the realization probabilities of accrued gains and losses will 

be decreasing in the perceived upside potential of stock positions. 

Estimating the coefficient that proxies for the upside potential for a substantial 

price increase before the stock enters the portfolio provides us with information regarding 

investors’ expectations on stock positions that are deemed to have larger upside 
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potentials. Updating the coefficient through time as the stock is held in the portfolio 

would be redundant since any increase in the price that decreases the upside potential will 

be highly correlated with the accrued gains and any decrease in the price that increase the 

upside potential will be highly correlated with the accrued losses.  

To distinguish the disposition effect from the contrarian and momentum 

strategies, I control for the stocks’ past 12-month returns besides the unrealized capital 

gain/loss in the stock positions. I also include in my analysis the price volatility for 

several reasons. First, Lai (1991) argues that when skewness is present, choosing stocks 

into the portfolio is determined by two “competing and conflicting” goals, maximizing 

the expected return and skewness of the portfolio and minimizing its risk, which are 

simultaneously in effect. In this study, I argue that attaining a high price in the stock 

position will lead to a higher level of disposition effect, while controlling for price 

volatility. 

Second, Goetzmann and Massa (2005) and Kumar (forthcoming) report a positive 

relation between the disposition effect and the volatility of the stock. Kumar 

(forthcoming) argues that the disposition effect for a stock is higher when there is more 

uncertainty about its valuation, where uncertainty is proxied by idiosyncratic volatility, 

volume turnover and firm age. Moreover, he mentions that gambling behavior could lead 

to some investors holding on to their losses longer when idiosyncratic volatility is higher, 

since the desire to attain an extreme payoff might delay the realization of the capital gain. 

Third, Kumar (2006) also argues that higher idiosyncratic volatility can magnify 

the effect of skewness on investor decisions. He gives an example of a low price-high 

idiosyncratic skewness stock with low idiosyncratic volatility where the extreme return 
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events may be perceived as outliers, having a low probability of reoccurrence. Therefore, 

I include price volatility in my analysis as well as momentum.  

2.4 Sample and Data Description 

I use a dataset from a large discount brokerage house. This dataset contains the 

monthly positions and daily trades of 78,000 households from January 1991 to December 

1996. A detailed description of this dataset is provided by Barber and Odean (2000).        

I analyze common stock trades and positions only, in both taxable and tax-deferred 

accounts. There are a total of 62,387 households in the database who trade stocks. More 

than half of the households in the database have multiple accounts. An average investor 

holds a 4-stock portfolio (median is 3) with an average size of $35,629 (median is 

$13,869). 

 I include in my sample all the sales that I can match with purchases as well as all 

the purchases unmatched with sales, so that I can analyze the effect of upside potential on 

both sell and hold decisions. The reason why I keep all purchases is that I need the 

purchase price to identify the reference point in all sell/hold decisions; however no sell 

trade is required to calculate the unrealized gain/loss. 

I also impose two restrictions on the sample. First, the stock price information 

should be available on CRSP for at least 252 trading days prior to the time of the 

purchase, so that I can construct my control variables. Second, following Ivkovic et al. 

(2005), I keep purchases and sales that I can match with confidence, which are single 

purchases followed by a single sale and single purchase followed by multiple sales. In the 

case of multiple sales, only the first sale date is included into the sample. Although this 

might underestimate the duration of common stock positions, I am confident that its 
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effect is minimal since 95% of the sales in the sample are total liquidation of the stock 

position. The reason behind including only single purchases into the sample is to have 

clean measures of control variables. Although it is relatively easy for an individual 

investor to update the cost basis of a stock position, the perceived upside potential 

measure along with other variables of interest are assumed to be observed at the time of 

the purchase and not updated. My results might also be sensitive to the choice of 

accounting method use (FIFO, LIFO or average cost) in the case of multiple purchases. 

Table 2.1 presents summary statistics about the sample. The final sample has a 

total of 575,001 purchases and 385,208 sales made by 52,369 investor in 83,406 

accounts. The sample is smaller than those previously used in other studies due to the 

restriction I impose on the data. About two thirds of the trades are made in taxable 

accounts. The average realized gain is 33 percent, whereas average unrealized gain is 49 

percent. The average realized and unrealized losses are both approximately 21 per cent.  

2.5 Construction of the Control Variables 

The focus of this study is the effect of expectations on the disposition effect. 

Therefore, the estimation of proxies for expectations is one of the major tasks to be 

accomplished. There are three variables I use that proxy for expectations: Perceived 

upside potential for a substantial price increase, a dummy representing expectations on 

long-term price direction and a volatility measure. 

Harvey and Siddique (2000a) method has been the commonly accepted formula in 

the financial literature for estimating skewness: 

ittitiiftit RMRMR-R   2  [2.1] 
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where Rit is the rate of return on stock i, Rft is the risk-free rate, RMt is the excess market 

return, and i is the residual. At the end of each month t, the regression is run for each 

stock to estimate the co(skewness) by using the previous 60 months of data. The 

skewness of the residual it indicates the idiosyncratic skewness of stock i, whereas the 

coefficient estimate γi is the systematic skewness measure for the same stock. Mitton and 

Vorkink (2007), for example, utilize the formula to estimate the idiosyncratic skewness 

of the stocks individual investors hold in their portfolios at a major discount broker.  

However, while institutional investors can depend on sophisticated methods to 

estimate skewness, the assumption that small investors rely on the same set of complex 

techniques in their analyses is not very plausible. Although there is the financial press 

and free online resources that report CAPM betas and risk/return rankings for individual 

stocks, neither ex post nor ex ante skewness measures are covered in the media. 

Moreover, there is no empirical or anecdotal evidence that individual investors make 

their financial decisions based on beta estimations. Rather, it is more likely that they 

employ simpler techniques based on past price movements.  

In this paper, I do not argue that it is some force other than the risk-return tradeoff 

that triggers individual investor trading. On the contrary, I say that it is expectations per 

se rather than preferences that amplify the disposition effect. However, the estimation of 

risk and skewness measures in the behavioral finance literature is too complex for 

individual investors to apply in real life. For this reason, I use a simpler, but intuitive 

methodology to estimate a variable that represents individual investors’ perception of 

skewness. My estimation does not rely on hard regression assumptions that many other 
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studies make, but is based on past price movements that are readily observed and can be 

easily processed by the market participants.  

The variable that represents the expectations for a substantial price increase (UP) 

is calculated by observing the 52-week high and low prices at the time of the purchase 

and determining where the investor’s cost lies in that spectrum. In a sense, it represents 

investors’ beliefs regarding the upside potential of their stock positions when these 

positions are initiated. 

Although the future performance of a stock is affected by various market and 

firm-specific factors, such as the overall condition of the economy, the viability of the 

industry, firm’s capability of generating earnings, consumer demand, competitors, etc., 

the variable used in this study is an intuitive approximation of what an average individual 

investor would use to anticipate the stock price performance. Therefore, it does not 

represent the actual upside potential of the stock, rather the ‘perceived’ upside potential 

assumed by the investor. Thus, it is important to note that wherever it is mentioned in the 

text, the upside potential variable represents the perception of the upside potential by the 

individual investors in the sample.   

 The estimation technique can best be explained by using an example. Let’s 

assume that an investor buys stock A at $10 today. He also observes that the 52-week low 

price for stock A was $5 and the 52-week high price was $20. The upside potential 

measure is estimated by dividing the distance from the 52-week high to the cost (Distance 

denoted by A in the following illustration) by the distance from the cost to the 52-week 

low (distance B).  
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$20 
52-week high

$10 
Purchase price

$5 
52-week low 

 

 

 So, the estimated upside potential coefficient would be ($20-$10) / ($10-$5) = 2. 

By definition, the range of the upside potential coefficient (UP) is [0, ∞). I winsorize 

estimations at the 1st and 99th percentiles in order to minimize bias caused by outliers; so 

the final range becomes [0.02, 100]. The construction of the variable dictates that, as the 

ratio of A to B gets larger, the upside potential for a substantial price jump increases.  

One possible argument that might challenge the estimation technique described 

above is the reason why an investor should buy a stock that is trading at or close to the 

52-week high price. Investors might be expected to purchase stocks that are cheap bets, 

where the price is trading close to the 52-week low price. However, 8,034 of the 575,001 

stock purchases (around 1.4% of all purchase) are made at the 52-week high prices, even 

before the commissions. In fact, when the costs of the stock positions are adjusted for 

commissions, 37,261 of the 575,001 stock purchases (around 6.48% of all purchases) are 

made at a price equal or higher than the 52-week high prices. On the other hand, only 

4,002 purchases are made at the 52-week low price, without considering commissions. Of 

the 575,001 purchases, 11,827 have upside potential coefficients larger than 50. 

Thus, buying at relatively low prices is not investors’ only motivation when they 

make their investment decisions. Some investors might actually purchase stocks that are 

trading close to the recent high prices, expecting that the momentum in the stock price 

will lead to a higher price. There might also be firm-specific effects, such as news about 

earnings, an unsolicited offer, new management, high dividend payout ratios, etc. that 
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might make the stock more attractive for investors even at historically high prices. 

However, I argue that the perceived upside potential of these stock positions might lead 

to lower expectations and thus resulting in a smaller extent of disposition effect. 

Likewise, an investor, who initiated a stock position at the 52-week high price in 

expectation of a momentum in the stock price, might liquidate the position as soon as he 

observes a profit. As the prospect of a further and substantial price increase is low for a 

stock trading at the historical high, expectation might be lower on the stock. The findings 

of the paper also support the argument that the low-expectation stocks are held in the 

portfolio for a shorter period of time. 

The estimation of the variable representing the upside potential of a stock position 

is subject to criticism that it might be capturing the investor’s prediction for long-term 

price direction, rather than upward potential in the stock position. It might be argued that, 

it is the investor’s belief about the direction of prices in the long-run that makes them 

hold their losses longer, instead of the inequality of the distance of purchase price to the 

both ends in the price spectrum. Therefore, I develop another measure that would capture 

the expectations regarding long-term price direction. DIR is a dummy variable that takes 

a value of 1 if the purchase price is less than the mean price observed in the 52 weeks 

prior to the purchase, and 0 otherwise. It is also debatable that comparing the purchase 

price to the 52-week median price, rather than the 52-week mean price, might make more 

sense if the price distribution is highly skewed. However, in this study, individual 

investors are assumed to deduce the 52-week average price by observing the price charts 

available from various financial media. It is more likely that they estimate a line that cuts 
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the graph from the mean rather than the median value. Thus, 52-week average price is 

used to estimate the long-term directional expectation. 

Let’s again assume that a position is initiated in stock A, at a cost of $10, whereas 

the 52-week average price (calculated by averaging the close prices for the previous 252 

trading days) estimated by the investor is $15. So, the proxy for investors’ prediction of 

long-term price direction would take a value of 1.  

 

DIR = 1  

 
$15 

52-week average price
$10 

Purchase price 

A similar argument regarding why an investor would buy a stock close to the 52-

week high can also be made for the reason an investor would buy a stock at a price that is 

more than the 52-week average price. 335,404 of the 575,001 purchases are made at 

prices that are higher than the corresponding 52-week average prices. Thus, ‘buying at 

low, and selling at high’ is not the only motivation behind the investment decisions. 

However, I claim that the expectations will differ according to the location of the cost of 

the stock position with respect to the 52-week average price. 

Even though the proxy for upside potential (UP) and the variable that represents 

the expectations on long-term price direction (DIR) are constructed to capture separate 

expectations regarding future stock prices, isolating the effects of the two is challenging. 

If the purchase price of a stock is close to the 52-week low price, it is very likely that DIR 

will be equal to one, and vice versa. Actually, the correlation between the two variables is 

0.41 ; a high correlation considering the fact that one is a continuous variable and the 
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other is binary. Nonetheless, UP still provides marginal information on top of the 

directional expectation DIR indicates. 

The power of the two measures comes from the assumption inherited in the 

construction. Behavioral explanations that try to explain disposition effect use either 

fixed covariates on the characteristic of the investor such as sex, age and type (affluent, 

general, etc.), or time-varying covariates on both the investor or the stock that they trade, 

such as experience of the investor, number of stocks traded in a given year, and size of 

the firm, etc. However, one shortcoming of these studies is that they treat every position 

an individual investor takes the same, disregarding the differences in expectations. Even 

the time-varying covariates on a given stock take on time-varying values on a monthly or 

yearly basis (Kumar forthcoming; Ranguevola 2001). In other words, even the 

explanations rooted in rational finance assume that the attributes of a given stock do not 

change significantly at a high frequency. For example, when analyzing the effect of the 

size of the firm (Ranguelova, 2001) or the value uncertainty (Kumar, 2007) on the 

disposition effect, the time-varying covariates are updated only at a monthly or quarterly 

basis. However, it is reasonable to assume that investors’ expectations on stock returns 

would be different for each separate purchase, especially depending on the cost of a stock 

position. In other words, the expectations are sensitive to the cost of the stock relative to 

the minimum and maximum prices observed in the most recent 252 trading days. 

Under the estimation technique used in this study, the perceived upside potential 

of two positions in a given stock initiated by two different investors on the same day 

might be different from each other, especially if the price was volatile during the day. 
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Similarly, the perceived upside potential of two stock positions initiated in consecutive 

months by two different investors might be the same, if the costs are close to each other.  

The bottom line is, the two measures constructed based on the cost of the position 

provides a superior proxy for expectations of individual investors, than proxies estimated 

by elaborate formulations. 

I also include a proxy for ‘value uncertainty’ based on the empirical findings of 

Kumar (forthcoming). Kumar (forthcoming) shows that the disposition effect is 

significantly higher for “hard-to-value” stocks. The idiosyncratic variance in his paper is 

estimated by applying a four-factor model following Ang et al. (2006): 

[2.2] 
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where Rit is the rate of return on stock i, Rft is the risk-free rate, MKTRFt is the excess 

market return, HMLt is the value factor, SMBt is the size factor, UMDt is the momentum 

factor and i is the residual. The variance of the error term obtained from running the 

regression above, using daily data available in a given month, is the idiosyncratic 

variance measure. Again, his model employs intricate formulizations that are not very 

likely to be utilized by individual investors.  

In this paper, I use a proxy for volatility (value ambiguity) that can be easily 

estimated by individual investors. I divide the 52-week high-to-low range by the average 

price that is estimated over the same period.   
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For the example above, the volatility would be (H - L) / AP: ($20-$5) / $15 = 1. 

By definition the range of the volatility measure is [0, ∞). Again, I winsorize the 

estimates at the 1st and 99th percentiles in order to remedy the problems with outliers. So, 

the new range becomes [0.16, 2.65]. The wider the range of the observed prices (H - L) 

with respect to the average price observed (AP), the higher the price volatility. 

The three measures of interest are constructed so that they rely on readily- 

observed information by small investors at no cost. The only figure that requires 

estimation is average purchase price, which can be approximated by looking at the price 

charts that are available on various financial web sites. The assumption that individual 

investors can estimate average price from the graph is relatively a more plausible one 

than those used in other studies in which individual investors are believed to be able to 

differentiate between idiosyncratic and conditional skewness.  

It is questionable why the control variables are derived from the price history 

rather than the return history. There is even a literature that depicts extreme one-day 

returns trigger investor reaction2.2. Although one-day returns are easy to observe, since 

they find place in the financial media especially in the case of extreme price changes, 

there is no evidence that small investors actually use historical returns in their trade 

decisions. The assumption that the upside potential of a stock return will be determined 

by the observed prices in the previous 252 days is more plausible than the assumption 

that the upside potential will be determined from the calculation of the returns recorded in 

the last 252 days. Price charts are also available from financial media, whereas return 

 
2.2 Please see Sturm (2003), Larson and Madura. (2003), Griffin et al. (2003), Duran and Caginalp (2007), 
Barber abd Odean (2008). 
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charts must be created by the investors themselves if necessary. Price information can be 

observed without an additional cost, especially if one is interested in the historical 

extreme prices of a given stock. Both the 52-week high and low prices and the price 

charts provide information on the range of the prices observed in the most recent year. 

Therefore, control variables are constructed using the price data. 

2.6 Empirical Analysis & Results 

2.6.1 Holding Periods of Accrued Gains and Losses 

The disposition effect has been defined in the literature as the phenomenon that 

investors realize their gains too soon and ride their losses too long. So, one way to 

approach the problem whether the expectations for a substantial price surge, estimated in 

the way described above, does have an impact on the holding periods of gains and losses 

is to examine the holding periods of stocks. 

Single sales associated with single purchases (95% of the data) are included, as 

well as multiple sales preceded with single purchases. In the case of multiple sales, only 

the first sale date is included in the sample. Censored observations – where the stock is 

not sold by the end of sample period, November 1996 – are excluded from the analysis.  

Table 2.2 provides summary statistics on the holding periods. In the sample 

consisting of all accounts, losses are held on average approximately 5 days longer than 

gains. When taxable accounts are examined separately, losses are held on average 

approximately 10 days longer than gains. The difference in the mean holding number of 

days changes sign in tax-deferred accounts, yet the estimated difference is insignificant. It 

might be inferred from the table that disposition effect is a phenomenon observed only in 
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taxable accounts. However, this is a weak conclusion provided by a very preliminary 

analysis. 

Next, I analyze the effect of expectations on the disposition effect in the upside-

potential-sorted portfolios. First, I rank all purchases by their estimated upside potential 

measures and assign them into one of the quintile portfolios based on their rank, where 

Portfolio 1 (5) has the positions with the lowest (highest) coefficients. Then, I analyze the 

holding periods of positions separately for realizations of gains and losses, in the full 

sample, taxable account and tax-deferred accounts. 

Table 2.3 reports the average holding days in quintile portfolios. In Panel A, the 

sample consisting of all accounts, the mean (median) number of days a gain is held in the 

portfolio is 244 (123) days in Portfolio 1, whereas the same figure is 221 (96) days for 

losses. The difference between the number of gains and losses held in the portfolio is 23 

days and significant at the 1 percent level. When I move down to the portfolios with 

stock positions having larger coefficients for upside potential, the coefficient on the 

difference not only changes its sign, but also becomes larger. The mean (median) number 

of days a gain is held in Portfolio 5 is 274 (134) days and the corresponding number is 

305 (180) days for losses. This is the first evidence supporting the effect of expectations 

for a substantial price surge on the disposition effect.  

Another implication of the table is that there is a monotonous increase in the 

holding number of days for both gains and losses as the stock positions’ perceived upside 

potentials increase. However, the effect is larger for losses than gains. The difference for 

the average holding number of days of losses between Portfolio 1 and Portfolio 5 is 84 

days (305 – 221); corresponding figure being only 29 (274-245) for gains. The 
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information presented in Panel A provides support for Hypothesis 1 that disposition 

effect is increasing in the perceived upside potential of stock positions. 

The analysis of holding periods in taxable accounts reveals similar results (Panel 

B). While losses are held for a fewer number of days than gains in the portfolio including 

stock positions with the smallest upside potential coefficients, this situation changes as I 

move down to the portfolios including positions with the largest upside potential 

coefficients. The difference between the mean holding number of days is 36 in Portfolio 

5 (largest upside potential) compared to -18 in Portfolio 1 (smallest upside potential). 

The findings are somewhat different in tax-deferred accounts. It takes an average 

of 35 days more to realize gains than losses in the quintile portfolio including positions 

with the smallest upside potential coefficients. The differences for portfolio 2, 3 and 4 are 

insignificantly different from zero, whereas it is 24 days for portfolio 5. The effect of 

perceived upside potential is present in the two extreme portfolios in tax-deferred 

accounts.  

Table 2.3 provides empirical evidence for Hypothesis 1 that disposition effect is 

increasing in expectations for a substantial price surge estimated by the upside potential 

variable. The holding periods of both winning and losing stock positions display an 

increase as I move down to the portfolios consisting of stocks with larger upside potential 

coefficients, whereas this effect is substantially greater for losing positions, which 

eventually creates disposition effect.  

It can also be inferred from Panel C that disposition effect is a fact not only in 

taxable accounts, but also observable to some extent in tax-deferred accounts. If the 

disposition effect is, at least partially, induced by expectations, the tax status of the 
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account should have minimal effect on the results. Accordingly, I document the effect in 

both types of accounts. It is interesting though, to observe the effect only in extreme 

portfolios. 

2.6.2 PGR-PLR Methodology (Odean 1998; Kumar 2007) 

Another way of analyzing disposition effect is suggested by Kumar (2007). His 

specification is essential to my study, because it enables testing the disposition effect at 

the stock level. This estimation method is a modification of the original disposition effect 

(DE) measure suggested by Odean (1998), where he introduces a tool that measures “the 

frequency with which investors sell winners and losers relative to their opportunities to 

sell each.”  

The method necessitates to record the realized gain or loss when a stock position 

is sold and recording the unrealized gains and/or losses remaining in the account. Then, 

these measures are accumulated at the stock level and aggregated to find the 

corresponding disposition effect. The calculation is made as follows: When stocks are 

sold at a capital gain the proportion of gains (PGR) is calculated by  

i
gp

i
gr

i
gr

i NN

N
PGR


  

Similarly, the proportion of losses (PLR) is estimated using the following formula: 

i
lp

i
lr

i
lr

i NN

N
PLR


 , where 

realized is gain a  wherei  stockin trades of numberN i
gr   

realized is loss a  wherei  stockin trades of numberN i
lr   
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 gain a is there  wherei  stockin trades paper) (or potential of numberN i
gp   

loss a is there  wherei  stockin trades paper) (or potential of numberN i
lp   

A negative difference between PLR and PGR provides evidence for the 

disposition effect at the stock level.  

iii PGRPLRDE     [2.3] 

 The summary statistics for the aggregate disposition effect are presented in Table 

2.4. The disposition effect is evident in the full sample in non-December months. Tax-

loss selling, the rational behavior under the current U.S. tax codes, dominates in 

December in taxable accounts, whereas investors have a greater tendency to realize their 

gains in both December and non-December months in tax-deferred accounts. 

Table 2.5 reports the disposition effect estimates in quintile portfolios sorted 

according to the perceived upside potential. The monotonous increase in the disposition 

effect is visible in both taxable and tax-deferred accounts as I move from portfolios 

including positions with smaller upside potential coefficients to portfolios including 

positions with larger upside potential coefficients. The mean disposition effect estimate is 

2.35 percent in Portfolio 1 in taxable accounts, whereas it drops down to -14.54 percent 

in Portfolio 5 (more negative the difference, larger the disposition effect). The effect of 

upside potential is larger in tax-deferred accounts, mainly due to investors’ greater 

propensity to realize gains in these accounts. The difference between the PGR and PLR 

jumps to -20.37 percent in Portfolio 5.   
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It can be inferred again from the results in Table 2.5 that disposition effect is not 

existent only in taxable accounts and the impact of perceived upside potential is 

somewhat similar in both account types. 

Kumar (forthcoming) argues that disposition effect is stronger when stocks are 

‘harder-to-value’. He shows that various proxies for price ambiguity including market 

and idiosyncratic volatility, firm age and size augments the disposition effect due to the 

fact that individuals are more prone to behavioral biases when uncertainty is abundant. 

In this study, I use a simple, but intuitive, proxy for ‘price ambiguity’, as 

described before. In order to test whether disposition effect is still present after 

controlling for price volatility (VOL), I use a double-sorting methodology, where 

positions are sorted first according to their estimated volatility measures and assigned 

into one of the portfolios. Portfolio 1 consists of positions with the lowest volatility 

coefficients, whereas Portfolio 5 consists of stocks with the highest volatility coefficients. 

Then, in each volatility-sorted quintile portfolio, I sort positions according to their upside 

potential coefficients and create five upside potential-sorted quintile portfolios. Each of 

the 25 portfolios has an equal number of stock positions (23,000). The disposition effect 

estimates in the 25 portfolios are presented in Table 2.6.  

The disposition effect increases as I move from low-potential portfolios to high- 

potential portfolios in each volatility quintile. However, in the highest volatility portfolio, 

the influence of upside potential is substantially larger. For example, in taxable accounts, 

in volatility quintile 1, disposition effect increases to -6.98% from a reverse disposition of 

2.86 percent as I move from upside potential portfolio 1 to portfolio 5. However, the 

magnitude of the change is 22.41 percent (3.70% - (-18.71%)) in volatility quintile 
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portfolio 5. The impact of upside potential on the disposition effect increases in volatility. 

The volatility measure is based on the price range with respect to average price. Thus, 

investors might perceive obtaining a higher price more likely if the price shows more 

volatility. However, it is not possible to conclude from the table that volatility has a 

consistent influence on the disposition effect, especially in portfolios consisting of stocks 

with small upside potential coefficients. However, the formation of portfolios presented 

in this table does not rely on independent sorts. In other words, stocks are not sorted 

independently by upside potential and volatility and then assigned into matching 

portfolios. Rather, upside potential-sorted portfolios are created in each volatility-sorted 

quintile portfolios, which may create a bias when the effect of volatility is analyzed in 

each upside potential quintile. The intention of this table is to examine the effect of 

upside potential, after the effect of volatility is controlled for. Therefore, the table does 

not provide by itself reliable information regarding the effect of volatility. Although the 

correlation between the estimated upside potential and volatility coefficients is very low 

(-0.01) – thus, it is arguable that the volatility has a magnifying effect – I do not try to 

make an assertion with respect to volatility by examining this table. Volatility will be 

analyzed separately in the event history analysis later in the chapter. 

2.6.3 Event History Analysis and Logistic Regression to Analyze Realization 
Probabilities of Accrued Gains and Losses 

 
Although previous results provide evidence on the effect of upside potential, there 

is a significant shortcoming in analyzing the sale decisions without considering the 

information prior to the sale. Previous literature on the disposition effect has largely 

relied on logistic regression. Although the logit methodology is a powerful tool in 
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analyzing the sell versus hold decision, there is a major limitation that it ignores the flow 

of information between the date of the purchase and the date the position is liquidated. 

For example, let’s assume that there are two stocks, stock A and B, which are purchased 

on the same day at a price of $10 each. Stock A is sold 6 months later at a price of $9, 

recording a loss for the investor. At that time, stock B was trading at $10.25. Stock B is 

sold 12 months after the purchase at $11. If these are the only trades made by a given 

investor and only the purchase and two sale dates are included in the analysis, I will 

conclude that it took six months for the investor to realize a loss and twelve months to 

realize a gain. However, let’s also assume that stock A has reached a maximum price of 

only $9 in the six months between the purchase and the sale dates. The stock could be 

realized only at a loss during the time when it was held in the portfolio. So, the investor 

has actually kept the paper loss for 6 months. For stock B, let’s assume that the monthly 

high prices were in the range of $6-$9 for the 11 months after the purchase and in the 

twelfth month it recorded a monthly high of $12. So, the stock was actually trading at a 

loss in the eleven months following the purchase, and has only recorded a gain in the 

twelfth month, in which the investor has realized this gain by selling. Basically, the loss 

was held for eleven months, and the gain was held only for a month. Thus, the investor 

has actually kept his gain only for month. This example illustrates that disregarding the 

information between the purchase and the sale might produce erroneous results. 

Therefore, I next analyze how the probability of the sale of a stock position 

changes over time by taking into account information between the purchase and the sale. 

I calculate the monthly hazard rates for stock purchases conditional on whether the stock 

position has experienced a gain or a loss since purchase. Gains and losses are calculated 
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at the end of each month as follows: If the purchase price of stock i is below month t’s 

lowest price then a gain is recorded in month t using the following formula:  

 1- }PP2])L{[(H iti,ti,, tiGain  [2.4] 

where PPi is the purchase price, Hi,t and Li,t are highest and lowest prices observed in

month t, relatively. If the purchase price was below the lowest price observed in month t, 

the investor could sell the stock any time in the month at a gain.  

 

}

If the purchase price of a stock is above the given month’s highest price, then a 

loss is recorded using the following: 

 PP2])L{[(H -1 iti,ti,, tiLoss  [2.5] 

If the purchase price was above the highest price observed in month t, the investor 

could sell the stock any time in the month at a loss. Note that the sign of the coefficient 

on Lossi,t is positive.  If the purchase price falls in between the monthly low and high 

prices, neither a gain nor a loss is recorded. 

Conditional hazard rates are calculated by counting the total number of gains and 

losses realized in a month, and dividing this number by the total number of gains and 

losses that could be realized in that month. The monthly hazard rates are conditional on 

whether the stock position is in a gain or loss presented in Table 2.7. Figure 2.2 plots the 

information presented in Table 2.7. At each point in time, the gains have larger hazards 

ratios than losses, meaning that gains have larger propensities to be realized than losses. 

This analysis, again, assumes that observations across individuals and stocks are 

independent. 

To analyze the effect of perceived upside potential on the hazard rates, I examine 

two extreme portfolios  - Portfolio 1 that includes positions with the smallest upside 
 38
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potential coefficients, and Portfolio 5 that includes positions with the largest upside 

potential coefficients- separately for gains and losses. Monthly hazard rates of common 

stock purchase are presented in Table A.1 and presented as a graph in Figure 2.3. Panel A 

of Figure 2.3 graphs the monthly hazard rates for two extreme portfolios in the domains 

of gains. The probability of a sale is around 85 percent for quintile portfolio 5 (positions 

with highest upside potential for a substantial price increase) in the first month following 

the purchase, whereas it is 65 percent in portfolio 1 (positions with smallest upside 

potential for a substantial price increase). However, the difference in the hazard rates 

between the two extreme portfolios is almost indistinguishable after the first month. In 

the losses domain (Panel B), the hazard rate is 90 percent in the first month for the low-

upside potential portfolio, while the same figure is only 20 percent for the high-upside 

potential portfolio. The hazard date drops to 20 percent in the second month after the 

purchase for the low- upside potential portfolio, whereas it reaches a rate of 7 percent in 

the high-upside potential portfolio. The difference between the hazard rates after the third 

month is significantly smaller, yet low- upside potential portfolio steadily remains to 

have higher hazard ratios in each month. Figure 2.3 implies that the perceived upside 

potential has a larger effect on the realization probabilities of losses than that of gains. It 

also supports evidence for Hypothesis 2, but only for losses. The differences in the 

realization probabilities however have economical significance only in the first three to 

five months of holding periods. 

Another interesting point is whether the impact of perceived upside potential on 

the disposition effect is sensitive to holding periods. Table 2.8 shows that if a sale is 

made, it occurs, approximately 50 percent of the time, in the first three months after the 
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purchase. The portion of sales that occur within twelve months of the purchase is 80 

percent. Therefore, the expectation of a substantial price increase might have varying 

effects at different holding periods. 

 To analyze the effect of upside potential on the disposition effect at various 

horizons, I use logistic regression in the following form: 

 

itittitt
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ti UPGainIGainI
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1,,21,,11
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log  













  

[2.6] 

itittit UPLossILossI 1,,41,,3 )()(     

 

At the end of month t-1, I compare the monthly high and low price of stock i to its 

purchase price, and record a gain (Gain), loss (Loss) or no change. At the beginning of 

month t, if the stock is still in the investor’s portfolio, I record Selli,t = 0; if it is sold at 

the beginning of month t, then Selli,t = 1. The dependent variable is Selli,t and the lo

probability of a sale, p

git 

  

i,t denotes the probability that Selli,t = 1.  In the equation, I(Gain)i,t-

1 and I(Loss)i,t-1 are variables that indicate whether the stock position is in a gain or a loss

t-1 months after the purchase. The intercept, αt-1, captures information about the stocks 

that have accrued neither a gain nor a loss after t-1 months. The regression is run 

separately for    t = 2, 3, 6 and 12. I assume that a given investor’s trades at multiple 

points in time might be correlated. Therefore, standard errors take into account clustering 

at the investor-level. The effect of upside potential on the realization probability is 

illustrated in Figure 2.4 separately for gains and losses at four different points in time. 

The x-axis represents the perceived upside potential coefficient and the y-axis denotes the 

probability of a sale in that given month. The effect of upside potential is again stronger 

 40
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in holding periods less than 6 months. The possibility of a sale, two months after the 

purchase (Panel A), decreases from 15 percent to 2 percent for losing positions, as the 

coefficient of the estimated upside potential increases from 5 to 40. The probability of the 

sale of a losing position is almost zero above a coefficient of 50. On the other hand, the 

probability of the sale of a winning position decreases from 25 percent to 14 percent, as 

the coefficient of the estimated upside potential increases from 5 to 40. The probability is 

11 percent when the estimated coefficient is 50 and drops to 4 percent at the maximum 

level of estimated upside potential, 100. Notwithstanding smaller magnitudes, the relation 

between upside potential and the probability of a sale is somewhat similar in the third 

month (Panel B). Upside potential is estimated to have no effect on the realization of a 

gain after 6 months of the purchase (Panel C). The relation between upside potential and 

the propensity of the sale of a gain is flat, with a probability of around 8 percent. 

However, the probability of the sale of a losing position decreases from 6 percent to 

virtually 0 percent, as the coefficient of the estimated upside potential increases from 5 to 

40. After the twelfth month of the purchase, the magnitudes change, while the relation 

between upside potential and the probabilities remain similar. 

Figure 2.4 provides further evidence on the relation between upside potential and 

the disposition effect. Expectations for a substantial price increase seem to affect the 

realization of losing positions even at holding periods larger than 6 months, despite that it 

has practically no effect on the realization of gains. Even in shorter horizons, the relation 

between gains and the perceived upside potential in the stock positions is almost flat, 

while the same relation produces a convex function for losses. The findings support the 

argument that difference in the probabilities of realizations intensifies disposition effect. 
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2.6.4 Cox’s Proportional Hazard Model  

In the next section, I use Cox’s proportional hazards model (1972). This model is 

selected for the event history analysis for two reasons. First, unlike parametric models 

such as the exponential or the Weibull model, Cox’s model does not assume a particular 

probability distribution underlying the survival times. I have no prior to employ a 

parametric model. Second, the model allows for time-varying covariates.  

Let’s assume that the time until the liquidation of a stock position is denoted by 

the random variable T
~

. The variableT
~

is distributed , and the cumulative 

distribution function is: 
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where is the interval of time. The hazard rate denotes the probability that the stock 

will be sold on day t+1, given that it has been held through day t. The proportional 

hazards specification implies the following functional form: 

)(
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i etth ,)()(   

where λ(t) denotes the baseline hazard. However, since it is possible that the trades of a 

given investor’s might be correlated over time and even trading in a certain stock might 

be correlated across different investors , I allow for clustering effects at both the investor 

and the stock level. Thus, the hazard specification takes the following form: 

 tiX
jzjiz etth ,)()( ,,,   

where z identifies the investor, i, the transaction, and j, the stock. To test the validity of 

the disposition with respect to the perceived upside potential, I test the following 

specification separately in the full sample, in portfolio 1 (that consists of stock positions 

with the smallest upside potential coefficients) and in portfolio 5 (that consists of stock 

positions with the largest upside potential coefficients): 

titititzjiz DecemberGainGainth ,1,21,1,,, )(log     [2.7] 

tititi DecemberLossLoss ,1,41,3     

 In the equation above, Gain and Loss are the percentage price changes from the 

purchase in month t-1 calculated using equation 2.4 and 2.5. Both variables are 

nonnegative. If the purchase price falls between the monthly low and high prices, neither 

a gain nor a loss is recorded. December is an indicator variable set to 1 if the trading 

decision (sell versus hold) is given in December.  

The results from the specification above are presented in Table 2.9. Panel A 

documents evidence for the disposition effect in the full sample, as well as in taxable and 

tax-deferred accounts. To illustrate, in taxable accounts a stock that has gained 20 percent 

since purchase is 4.5 percent more likely to be sold than a stock with no price change 

(e0.22*0.20 -1 = 0.045). On the other hand, a stock that has accrued a 20 percent loss is 
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37.75 percent less likely to be sold (e(-2.37)*0.20 -1 = -0.3775) than a stock with no price 

change. In December, the hazard rate of a loss changes to e(-2.37+.2.15)*0.20 -1 = 95.70, 

meaning that a position is only 4.30 percent less likely to be sold than a stock with no 

price change. In December, tax-loss selling dominates disposition effect in taxable 

accounts; nonetheless, disposition effect still dominates in tax-deferred accounts. 

The results change when the specification is tested in upside potential quintile 

portfolios. For portfolio 1 (Panel A), which consists of stock positions with the smallest 

upside potential coefficients, both the Gain and the Loss have the negative sign. The first 

column of Panel B, which reports results from all accounts without differentiating 

between the tax status, indicates that the coefficient on the Gain is larger in absolute 

value than that of Loss, implying a larger decrease in the hazard rate associated with a 

gain than the decrease associated with a Loss. To illustrate, a 20 percent gain in the stock 

position decreases the hazard rate by 18.62 percent (e(-1.03)*0.20 -1= -18.62), whereas a 20 

percent loss decreases the hazard rate by 17.47 percent (e(-0.96)*0.20 -1= -17.47). The 

coefficients also have the same signs in taxable accounts (Column 2). While the signs are 

also negative in tax deferred accounts, the estimates are insignificant. The results 

presented in Panel B suggest that disposition effect does not exist in stock positions with 

the lowest upside potential coefficients. In other words, accrued gains decrease the 

probability of a sale, too.  

 Panel C reports the results in portfolio 5 (consisting of stock positions with the 

highest upside potential coefficients). The coefficients on Gain and Loss have opposite 

signs, providing evidence for disposition effect. The behavioral bias exists in both types 

of accounts, whereas the coefficients are larger in tax-deferred accounts. 
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Table 2.9 supports the principal theme of the paper that disposition effect is in 

part sensitive to expectations on future stock prices. More analysis is required though, 

before a stronger conclusion can be made. 

 In the last section, I test the validity of the effect of the perceived upside potential 

after introducing other variables that might affect the probability of realization of a gain 

or a loss. In the first column of Table 2.10, I include variables that proxy for beliefs on 

the upside potential and long-term price direction: UP and DIR. Although UP is not 

significant, DIR is significant and has a negative sign, implying that if the purchase price 

is less than the 52-week average price, then investors have a larger tendency to hold on to 

their both gains and losses than if the purchase price was greater than the average price.  

In the second column, I use the interaction of UP and DIR with the percentage 

gains and losses, to analyze whether the perceived upside potential and the belief about 

long-term price direction have symmetric effects on accrued gains and losses. When 

interaction variables are introduced into the model, the coefficient on the Gain becomes 

negative, indicating a decreasing hazard rate when accrued gains in the position increase. 

This change in the sign caused due to the fact that, the information is largely captured by 

the interaction variables with the Gain, UP*Gain and DIR*Gain, whose signs are 

positive. The coefficient on UP*Loss is highly significant and negative, but very small in 

magnitude. For this reason, it might be hard to assess the economic significance without 

an illustration with hypothetical loss and perceived upside potential measures. So, let’s 

juxtapose two cases: First, a loss of 20 percent with an estimated upside potential 

coefficient of 5 at purchase; second, a loss of 20 percent with an estimated upside 

potential coefficient of 60 at purchase. Let the purchase price for both positions be less 
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than the 52-week average price at purchase, implying that DIR =1 for both. The first 

position is 95 percent less likely to be sold than a position with no price change (e(-1.88-

0.25)+(-0.06*5)-1= -91.20), whereas the second position is almost 100 percent less likely to be 

sold than a position with no price change (e(-1.88-0.25)+(-0.06*60)-1= -99.68). Although the 

economic significance is small in magnitude, it is reasonable to assume that the proxy for 

long-term price direction and the proxy for upside potential capture to a great extent 

similar information regarding expectations on future stock prices. If the purchase price is 

less than the 52-week average price, it is highly likely that the purchase price will be 

closer to the 52-week low than it is to the 52-week high price. Thus, it is hard to 

disentangle the implications of these two variables. However, I can conclude that there is 

evidence to reject Hypothesis 2. Perceived upside potential has asymmetric effects on 

gains and losses: It has virtually no effect on gains, and the expected effect on losses.  

There is one thing puzzling in the results of Model 2 that necessitates further 

discussion. The sign of the coefficient on DIR*Gain is positive, indicating a larger 

tendency for gains to be realized when the purchase price was less than the 52-week 

average price, than it was larger than the 52-week average price. A priori, I would expect 

that a position would have a smaller realization probability regardless of the price change, 

if the purchase price was less than the 52-week average price. On the other hand, Models 

2 through 4 in Table 2.10 suggest that a gaining position whose purchase price was 

smaller than the 52-week average price at the time of the purchase will have a higher 

realization probability than a winning position whose purchase price was larger than the 

52-week average price. One plausible explanation is that individual investors follow 

contrarian strategies for positions where they believe they bought the stock at a cheap 
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price (purchase price smaller than the 52-week high price) and follow momentum 

strategies where they believe they bought the stock at a relatively more expensive price 

(purchase price larger than the 52-week high price). Yet, the analysis of this argument is 

beyond the scope of my study. Model 2 Table 10 provides enough evidence for the 

conclusion that beliefs about long-term price direction and upward potential affect mainly 

losing positions, and this effect magnifies the extent of the observed disposition effect. 

In Model 3, I introduce the price volatility variable (VOL) to proxy for 

uncertainty in future prices. The interaction of VOL with Gain and Loss produce positive 

coefficients, whereas the magnitude of VOL*Loss is larger than that of VOL*Gain. The 

hazard rate increases in volatility, whereas this increase is stronger for accrued losses. It 

can be inferred from Model 3 that investors have a tendency to realize both their gains 

and losses sooner when they see increased uncertainty, whereas the effect is larger for 

losses. 

Model 4 introduces a variable to capture investors’ expectations regarding past 

winners and losers. This variable is the 52-week return (MOM) estimated at the end of 

each month the stock position is kept in the portfolio. The sign of the coefficients on 

MOM*Gain and MOM*Loss indicate that investors have a tendency to realize past 

winners regardless of whether the stock position is in a gain or a loss, after controlling for 

other variables. Although both interaction variables are statistically significant, they lack 

economic significance when compared to other variables in the model. 

In Model 2 through 4, the coefficients on the variable UP*Gain is positive, 

despite that the coefficients lose statistical significance as I introduce other variables. The 

coefficient on UP*Loss maintains its statistical significance, yet the validity of economic 
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rchase price. 

                                                

significance is debatable. The long-term price direction variable (DIR) captures partly the 

effect of perceived upside potential on the losses. The findings in Table 2.10 indicate 

that, in the presence of variables that represent expectations, empirical evidence 

supporting disposition effect weakens. Actually, in Model 2-4, the coefficient of Gain is 

negative besides that of Loss, implying tenuous support for disposition effect. 

It is also questionable whether the results are sensitive to the level of the purchase 

price. One might argue that, an accrued loss might be held in the portfolio longer, 

especially if the stock price is low enough to expect a substantial price surge. In other 

words, the perceived upside potential might be larger for relatively cheap stocks. 

Therefore, I replicate Table 2.10 by analyzing positions with a cost of less than $5 

only2.3. The results presented in Table 2.11 show that, virtually none of the control 

variables are significant, including UP and DIR. Thus, I claim that the effect of 

expectations on the disposition effect is not sensitive to the level of the pu

2.7 Conclusion 

 This essay provides an explanation for the disposition effect based on beliefs, 

rather than preferences. I specifically use variables, which are estimated at the time of the 

purchase, to proxy for expectations on each stock position. The strength of these 

variables lies in the construction and inherent assumptions that they are easily observed 

and readily available to all market participants. 

 I find that the extent of the disposition effect is sensitive to the anticipated path of 

future stock prices measured by a variable that represents the perceived upside potential 

 
2.3 .The results are unchanged when I replicate the table in the sample of stocks with a cost of less than $1 
and $2. 
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and another variable that represents the expectation for the long-term price direction. 

When the impact of upside potential is analyzed alone in the quintile portfolios, there is 

no evidence of disposition effect for the positions with the least upside potential. On the 

contrary, the portfolio consisting of positions with the most upside potential exhibits a 

high level of disposition effect. 

 The findings of the paper suggest that expectations about the future path of stock 

prices might have a role in explaining the widely documented behavioral bias. Previous 

literature neglects the information that is present at the time when the investment decision 

is made. This study is expected to contribute to the literature in three major ways: 

1. It provides an alternative to the behavioral explanations for the cause of the 

disposition effect, rooted in beliefs. The evidence that expectations might have 

a part in individual investor behavior challenges the behavioral explanation 

that individual investors’ tendency to realize gains more than  losses is due to 

different risk aversion levels in the domains of gains and losses.  

2. Existing literature on the disposition effect fails to incorporate information 

that is available before the initiation of a stock position. Papers have 

extensively relied on control variables that use the information during the 

holding period of the stock position. One advantage of estimating control 

variables before the position is initiated is that, these variables will be 

forward-looking and have no correlation with the accrued gain or loss in the 

portfolio. Thus, they will be pure ‘ex ante’ measures. 

3. Individual investors are commonly referred in the finance literature as 

‘unsophisticated’, since their trading behavior is usually at odds with what a 
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rational, risk-averse investor would exhibit. However, the information set and 

skills of individual investors and those of institutional investors are very likely 

to be significantly different from each other. If the information that is 

available to the individual investor and his set of skills can be assessed with a 

moderate degree of confidence, their trading behavior can very well be 

explained by beliefs. In other words, if the subject of the analysis is the 

individual investor, it is more appropriate and reasonable to use control 

variables that individuals have access to in real life. Because, expectations on 

future stock returns are actually based on what investors can observe. In such 

a large dataset, variable estimations that are produced by intact estimation 

techniques might come up statistically significant, but the results might lack 

intuition. In this study, I rely on variables that are not only easy to observe, 

but also intuitive and meaningful for an individual investor. 

 



 

Table 2.1: Summary Statistics of Common Stock Purchases and Sales. The sample consists of 83,406 taxable and 
tax-deferred accounts of 52,369 households who had at least one stock purchase over the sample period from 
January 1991 to November 1996. All of the sales that are matched with a purchase are included as well as 
purchases for which no sale date is in the sample. All same-day purchases are sales are accumulated to find the net 
daily purchase and sale amounts. All purchases which can be identified in the CRSP daily files and have at least 
252 trading days of data available at the time of the purchase are included. 
         

 

Number 
of 

Purchases 
Number 
of Sales

Average 
Purchase 

Size 

Average   
Sale 
Size 

Average 
gain 

realized 

Average 
loss 

realized 

Average 
gain 

unrealized

Average 
loss 

unrealized
         
All Accounts 575,001 385,208 $10,645 $13,701 32.79% 20.63% 48.98% 21.60% 
   ($4,981) ($6,029) (15.96%) (14.94%) (20.97%) (14.88%) 
         
Taxable Accounts 397,626 274,573 $11,626 $14,654 32.07% 20.95% 49.87% 21.86% 
   ($5,249) ($6,338) (15.35%) (15.21%) (21.15%) (15.17%) 
         
Tax-Deferred 
Accounts 177,375 110,635 $8,283 $11,212 34.69% 19.57% 46.07% 20.63% 
   ($4,360) ($5,417) (17.74%) (14.13%) (20.41%) (13.83%) 
                  
         
Note: Numbers in parentheses are the median figures for the corresponding variables. 
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Table 2.2: Summary Statistics of Holding Periods. One-time sales preceded 
by one-time purchases are included, as well as multiple sales preceded by 
one-time purchases. In the case of multiple sales, only the first sale date is 
included in the sample. t-statistics are based on the assumption that all sales 
across households and stocks are independent. 
     
  Loss Gain Difference t-value 
     
All Accounts 224.93 219.85 5.08 5.89 
 (106) (104)   
     
Taxable Accounts 216.32 206.64 9.68 9.87 
 (99) (94)   
     
Tax-Deferred Accounts 249.23 252.25 -3.02 -1.71 
 (124) (131)   
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Table 2.3: Summary Statistics of Holding Periods in Upside Potential Quintile Portfolios 
(Quintile 1 (5) including stock positions with the lowest (highest) upside potential 
coefficients). One-time sales preceded by one-time purchases are included, as well as 
multiple sales preceded by one-time purchases. In the case of multiple sales, only the first 
sale date is admitted into the sample. All sales across households and stocks are assumed 
independent when calculating t-statistics. t- and p-values are reported for the differences 
in means and medians tests, respectively, from the two-sample t-tests and the non-
parametric equivalent Wilcoxon rank sum test.  

 Loss Gain Difference t-value p-value 
Quintile Portfolio A. All Accounts 

1 221.13 244.59 -23.46 -11.54  
 (96) (123)   < 0.0001 
2 239.11 231.78 7.33 3.45  
 (110) (105)   < 0.0001 
3 261.09 247.92 13.17 5.93  
 (133) (119)   < 0.0001 
4 276.94 262.97 13.97 6.14  
 (153) (133)   < 0.0001 
5 304.73 274.3 30.43 12.22  

 (180) (134)   < 0.0001 
 B. Taxable Accounts 
1 215.7 233.98 -18.28 -7.78  
 (91) (113)   < 0.0001 
2 233.34 222.34 11 4.48  
 (105) (97)   < 0.0001 
3 253.28 236.58 16.7 6.51  
 (128) (107)   < 0.0001 
4 269.62 248.9 20.72 7.88  
 (145) (123)   < 0.0001 
5 296.22 260.44 35.78 12.41  

 (172) (122)   < 0.0001 
 C. Tax-Deferred Accounts 
1 235.67 271.19 -35.52 -8.83  
 (105) (150)   < 0.0001 
2 255.13 255.27 -0.14 -0.03  
 (123) (127)   < 0.0001 
3 282.43 275.31 7.12 1.62  
 (148) (146)   < 0.0001 
4 296.93 296.15 0.78 0.18  
 (173) (163)   < 0.0001 
5 328.64 304.66 23.98 4.89  

  (202) (164)     < 0.0001 
 



Texas Tech University, Emre Ozgur Akay, August 2008 

 54

 

Table 2.4: Summary of the Propensity to Realize Gains versus Losses. This 
table reports the Proportion of Losses Realized (PLR) and Proportion of Gains 
Realized (PGR) for a sample of 960,209 trades. PLR is calculated by dividing 
the number of realized losses by the sum of the realized and unrealized losses. 
PGR is calculated by dividing the number of realized gains by the sum of the 
realized and unrealized gains. Comparisons are reported by tax status of the 
account and in December to check for tax-loss selling. All sales across 
households and stocks are assumed independent when calculating t-statistics. 
 
     
  PLR PGR Difference t-value 
     
All Accounts 19.78% 32.09% -12.31% -118.00 

Trades in December 26.16% 25.55% 0.61% 1.62 
     
Taxable Accounts 19.35% 30.98% -11.63% -97.75 

Trades in December 27.26% 23.16% 4.10% 9.86 
     
Tax-deferred Accounts 20.99% 35.20% -14.21% -66.21 

Trades in December 22.01% 34.56% -12.55% -14.65 
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Table 2.5: Summary of the Propensity to realize Gains versus Losses in Upside 
Potential Quintile Portfolios (Quintile 1 including stock positions with the lowest 
upside potential coefficients; Quintile 5 including stock positions with the highest 
upside potential coefficients). This table reports the Proportion of Losses Realized 
(PLR) and Proportion of Gains Realized (PGR) for a sample of 960,209 trades in 
upside potential-sorted quintiles. Based on the perceived upside potential estimated 
at the time of the purchase, all positions are sorted by their upside potential 
coeffcients and assigned into a quintile. Each quintile has an equal number of 
positions (115,000). Then, the average PLR and PGR measures are calculated and 
compared in each quintile. Results are reported for the whole sample, as well as in 
sub-samples constructed by the tax status of the account. All sales across 
households and stocks are assumed independent when calculating t-statistics. 
 

 PLR PGR Difference t-value 
Quintile Portfolio Full Sample 

1 19.70% 16.84% 2.85% 15.29 

2 15.73% 17.32% -1.59% -8.66 

3 13.00% 19.64% -6.64% -35.51 

4 11.58% 22.22% -10.64% -54.44 

5 10.71% 26.63% -15.92% -76.62 

 Taxable Accounts 

1 18.89% 16.54% 2.35% 11.16 

2 15.04% 16.95% -1.91% -9.39 

3 12.51% 18.62% -6.11% -29.74 

4 11.31% 21.37% -10.06% -46.24 

5 10.74% 25.28% -14.54% -62.00 

 Tax-deferred Accounts 

1 22.26% 17.81% 4.45% 11.11 

2 18.17% 18.62% -0.45% -1.08 

3 14.80% 23.36% -8.56% -19.52 

4 12.52% 25.18% -12.66% -28.81 

5 10.61% 30.97% -20.37% -45.87 
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Table 2.6: Summary of the Propensity to Realize Gains versus Losses in Volatility-Upside 
Potential Quintile Portfolios (Quintile 1 includes stock positions with the lowest upside 
potential and volatility; Quintile 5 includes stock positions with the highest upside 
potential s and volatility). This table reports the Proportion of Losses Realized (PLR) and 
Proportion of Gains Realized (PGR) for a sample of 960,209 trades in volatility- upside 
potential -sorted quintiles. Based on the volatility estimated at the time of the purchase, all 
positions are sorted by their volatility measure and assigned into a quintile. Each quintile 
then, is divided into quintiles based on the perceived upside potential coefficient estimated 
at the time of the purchase. Each quintile has an equal number of positions (23,000). The 
average PLR and PGR measures are calculated and compared in each quintile. Results are 
reported for the whole sample, as well as in sub-samples constructed by the tax status of 
the account. All sales across households and stocks are assumed independent when 
calculating t-statistics. 
 
 Volatility Quintile Portfolio 
 1 2 3 4 5 
Upside Potential 
Quintile Portfolio 

Full Sample 

1 2.89% 4.79% 4.59% 4.36% 4.80% 
 (7.87) (10.94) (10.53) (10.43) (10.74) 

2 1.68% 1.37% -1.17% 0.36% 3.23% 
 (4.25) (3.07) (-2.63) (0.79) (7.10) 

3 -1.49% -3.00% -5.80% -7.33% -5.67% 
 (-3.67) (-6.13) (-11.55) (-13.55) (-10.19) 

4 -3.75% -5.81% -8.67% -11.55% -15.50% 
 (-8.62) (-12.08) (-16.54) (-19.36) (-22.55) 

5 -8.31% -9.48% -10.83% -14.44% -20.04% 
 (-18.41) (-19.86) (-19.87) (-24.67) (-29.80) 
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Table 2.6. Continued 

  
 Volatility Quintile 
 1 2 3 4 5 
Upside Potential 
Quintile Portfolio 

Taxable Accounts 

1 2.86% 4.66% 3.79% 3.94% 3.70% 
 (6.82) (9.44) (8.02) (8.54) (7.49) 

2 1.49% 1.27% -1.04% -0.49% 2.13% 
 (3.43) (2.61) (-2.20) (-1.00) (4.27) 

3 -1.48% -2.98% -5.41% -7.02% -6.17% 
 (-3.32) (-5.67) (-10.15) (-12.32) (-10.20) 

4 -3.06% -5.59% -8.00% -10.68% -14.74% 
 (-6.46) (-10.69) (-13.88) (-16.65) (-19.72) 

5 -6.98% -8.80% -9.62% -13.09% -18.71% 
 (-13.79) (-16.41) (-15.41) (-20.07) (-25.21) 

      
 1 2 3 4 5 

  

 Tax-deferred Accounts 

1 2.99% 5.20% 7.74% 6.04% 9.15% 
 (3.94) (5.54) (7.18) (6.15) (8.78) 

2 2.33% 1.83% -1.83% 3.90% 7.83% 
 (2.54) (1.63) (-1.47) (3.50) (7.17) 

3 -1.50% -3.11% -7.77% -9.05% -3.43% 
 (-1.60) (-2.41) (-5.50) (-5.66) (-2.44) 

4 -6.25% -6.66% -11.28% -15.74% -19.11% 
 (-5.95) (-5.65) (-9.09) (-9.98) (-11.02) 

5 -12.48% -11.63% -14.62% -19.10% -25.45% 
 (-12.82) (-11.23) (-13.12) (-14.60) (-16.17) 
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Table 2.7: Monthly Hazard Rates for Stock Purchases. Monthly hazard rates conditional 
on whether the stock position has experienced a gain or a loss since purchase. Paper gains 
and losses since purchase are calculated every month as follows: If the purchase price of a 
stock is below the given month's low price, then a gain is recorded where the average of 
the low and high prices is used in the calculation. If the purchase price of a stock is above 
the given month's high price, then a loss is recorded. If the purchase price falls in between 
the monthly low and high prices, neither a gain nor a loss is observed. 

Months 
Total 

number Realized 
Total 

number Realized
Proportion 
of losses 

Proportion 
of gains 

after purchase of losses losses of gains gains realized realized 

1 41,597 21,404 53,961 39,169 51.46% 72.59% 
2 108,089 13,781 114,122 25,561 12.75% 22.40% 
3 137,181 10,357 144,580 19,084 7.55% 13.20% 
4 142,440 7,916 148,080 14,960 5.56% 10.10% 
5 142,035 6,760 146,221 12,326 4.76% 8.43% 
6 137,949 5,834 143,652 10,298 4.23% 7.17% 
7 130,165 4,791 138,420 8,676 3.68% 6.27% 
8 124,594 4,241 133,134 7,409 3.40% 5.57% 
9 119,921 3,957 128,033 6,335 3.30% 4.95% 

10 113,652 3,421 124,529 5,686 3.01% 4.57% 
11 107,080 3,042 119,152 5,010 2.84% 4.20% 
12 102,286 2,663 114,999 4,724 2.60% 4.11% 
13 98,528 2,352 110,466 4,001 2.39% 3.62% 
14 94,769 2,116 107,142 3,521 2.23% 3.29% 
15 90,728 1,826 104,162 3,175 2.01% 3.05% 
16 86,980 1,727 100,639 2,840 1.99% 2.82% 
17 82,966 1,473 96,353 2,411 1.78% 2.50% 
18 79,852 1,479 93,626 2,260 1.85% 2.41% 
19 76,452 1,381 90,532 2,091 1.81% 2.31% 
20 73,103 1,261 88,100 1,989 1.72% 2.26% 
21 70,440 1,271 84,870 1,730 1.80% 2.04% 
22 67,379 1,186 82,603 1,662 1.76% 2.01% 
23 64,243 1,074 79,926 1,589 1.67% 1.99% 
24 61,425 973 77,419 1,470 1.58% 1.90% 
25 59,094 922 75,234 1,289 1.56% 1.71% 
26 56,764 783 73,025 1,192 1.38% 1.63% 
27 54,808 667 71,093 1,130 1.22% 1.59% 
28 52,924 740 69,080 1,042 1.40% 1.51% 



Texas Tech University, Emre Ozgur Akay, August 2008 

 59

 
Table 2.7. Continued 

Months 
Total 

number Realized 
Total 

number Realized
Proportion 
of losses 

Proportion 
of gains 

after purchase of losses losses of gains gains realized realized 
29 51,346 611 67,228 976 1.19% 1.45% 
30 49,303 571 64,931 881 1.16% 1.36% 
31 47,378 605 62,487 821 1.28% 1.31% 
32 45,173 529 60,046 760 1.17% 1.27% 
33 43,024 533 57,899 690 1.24% 1.19% 
34 40,899 466 56,415 646 1.14% 1.15% 
35 38,679 456 54,143 574 1.18% 1.06% 
36 36,883 372 52,584 521 1.01% 0.99% 
37 35,179 396 51,096 541 1.13% 1.06% 
38 33,515 308 49,683 481 0.92% 0.97% 
39 32,126 300 48,378 446 0.93% 0.92% 
40 30,408 275 47,087 450 0.90% 0.96% 
41 28,735 287 45,355 370 1.00% 0.82% 
42 27,036 245 44,240 356 0.91% 0.80% 
43 25,608 220 43,082 343 0.86% 0.80% 
44 23,905 206 41,293 309 0.86% 0.75% 
45 22,298 203 39,496 325 0.91% 0.82% 
46 20,794 171 37,654 293 0.82% 0.78% 
47 19,577 173 35,942 255 0.88% 0.71% 
48 18,334 133 34,581 277 0.73% 0.80% 
49 17,260 106 33,137 205 0.61% 0.62% 
50 16,249 118 31,538 222 0.73% 0.70% 
51 15,405 117 30,521 181 0.76% 0.59% 
52 14,431 100 29,625 183 0.69% 0.62% 
53 13,822 83 28,434 174 0.60% 0.61% 
54 12,970 72 26,564 177 0.56% 0.67% 
55 12,296 61 25,374 137 0.50% 0.54% 
56 11,316 61 23,485 133 0.54% 0.57% 
57 10,312 41 21,792 109 0.40% 0.50% 
58 9,248 51 20,163 95 0.55% 0.47% 
59 8,098 31 18,649 95 0.38% 0.51% 
60 7,191 28 16,883 73 0.39% 0.43% 
61 6,359 18 14,816 66 0.28% 0.45% 
62 5,624 19 13,206 63 0.34% 0.48% 
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Table 2.7. Continued 

Months 
Total 

number Realized 
Total 

number Realized
Proportion 
of losses 

Proportion 
of gains 

after purchase of losses losses of gains gains realized realized 

63 5,050 11 11,817 55 0.22% 0.47% 
64 4,281 12 10,069 45 0.28% 0.45% 
65 3,673 6 8,616 38 0.16% 0.44% 
66 3,120 6 7,119 24 0.19% 0.34% 
67 2,375 5 5,524 28 0.21% 0.51% 
68 1,429 6 3,883 11 0.42% 0.28% 
69 712 3 2,499 7 0.42% 0.28% 
70 267 0 1,124 2 0.00% 0.18% 
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Table 2.8. Number of Sales by Holding Periods. The table reports the number of sales 
by month. There are a total of 385,208 sales made in all accounts in 71 months. 

Months after 
purchase 

Number of 
sales 

Cumulative 
percentage 

of sales  

Months 
after 

purchase 
Number of 

sales 

Cumulative 
percentage 

of sales 
0 52,255 13.57%  36 916 97.24% 
1 63,003 29.92%  37 957 97.49% 
2 40,831 40.52%  38 806 97.70% 
3 30,501 48.44%  39 761 97.90% 
4 23,637 54.57%  40 748 98.09% 
5 19,759 59.70%  41 674 98.26% 
6 16,669 64.03%  42 608 98.42% 
7 13,874 67.63%  43 571 98.57% 
8 12,021 70.75%  44 520 98.71% 
9 10,604 73.51%  45 536 98.84% 
10 9,388 75.94%  46 473 98.97% 
11 8,296 78.10%  47 434 99.08% 
12 7,580 80.07%  48 413 99.19% 
13 6,502 81.75%  49 317 99.27% 
14 5,788 83.26%  50 349 99.36% 
15 5,126 84.59%  51 305 99.44% 
16 4,666 85.80%  52 290 99.51% 
17 3,986 86.83%  53 261 99.58% 
18 3,822 87.82%  54 251 99.65% 
19 3,564 88.75%  55 199 99.70% 
20 3,341 89.62%  56 196 99.75% 
21 3,068 90.41%  57 153 99.79% 
22 2,910 91.17%  58 148 99.83% 
23 2,733 91.88%  59 126 99.86% 
24 2,497 92.53%  60 102 99.89% 
25 2,255 93.11%  61 87 99.91% 
26 2,028 93.64%  62 84 99.93% 
27 1,833 94.11%  63 67 99.95% 
28 1,821 94.59%  64 59 99.96% 
29 1,618 95.01%  65 44 99.98% 
30 1,488 95.39%  66 30 99.98% 
31 1,451 95.77%  67 33 99.99% 
32 1,318 96.11%  68 17 100.00% 
33 1,247 96.44%  69 10 100.00% 
34 1,132 96.73%  70 2 100.00% 
35 1,049 97.00%     
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Table 2.9 Cox Proportional Hazards Model of Stock Sales in Upside Potential Quintile 
Portfolios. Gain = max (price change, 0) and Loss = min (percentage change, 0). Both loss 
and gains are measured in absolute and percentage terms. The model is estimated separately 
in the whole sample, in taxable and tax-deferred accounts, as well as for the two portfolios 
including stocks with the lowest (Quintile 1) and highest (Quintile 5) upside potential 
coefficients. Standard errors are presented in parentheses and allow for investor-level 
heteroskedasticity and correlation across observations of the same stock. ***, **, * denote 
statistical significance at the 1%, 5% and 10% level, respectively. 
 All  Taxable  Tax-deferred  
 Accounts  Accounts  Accounts  
 A. Full Sample 
Gain 0.07 *** 0.22 *** 0.20 *** 

 (0.02)  (0.03)  (0.04)  

Gain*December 0.05  0.02  0.08  

 (0.06)  (0.08)  (0.12)  

Loss -2.97 *** -2.37 *** -3.57 *** 

 (0.05)  (0.07)  (0.13)  

Loss*December 2.14 *** 2.15 *** 0.57  

 (0.12)  (0.16)  (0.39)  

 B. Upside Potential Quintile  Portfolio 1 (low)  

Gain -1.03 *** -0.93 *** -0.43  

 (0.17)  (0.24)  (0.31)  

Gain*December -0.13  -0.05  0.47  

 (0.57)  (0.73)  (0.92)  

Loss -0.96 *** -1.43 *** -0.41  

 (0.17)  (0.46)  (0.65)  

Loss*December 0.48  -0.04  -0.70  

 (0.88)  (1.27)  (2.49)  

 C. Upside Potential Quintile Portfolio 5 (high)  

Gain 0.81 *** 0.75 *** 1.37 *** 

 (0.07)  (0.10)  (0.18)  

Gain*December 0.09  -0.05  0.51  

 (0.17)  (0.25)  (0.37)  

Loss -3.28 *** -2.48 *** -4.47 *** 

 (0.18)  (0.24)  (0.42)  

Loss*December 2.78 *** 2.93 *** 1.29  

 (0.32)  (0.46)  (1.17)  
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Table 2.10: Cox Proportional Hazards Model of Stock Purchases with Additional 
Control Variables. Gain = max (price change, 0) and Loss = min (percentage 
change, 0). Both loss and gains are measured in absolute and percentage terms. The 
model is estimated in the full sample. UP is the perceived upside potential measure 
estimated at the time of the purchase. DIR is the long-term price direction variable 
that takes the value of 1 if the purchase price is less than the 52-week average price, 
0 otherwise. VOL is the observed price volatility of the stock in the 52 weeks prior 
to the purchase.  MOM is the 52-week holding period return on the stock at the time 
of the sale. Standard errors are presented in parentheses and allow for investor-level 
heteroskedasticity and correlation across observations of the same stock. ***, **, * 
denote statistical significance at the 1%, 5% and 10% level, respectively. 
 
 Model 
 1  2  3  4  
Gain 0.08 *** -0.66 ** -0.34 *** -0.37 *** 

 (0.02)  (0.03)  (0.05)  (0.05)  

Loss -2.19 *** -1.88 *** -2.14 *** -2.61 *** 

 (0.05)  (0.07)  (0.12)  (0.13)  

UP 0.00        

 (0.00)        

DIR -0.11 ***       

 (0.02)        

UP *Gain   0.00 ** 0.00 * 0.00  

   (0.01)  (0.01)  (0.01)  

UP *Loss   -0.06 *** -0.04 *** -0.03 *** 

   (0.00)  (0.00)  (0.00)  

DIR *Gain   0.23 *** 0.31 *** 0.40 *** 

   (0.04)  (0.04)  (0.04)  

DIR *Loss   -0.25 *** -0.10  -0.30 *** 

   (0.11)  (0.11)  (0.06)  
VOL*Gain     0.20 *** 0.28 *** 

     (0.03)  (0.03)  

VOL *Loss     1.12 *** 0.61 *** 

     (0.07)  (0.08)  

MOM*Gain       0.00 ** 

       (0.00)  

MOM *Loss       0.01 *** 

       (0.00)  
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Table 2.11: Cox Proportional Hazards Model of Stock Sales for Positions with a 
Cost of Less Than $5. Gain = max (price change, 0) and Loss = min (percentage 
change, 0). Both loss and gains are measured in absolute and percentage terms. 
The model is estimated in the full sample. UP is the perceived upside potential 
measure estimated at the time of the purchase. DIR is the long-term price 
direction variable that takes the value of 1 if the purchase price is less than the 
52-week average price, 0 otherwise. VOL is the observed price volatility of the 
stock in the 52 weeks prior to the purchase.  MOM is the 52-week holding period 
return on the stock at the time of the sale. Standard errors are presented in 
parentheses and allow for investor-level heteroskedasticity and correlation across 
observations of the same stock. ***, **, * denote statistical significance at the 
1%, 5% and 10% level, respectively. 
 Model 
 1  2  3  4  
Gain 0.57 *** 0.69 *** 0.64 *** 0.70 *** 

 (0.06)  (0.09)  (0.20)  (0.20)  

Loss -1.77 *** -1.82 *** -3.44 *** -3.44 *** 

 (0.20)  (0.28)  (0.54)  (0.54)  

UP 0.00        

 (0.00)        

DIR 0.06        

 (0.09)        

UP *Gain   0.00  0.00  0.00  

   (0.00)  (0.00)  (0.01)  

UP *Loss   -0.02  -0.02  -0.02  

   (0.01)  (0.02)  (0.02)  

DIR *Gain   -0.16  -0.15  -0.22  

   (0.12)  (0.13)  (0.13)  

DIR *Loss   0.12  0.65  0.69  

   (0.39)  (0.39)  (0.40)  

VOL*Gain     0.03  0.11  

     (0.09)  (0.10)  

VOL *Loss     1.01 *** 1.02 *** 

     (0.28)  (0.28)  

MOM*Gain       0.00 *** 

       (0.00)  
MOM *Loss       0.00  
       (0.00)  
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Figure 2.1. Prospect Theory. The origin points the reference point, where 
the gains and losses are calculated with respect to this reference point. 
Individual investors are assumed to maximize an S-shaped utility curve 
that us convex for losses and concave for gains. 
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Figure 2.2 Monthly hazard rates of common stock positions in the full 
sample conditional on whether the stock has experienced a gain or a loss 
in the month. Here, “hazard rate” is a discretized version of the more 
commonly used term, estimated as the proportion of stock positions 
liquidated in month t, among those not sold in months 1,…,t-1. 
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Figure 2.3. Monthly hazard rates of common stock positions in the upward 
potential quintiles conditional on whether the stock has experienced a gain 
(A) or a loss (B) in the month. Here, “hazard rate” is a discretized version 
of the more commonly used term, estimated as the proportion of stock 
positions liquidated in month t, among those not sold in months 1,…,t-1. 
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Figure 2.4. Probability of a stock sale after 2 (A), 3 (B), 6 (C) and 12 (D) 
months of purchase conditional on the accrued gain or loss, controlling for 
the perceived upside potential.  
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Figure 2.4. Continued. 
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APPENDIX A  

Table A.1: Monthly hazard rates of common stock positions. The table reports the monthly 
hazard rates of common stock positions in the upward potential quintiles conditional on 
whether the stock has experienced a gain or a loss. Here, “hazard rate” is a discretized 
version of the more commonly used term, estimated as the proportion of stock positions 
liquidated in month t, among those not sold in months 1,…,t-1. 

        
 Gain  Loss 

Months after 
purchase 

Quintile 
Portfolio 1  

Low Potential  

Quintile 
Portfolio 5  

High Potential  

Quintile 
Portfolio 1  

Low Potential  

Quintile 
Portfolio 5  

High Potential 
1 0.658  0.866  0.903  0.195 
2 0.254  0.215  0.209  0.069 
3 0.145  0.129  0.126  0.042 
4 0.105  0.100  0.091  0.033 
5 0.089  0.085  0.074  0.029 
6 0.075  0.074  0.061  0.026 
7 0.066  0.067  0.052  0.025 
8 0.060  0.057  0.048  0.021 
9 0.048  0.053  0.046  0.021 
10 0.046  0.048  0.040  0.021 
11 0.042  0.044  0.039  0.020 
12 0.039  0.046  0.036  0.019 
13 0.033  0.042  0.032  0.017 
14 0.032  0.035  0.030  0.017 
15 0.028  0.034  0.027  0.015 
16 0.027  0.032  0.023  0.017 
17 0.024  0.027  0.021  0.014 
18 0.023  0.026  0.022  0.015 
19 0.023  0.025  0.019  0.014 
20 0.023  0.024  0.020  0.014 
21 0.020  0.022  0.021  0.012 
22 0.019  0.023  0.022  0.012 
23 0.019  0.021  0.020  0.011 
24 0.021  0.021  0.021  0.012 
25 0.017  0.019  0.017  0.012 
26 0.015  0.017  0.017  0.012 
27 0.016  0.018  0.015  0.010 
28 0.016  0.016  0.015  0.012 
29 0.014  0.016  0.016  0.010 
30 0.014  0.016  0.014  0.009 
31 0.013  0.014  0.016  0.011 
32 0.014  0.013  0.013  0.009 
33 0.011  0.013  0.013  0.010 
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Table A.1: Monthly hazard rates of common stock positions. Continued. 
       
 Gain Loss 

Months after 
purchase 

Quintile 
Portfolio 1  

Low Potential 

Quintile 
Portfolio 5  

High Potential 

Quintile 
Portfolio 1  

Low Potential  

Quintile 
Portfolio 5  

High Potential 
34 0.012  0.012  0.015  0.009 
35 0.009 0.012  0.015  0.011 
36 0.009 0.011  0.011  0.008 
37 0.007 0.011  0.012  0.010 
38 0.009 0.010  0.009  0.011 
39 0.009 0.010  0.007  0.010 
40 0.008 0.012  0.009  0.010 
41 0.009 0.009  0.011  0.010 
42 0.008 0.008  0.010  0.009 
43 0.007 0.009  0.007  0.008 
44 0.008 0.008  0.009  0.007 
45 0.010 0.010  0.011  0.011 
46 0.008 0.009  0.008  0.008 
47 0.006 0.009  0.007  0.009 
48 0.007 0.009  0.006  0.007 
49 0.006 0.008  0.005  0.007 
50 0.007 0.007  0.008  0.008 
51 0.005 0.008  0.008  0.007 
52 0.005 0.007  0.008  0.007 
53 0.007 0.007  0.006  0.010 
54 0.005 0.010  0.007  0.004 
55 0.003 0.009  0.004  0.005 
56 0.005 0.008  0.004  0.005 
57 0.006 0.006  0.005  0.003 
58 0.004 0.003  0.007  0.008 
59 0.005 0.005  0.001  0.003 
60 0.003 0.006  0.002  0.004 
61 0.006 0.006  0.003  0.001 
62 0.004 0.006  0.002  0.000 
63 0.001 0.010  0.001  0.000 
64 0.004 0.008  0.002  0.006 
65 0.005 0.010  0.000  0.000 
66 0.001 0.003  0.002  0.000 
67 0.004 0.004  0.004  0.000 
68 0.003 0.005  0.000  0.000 
69 0.004 0.003  0.009  0.009 
70 0.016 0.000  0.000  0.000 



 

Table A.2. Probability of a stock sale after t = (2, 3, 6, 12) months of purchase conditional on the accrued gain or loss, 
controlling for the perceived upside potential.  

 t = 2  t = 3  t = 6  t = 12 

Perceived Upside 
Potential Coefficient Gain  Loss  Gain  Loss  Gain  Loss  Gain  Loss 

0 0.27  0.19  0.15  0.11  0.08  0.06  0.05  0.04 
5 0.25  0.15  0.15  0.08  0.08  0.05  0.05  0.04 
10 0.23  0.12  0.14  0.06  0.08  0.04  0.05  0.04 
15 0.21  0.09  0.13  0.04  0.08  0.03  0.05  0.03 
20 0.20  0.07  0.13  0.03  0.08  0.02  0.05  0.03 

25 0.18  0.05  0.12  0.02  0.08  0.02  0.05  0.03 
30 0.16  0.04  0.11  0.02  0.08  0.02  0.05  0.03 
35 0.15  0.03  0.11  0.01  0.08  0.01  0.05  0.03 
40 0.14  0.02  0.10  0.01  0.08  0.01  0.05  0.02 
45 0.12  0.02  0.10  0.01  0.08  0.01  0.05  0.02 
50 0.11  0.01  0.09  0.00  0.08  0.01  0.05  0.02 
55 0.10  0.01  0.09  0.00  0.08  0.00  0.05  0.02 
60 0.09  0.01  0.08  0.00  0.08  0.00  0.05  0.02 
65 0.08  0.01  0.08  0.00  0.08  0.00  0.05  0.02 
70 0.08  0.00  0.08  0.00  0.08  0.00  0.05  0.02 
75 0.07  0.00  0.07  0.00  0.08  0.00  0.05  0.02 
80 0.06  0.00  0.07  0.00  0.08  0.00  0.05  0.01 
85 0.06  0.00  0.07  0.00  0.08  0.00  0.05  0.01 
90 0.05  0.00  0.06  0.00  0.08  0.00  0.05  0.01 
95 0.05  0.00  0.06  0.00  0.08  0.00  0.05  0.01 
100 0.04  0.00  0.06  0.00  0.08  0.00  0.05  0.01 
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APPENDIX B 

AN ALTERNATIVE UPSIDE POTENTIAL MEASURE 

 

The upside potential variable used throughout this study is an approximation of 

how investors observe the prospects of a substantial price increase when they initiate 

stock positions. In this section, I present an alternative measure that captures the same 

information regarding the perceived chances of a sizeable performance in the stock price.  

The new variable that represents the expectations for a substantial price increase 

(NUP) is calculated again by observing the 52-week high and low prices at the time of 

the purchase and determining where the investor’s cost lies in that spectrum. However, 

the values are estimated so that there are no extreme values, so winsorization is 

unnecessary. Let’s use the same numbers for an illustration and assume that an investor 

buys stock A at $10 today. He also observes that the 52-week low price for stock A was 

$5 and the 52-week high price was $20. The new upside potential measure is estimated 

by dividing the distance from the 52-week high to the cost (Distance denoted by A in the 

following illustration) by the range that the stock price has moved within in the past 52 

weeks, distance from the 52-week high to the 52-week low (distance B).  
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 So, the estimated upside potential coefficient would be ($20-$10 / ($20-$5) = 

0.66. By definition, the range of the upside potential coefficient (NUP) is [0, 1]. The 

construction of the variable dictates that, as the ratio of A to B gets larger, the upside 

potential for a substantial price surge increases. 

Although the new and old estimation techniques of the perceived upside potential 

are supposed to capture the same information, due to the differences in the construction, 

the correlation between the two variables is 0.09. The average upside potential measure 

calculated for the 575,001 purchases is 0.45.  

Table B.1 replicates Table 2.10 by using the new upside potential variable. In 

Model 1, where the interaction terms are not included, the upside potential variable has 

significance, whereas the variable that represents expectations for the long-term price 

direction is not significant. In the next three models, the interaction of the upside 

potential variable with the loss is significant and has the expected sign. The results are 

similar to those of Table 2.10, except for the signs of the directional expectation variable 

interacted with gains and losses are reversed. This is due to the fact that most of the 

information that the directional variable (DIR) possesses is now captured by the new 

upside potential variable. The correlation between the new upside potential measure and 

the long-term directional expectation variable is 0.87. 
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Table B.1: Cox Proportional Hazards Model of Stock Purchases with Additional 
Control Variables. Gain = max (price change, 0) and Loss = min (percentage 
change, 0). Both loss and gains are measured in absolute and percentage terms. The 
model is estimated in the full sample. NUP is the perceived upside potential 
measure estimated at the time of the purchase. DIR is the long-term price direction 
variable that takes the value of 1 if the purchase price is less than the 52-week 
average price, 0 otherwise. VOL is the observed price volatility of the stock in the 
52 weeks prior to the purchase.  MOM is the 52-week holding period return on the 
stock at the time of the sale. Standard errors are presented in parentheses and allow 
for investor-level heteroskedasticity and correlation across observations of the same 
stock. ***, **, * denote statistical significance at the 1%, 5% and 10% level, 
respectively. 
 
 Model 
 1  2  3  4  
Gain 0.11 *** -0.25 *** -0.56 *** -0.56 *** 

 (0.02)  (0.04)  (0.06)  (0.06)  

Loss -1.70 *** -0.89 *** -1.51 *** -1.21 *** 

 (0.05)  (0.09)  (0.13)  (0.13)  

UP -0.19 ***       

 (0.04)        

DIR -0.02        

 (0.02)        

NUP *Gain   0.90 *** 1.04 *** 1.00  

   (0.01)  (0.12)  (0.17)  

NUP *Loss   -2.52 *** -2.45 *** -1.57 *** 

   (0.00)  (0.27)  (0.12)  

DIR *Gain   -0.14 ** -0.17 ** -0.17 ** 

   (0.08)  (0.08)  (0.08)  

DIR *Loss   0.88 *** 1.01  0.90 *** 

   (0.17)  (0.17)  (0.17)  
VOL*Gain     0.22 *** 0.28 *** 

     (0.03)  (0.03)  

VOL *Loss     0.49 *** -0.22 *** 

     (0.07)  (0.08)  

MOM*Gain       0.00 ** 

       (0.00)  

MOM *Loss       0.01 *** 

       (0.00)  
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CHAPTER III 

STOCK ANALYST RECOMMENDATIONS AND THE INDIVIDUAL INVESTOR  

 

3.1 Introduction 

In the first essay, I attempt to find the relation between the widely documented 

investor bias, disposition effect, and the expectations for a substantial price increase, 

estimated by the perceived upward potential in the stock position. I show that observed 

behavioral biases can be attributed, at least partially, to expectations regarding future 

stock prices. Thus, I strive to provide an explanation based in beliefs for the disposition 

effect. 

In this second essay, I extend the analysis of investor behavior to include public 

signals. This study complements the literature on investor-level reaction to information 

releases. Specifically, I investigate the investor reaction, in the form of trade or no trade 

decisions, to analyst stock recommendations. I control for the realized and unrealized 

gain and loss in the stock position and examine the differences in the buy-sell imbalance 

of individual investors’ trades using a data from a large discount brokerage house.  

It is widely documented that small investors fail to correct for the positive bias in 

analyst recommendations. I analyze this issue and posit that perceived upside potential 

for a substantial price increase and overconfidence along with the gain or loss accrued in 

the stock position might cause different trade reactions to a given stock recommendation. 

I also try to analyze the issue whether overconfidence is causing the underreaction or 

overreaction to analyst recommendations.  
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Different from prior research, I include in my analysis the hold decisions. Around 

96 percent of the trade decisions in the three-day window (t = (0, 2)) following analyst 

stock recommendations are hold. Thus, including hold decisions provide valuable 

information regarding investor response to analyst recommendations. Although 

overconfidence might be expected to trigger more trading activity, in the form of buying 

or selling, it actually creates more decisions to hold than the decision to trade.  

This study adds to the literature by showing that individual investor trading 

following analyst recommendations is sensitive to stock-specific factors such as 

perceived upside potential and expectations for a long-term price direction and investor-

specific factors, such as overconfidence, proxied by the ratio of number of gains to the 

number of losses incurred until the date of the recommendation. It is also possible that 

there might be a confounding factor, price movements caused by institutional trading in 

response to analyst recommendations, in explaining the individual investor behavior 

following stock recommendations.  

3.2 Literature Review  

Stock analysts possess a prominent role in financial markets by gathering and 

processing information about firms that is disseminated to the market in the form of 

earnings forecasts and stock recommendations. In a semi-strong efficient market, stock 

recommendations should have no value, since analysts rely on already publicly available 

information. However, empirical evidence shows that their service is valuable to the 

market despite the documented bias towards being favorable. Analysts frequently appear 

in the financial media and as Busse and Green (2002) find, their remarks on television 
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can trigger instantaneous stock market reaction. One reason for this reaction might be the 

value of their skills at ranking stocks within industries (Boni and Womack 2006).  

The upward bias in analyst recommendations is widely documented in the 

financial literature. Jegadeesh et al. (2004) show that sell and strong sell 

recommendations constitute less than five percent of all recommendations between 1985 

and 1999. Malmendier and Shanthikumar (2007a) report the same figure as 4.5 percent in 

the IBES dataset for the period between 1993 and 2002.  Barber et al. (2001) show that in 

the Zacks Investment Research database, only 5.7 percent of all recommendations are 

sells from 1985 to 1996. Moreover, extant literature shows that this bias is stronger for 

affiliated analysts (Lin and McNichols 1998; Michaely and Womack 1999; Dugar and 

Nathan 1995). Iskoz (2003) demonstrates that strong buy recommendations issued by 

affiliated analysts following IPOs underperform those issued by unaffiliated analysts. He 

also documents that institutional investors partially correct for the bias by increasing their 

holdings only in response to the positive recommendations of unaffiliated analysts, 

ignoring buy recommendations of affiliated analysts. Cliff (2007) also provides evidence 

that selling short the sell recommendations of affiliated analysts provides significant 

abnormal returns, that is, downgrades are more credible than upgrades, while buy and 

hold recommendations from affiliated analysts underperform stocks recommended by 

independent analysts. However, Bradley et al. (2005) find that market reaction to the 

analysts’ initiations following IPOs are the same for affiliated and unaffiliated analysts 

once the timing of the initiation is controlled for. 

Barber et al. (2006) compare the market reaction to the recommendations of 

independent research firms with those of investment banks by creating buy and hold/sell 
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recommendation portfolios and computing the daily buy-and-hold returns controlling for 

market risk, size, book-to-market and price momentum. They find that the abnormal 

return on the portfolio that follows the buy recommendations of the independent research 

firms outperforms that of the portfolio that follows the buy recommendations of the 

investment banks. However, the hold/sell recommendations of the investment banks 

outperform those of the independent research firms. They attribute this finding to the 

reluctance of investment bank advisors to downgrade stocks whose prospects became less 

bright, as reported in the SEC’s Global Research Analyst Settlement.  

Although this bias is evidenced to be present in other developed stock markets, it 

is more significant in the U.S. Jegadeesh and Kim (2006) analyze the value of analyst 

recommendations in G7 countries from 1993 to 2002. They find that analysts issue far 

more buy and strong buy recommendations than sell and strong sell in all G7 countries. 

Moreover, the frequency of the sell recommendations is the lowest in U.S. among the G7 

countries. One reason for the phenomenon that analysts are biased is claimed to be the 

conflict of interest or “curry favor” with potential clients to win future underwriting 

business. 

This conflict of interest also caught the attention of the New York State Attorney 

General Eliot Spitzer. In a press release dated April 8, 2002 he mentioned that Merrill 

Lynch misled investors by issuing highly optimistic recommendations and added “The 

stock ratings were biased and distorted in an attempt to secure and maintain lucrative 

contracts for investment banking services. As a result, the firm often disseminated 

misleading information that helped its corporate clients but harmed individual 

investors.” Merrill initially agreed to a settlement with the State of New York by paying 
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$100 million on May 21, 2002. Eventually, the investigation was broadened and ten 

investment banks3.1 agreed by April 2003 in “Global Settlement” to pay $1.435 billion to 

the government, of which $900 million would be used on retrospective relief, $450 

million on independent research and $85 million on investor education. This settlement 

made it clear to the general public the conflict of interest between the potential 

underwriting and research business of investment firms that is alleged to cause analysts to 

issue misleading recommendations. 

Kadan et al. (2006) show that even after the “Global Analyst Research 

Settlement”, analysts are still reluctant to issue pessimistic recommendations for 

IPO/SEO firms. This situation is stronger for affiliated analysts. However, analysts issued 

less optimistic recommendations after the new regulations went into effect. Clarke et al. 

(2006), on the other hand, analyze 384 firms that filed for bankruptcy during the period 

1995-2001 and fail to find the widely documented positive bias in analyst 

recommendations. Actually, they show that analysts start to downgrade only eight 

months preceding the bankruptcy. They also contend that the market does not view the 

recommendations of affiliated analysts as biased.  

However, there also exists research that shows that analyst recommendations still 

add value (in the short-term) notwithstanding the upward bias in recommendations. 

Womack (1996) and Jegadeesh et al. (2004) find that the portfolio following 

recommendation upgrades outperform the portfolio following downgrades. Barber et al. 

(2001) find that buying (selling short) stocks with the most (least) favorable consensus 

 
3.1 Bear Stearns & Co. LLC, Credit Suisse First Boston Corp., Deutsche Bank, Goldman Sachs, J.P. Morgan Chase & 
Co., Lehman Brothers, Inc., Merrill Lynch & Co., Inc., Morgan Stanley, Salomon Smith Barney, Inc., UBS Warburg 
LLC. 
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recommendations provide an abnormal return of more than 4% given the timely reaction 

to recommendation changes and daily portfolio rebalancing. Jegadeesh et al. (2004) and 

Green (2006) show that stocks favorably recommended by analysts outperform the stocks 

with the least favorable recommendations.  

However, Sorescu and Subrahmanyam (2006) argue that while trading strategies 

based on analyst recommendations may be profitable for institutional investors, 

transaction costs will wipe out the profits for individual investors. Barber et al. (2001) 

also show that frequent trading, required to follow the strategy, causes excessive 

transaction costs that wipe out the abnormal returns for small investors. 

Given that the upward bias is prominently documented in financial literature and 

covered in financial media mainly because of the Global Settlement, investors are 

expected to be able to correct for the bias in analyst recommendations, and the face value 

of the recommendation should not matter. For example, a buy recommendation issue 

should be perceived as a hold, whereas a hold should be treated as a sell. 

There is evidence that, market participants are capable of adjusting their reactions 

to analyst recommendations to some extent. Asquith et al. (2005) argue that extent of the 

market reaction differs according to the information content of a report. They find that 

the market pays more attention to downgrades rather than upgrades or reiteration of an 

old recommendation. That is quite expected, given that analysts are indisposed to issuing 

negative recommendations. Hsieh et al. (2005) also contend that analyst 

recommendations are informative when signaling negative information. Agrawal and 

Chen (2007) argue that analysts cannot systematically mislead investors by issuing 

optimistic stock recommendations. They analyze the reaction of stock prices and trading 
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volumes to upgrades and downgrades and claim that the market is aware of the conflicts 

analyst face and properly discount for the bias in recommendations. Malmendier and 

Shanthikumar (2007a) also show that large traders’ reaction to buy and strong buy 

recommendations is less pronounced if the analyst is affiliated. 

Ivković and Jegadeesh (2004) document that recommendation revisions are more 

frequent after earnings announcements. They also find that recommendation upgrades 

and downgrades cause price reaction that is significantly larger than those of upward and 

downward earnings forecast revisions. They attribute this finding to the possibility that 

recommendation revisions embrace information other than the interpretation of the 

published quarterly earnings or analysts revise their recommendations only for substantial 

changes in earnings. They document that stock price reaction to recommendations is 

weakest following the earnings announcements and strongest in the week prior to the 

announcement. They interpret these results as analysts relying on information besides that 

of publicly available. 

3.3 Hypothesis Development  

It is reasonable to assume that investors differ in sophistication to incorporate the 

documented positive bias in their reaction to analyst recommendations. Small, 

inexperienced investors will likely take the recommendations at face value, whereas 

institutional, experienced investors will accommodate their trading behavior to the 

conflict analysts face when they issue recommendations. Presumably, small investors do 

not constitute a homogeneous group and there might be differences in their perception of 

the signals provided by analysts due to some factors analyzed in this paper. 
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This study complements the literature on investor-level reaction to information 

releases. Extant research examines the trade reactions of different types of investors 

(small, naïve, large, individual, institutional, sophisticated, unsophisticated, etc.) to 

analyst recommendation and earnings forecast issues, by analyzing the high-frequency 

data provided by national stock exchanges. This is the first study to my knowledge that 

examines the impact of analyst recommendations in a portfolio setting. I base my 

inquiries mainly on research by Mikhail et al. (2007), Malmendier and Shanthikumar 

(2007a, b), Barber and Odean (2008) and Daniel et al. (1998).  

Collecting and processing information on stocks entail time and skills pertaining 

to stock valuation. Barber and Odean (2008) argue that when buying a stock, investors 

have choice sets limited by the amount of information they can process. They show that 

individual investors heavily buy stocks that catch their attention, which they claim are 

covered in the news, experiencing high abnormal trading volume, and stocks with 

extreme one-day returns. They attribute this finding to the difficulty and cost associated 

with searching thousands of potential stocks to include in the portfolio. 

Mikhail et al. (2007) analyze how small and large traders differ in responding to 

analyst stock recommendations and earnings forecasts. They use trade size to identify 

small and large traders to show that small investors fail to correct for the bias in 

recommendations and trade more than normal after the issuance of a report, regardless of 

its content. However, large traders are aware of the conflicts of interest analysts face and 

trade more in response to the amount of information present in the analyst reports. 

Mikhail et al. report that small traders are net buyers following recommendation revisions 

regardless of the information contained, whereas large traders are net sellers after a 
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downgrade or a sell recommendation is issued. They also find that large traders 

experience positive returns following both positive and negative recommendation 

revisions, while small investors incur negative returns following downgrades or sell 

recommendations and insignificant returns following upgrades or buys. They argue that 

their findings support the notion that large investors are more sophisticated than small 

investors.  

Malmendier and Shanthikumar (2007a) analyze the NYSE Trades and Quotations 

(TAQ) database from 1993 to 2002 and show that large investors adjust for the upward 

bias in analyst recommendations, while small investors take recommendations literally. 

They have three main findings: 

1. Large investors show abnormal buying behavior after the issue of strong buy 

recommendations, no reaction to buy recommendations and selling behavior to 

hold recommendations. Small traders, on the other hand, show abnormal buying 

behavior after both buy and strong buy recommendations, and no reaction after 

holds.  This implies that small traders follow recommendations literally. 

2. Large traders’ reaction to buy and strong buy recommendations is less 

pronounced if the analyst is affiliated, while small traders do not differentiate 

between affiliated and unaffiliated analysts. 

3. Small investors do not pay as much attention to the informational content of 

recommendations. They react positively to the reiteration of buy and strong buy 

recommendations, while large investors exhibit no abnormal trade reaction to 

reiterations. 
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Although it is hard to find an exact cause behind these disparities, Malmendier and 

Shanthikumar (2007a) attribute the differences in the reactions of small and large traders to 

analyst recommendations to the probable high cost of adjusting trading behavior to the 

recommendations. Another explanation is just they take recommendations at face value, 

since they rely too much on advice. While these arguments are plausible, I think there 

might be other factors that can explain the observed underreaction.  

In a following paper, Malmendier and Shanthikumar (2007b) claim that stock 

recommendations and earnings forecasts target different types of investors. They again 

analyze data from the New York Stock Exchange Trades and Quotations (TAQ) database 

for the period 1993-2002 and adopt the same methodology in classifying investors into 

small and large. While individual traders watch more closely recommendations, large 

traders react more strongly to earnings forecasts due to the fact that they are aware of the 

upward bias in stock recommendations. Thus, analysts cannot bias the earnings forecasts 

as much, since such a behavior will reduce their reputation among institutional investors. 

Moreover, large traders are documented to distinguish between affiliated and unaffiliated 

recommendations, whereas small investors fail to do so. Also, large traders react more 

strongly to earnings forecasts when the analyst is affiliated. Based on the evidence 

provided in Malmendier and Shanthikumar (2007b), I analyze the trade reaction of 

individual investors to only analyst recommendations. 

I am also intrigued by the empirical findings in the behavioral finance literature 

suggesting that experience might impact trading behavior. Daniel et al. (1998) claim that 

the trading response of an investor to a public signal depends on his previous trades 

triggered by private information. If the previous trade and the public signal have the same 
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sign, the investor becomes more confident. However, if the signal is disconfirming the 

trade, the investor’s confidence falls only modestly. Barber and Odean (2002) also 

mention “investors whose recent successes have increased their overconfidence will 

trade more actively and more speculatively.” This overconfidence may be due to the 

overemphasis of the accuracy of the private signal or overemphasis of the skills to 

accurately comprehend public signals (Odean 1998).   

Linnainmaa (2005) mentions that individual investors change their beliefs about 

their investment skills based on the outcomes of their previous trades. In the model of 

Gervais and Odean (2001), a trader is not aware of his skills, rather conjectures his skills 

from his successes and failures.  

Hence, I contend that the trading response of an individual investor to a signal 

depends on the profitability of the previous trades in the stock for which the 

recommendation is issued. I conjecture that whether investors follow analysts’ 

recommendations literally is influenced by both the experience in most recent trades and 

the upward potential in the price distribution. Alternatively, to analyze the impact of the 

unrealized gains and losses in already initiated stock positions, I limit my sample, when 

necessary, to the purchases and sales of stocks that the investor already owns.  

The trading response is quantified in the abnormal buy-sell imbalance estimated 

using Equation 3.3. It is a proxy of the trading response, that provides information about 

the frequency of purchases with respect to sales in the three-day event window (t = 0, 2) 

following recommendations. The raw trade imbalance measure ranges between 0 and 100 

percent. If all of the trades in a given window are purchases, this will result in a raw 

imbalance estimate of 100 percent. If they are all sales the imbalance will be -100 
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percent. The range of the abnormal imbalance is however, -163.72% to 163.64%, due to 

the subtraction of the annual expected imbalance measure (estimated by Equation 3.2). 

Yet, 99 percent of the imbalance measures in the sample fall between -108 percent and 

94%. 

First, I argue that the trading response to a given recommendation is expected to 

be affected by the previous trade in the same stock. If the investor has realized a gain in 

the stock before, he will show more buying, or less selling, behavior following stock 

recommendations. The fact that his most recent trade was a gain in that stock increases 

his confidence in his investment skills and makes him consider himself well-informed, at 

least regarding the stock for which the recommendation is issued for. Therefore, in the 

sample of investors who have previously realized gains in the stock for which the 

recommendation is issued, the buy-sell imbalance is expected to be higher than that of 

calculated in the sample of investors who have realized losses. Thus, I hypothesize that: 

H1: Stock recommendations will generate a relatively larger (smaller) buy-sell 

imbalance in the sample of investors who have previously realized gains (losses) in the 

same stock.  

Relatively larger imbalances, observed in the sub-sample of investors who 

realized gains before in the same stock, are either due to a greater than normal number of 

purchases than sales, or a smaller than normal number of sales than purchases. Similarly, 

relatively lower imbalances, observed in the sub-sample of investors who realized losses 

before in the same stock, are either due to a smaller than normal number of purchases 

than sales, or a greater than normal number of sales than purchases.  
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I also argue that the anticipated price direction and the magnitude of that direction 

also sway the imbalance that is expected to be observed especially after unfavorable 

recommendations. Let’s assume two stocks for which a ‘sell’ recommendation is issued. 

Stock A is priced at less than the 52-week average price, and stock B is priced at more 

than the corresponding 52-week average price. I argue that the buy-sell imbalance will be 

larger (more purchases than sales), yet still negative, for stock A than that of stock B, due 

to less selling behavior. Investors might view stock A cheap relative to its past price path 

and might be less willing to sell following the negative signal.  

Similarly, perceived upside potential might have the same effect. However, the 

directional expectation and perceived upside potential variables are highly correlated by 

construction (Pearson correlation coefficient is 0.47). Therefore, I am agnostic about the 

dominance of one variable on the other. The discussion about the expectations on long-

term price direction and perceived upside potential leads to the second hypothesis: 

H2a: Stock recommendations will generate a relatively larger (smaller) buy-sell 

imbalance for stocks where the upward potential is deemed sizeable (limited).  

H2b: The effect of the deemed upside potential on the imbalance will be larger 

following unfavorable recommendations.   

So far, I have not differentiated between purchases that initiate a position and that 

add onto an already initiated position. Next, I switch my focus to the positions that have 

already been initiated. In other words, purchases denote investing more money in already 

owned stocks. In the first hypothesis, the emphasis was on the realized gains and losses. 

The following discussion centers on the unrealized gains and losses. The probabilities of 

purchase and sale are also anticipated to exhibit sensitivity to unrealized gains and losses 
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in the stock positions for which the recommendation is issued. I build my arguments 

based on whether the signal about a stock, in the form of the analyst recommendation, 

confirms or contradicts the investor’s accrued gains or losses in the position. 

First, I argue that the probability of purchase will be lower than that of sale at 

each level of recommendation. When investors make purchase decisions, they face a 

large set of alternatives and due to the limited capital, they might not opt to buy more 

shares of a stock they already own. However, sale decisions are made among a limited 

number of stocks that are already owned (the portion of short-sales in the sample is only 

3%, and thus excluded). For that reason I claim that: 

 H3: The probability of purchase will be lower than that of sale at each 

recommendation level. 

Next, I will analyze the probabilities of purchase and sale separately. Let’s first 

consider the probability of purchase. Since, the stock is already in the investor’s portfolio, 

purchase in this context means buying more shares of the stock. Let’s assume that the 

investor has an unrealized gain in a stock for which a ‘strong sell’ recommendation is 

issued. This means that the signal (which is negative in this case) contradicts the 

investor’s experience (that resulted in an unrealized gain). If the recommendation was 

‘strong buy’ or ‘buy’, it would confirm the investor’s experience. Based on these 

assertions, I hypothesize that: 

H4a: The probability of purchase will be higher following favorable 

recommendations than unfavorable recommendations, provided that the investor has 

accrued gains. 
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If the investor has incurred losses and the recommendation favors the stock, then 

the contradiction will result in a low probability of purchase. The investor who has 

already made a mistake by investing in the stock will not purchase more of the same 

stock. Unfavorable recommendations will even lead to a lower probability of purchase. 

Hence: 

H4b: The probability of purchase for an investor who has incurred a loss will be 

lower than that for an investor who has incurred a gain, at all levels of recommendation, 

whereas the difference in probability widens at unfavorable recommendations. 

I argue above that regardless of the unrealized gains or losses incurred, favorable 

recommendations result in a higher probability of purchase than unfavorable 

recommendations, whereas the probability is higher for investors who observed gains in 

their stock positions.  

Consequently, I discuss the decision to sell following stock recommendations in 

regard to accrued gains and losses. First, I argue that the probability of selling a gain will 

be higher than that of selling a loss at all recommendation levels due to investors’ 

tendency to realize gains and ride losses (disposition effect). 

H5a: Gains will have higher realization probabilities than losses. 

Second, I claim that the probability of realizing a gain will be higher for 

unfavorable recommendations. An investor, who has already observed a gain in his 

position, might be more willing to dispose the stock and lock in a gain, if he observes that 

the signal is negative. However, the probability of selling a gain might be relatively lower 

following favorable recommendations since his experience (gain) is confirmed by the 

signal, leading to raised expectations on the stock.  
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H5b: Gains will have higher realization probabilities at unfavorable 

recommendation levels than favorable. 

I cannot make any assertions regarding the probability of realizing a loss at 

different recommendation levels, since the disposition effect might have a dominating 

impact at all levels.  

The hypotheses include ideas that consider both market-level information such as 

perceived upside potential and expectations for long-term price direction, and investor-

level information such as gains or losses realized or unrealized in given stock positions or 

in overall portfolios. Analyzing only either market-level forces or individual-level 

motivations might leave the analysis susceptible to criticism that there is a missing 

variable problem. Thus, I argue that this study provides a more comprehensive analysis in 

explaining trade reaction of individual investors to analyst stock recommendations. 

3.4 Sample and Data Description 

I use data from three sources: the individual brokerage accounts, analyst stock 

recommendations and stock prices database. 

I gather stock price information from CRSP through WRDS. Analyst stock 

recommendations are obtained from Zacks Investment Research. The database covers the 

period from January 1985 to June 2006; however, I use the recommendations issued from 

January 1991 to December 1996, since the brokerage house data consists of trades 

executed in the mentioned span. Each line in the recommendations database includes the 

recommendation date, the analyst identifier, the brokerage house identifier, and a rating 

between 1 and 5 along with other items. A rating of 5 indicates a strong sell 

recommendation, whereas a rating of 1 indicates a strong buy. Zacks also reports a rating 
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of 6, which indicates termination of coverage. Different from Mikhail et al. (2007), I keep 

reiterations in the sample due to the empirical evidence that small investors also exhibit 

abnormal trade reaction following reiterations. I delete the records where the analyst code 

is missing or a corresponding stock price cannot be identified in the CRSP files. 

Summary statistics on the recommendations database is presented in Table 3.1. There are 

a total of 189,705 recommendations issued in the six-year period for 4,890 stocks by 

2,004 analysts working in 189 brokerage houses. 40,533 of these recommendations are 

initiations, 78,995 are reiterations, 32,261 are upgrades and 37,916 are downgrades. 

The second dataset is provided by a large discount brokerage firm. It includes 

trading and position records of 78,000 households from January 1991 through December 

2006. I analyze only common stock trades in the sample. The sample size is smaller than 

the one used in previous studies due to the restrictions I impose:  

1. There must be at least 10 trades following a recommendation in the three-

day (t = 0, 2) event window. In other words, imbalances are estimated 

following recommendations which satisfy the following criterion in 

Equation 3.1: Bit +Sit >= 10, in the event window t for stock i. This 

restriction enables to estimate valid buy-sell imbalance in the event 

window. 

2. In order to be included in the sample, a stock, for which a recommendation 

is issued, must have at least 10 trades in a given year excluding all event 

windows: Biz +Siz >= 10, in the time period z for stock i. This restriction is 

necessary to estimate valid expected buy-sell imbalance (YBSI) for a stock 

in a given year.  
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In the sample, a stock has a mean (median) of 21 (15) trades in an event window, 

and 812 (680) trades outside the event window in a given year. 

The final individual trades sample consists of 91,058 trades that occur within 

three days (t = [0, 2]) of 4,341 stock recommendations. The descriptive statistics 

regarding the final sample is presented in Table 3.2. There are more purchases (61,376) 

than sales (29,682), where there are significantly more trades following hold 

recommendations than trades following any other recommendation. 

The restrictions I impose on the number of trades in an event window limit the 

number of analyst recommendations to 4,341, issued between 01/02/1991 and 

11/30/1996. Summary statistics on the final sample of recommendations is presented in 

Table 3.3. There are 648 initiations, 1,653 reiterations, 927 upgrades and 1,127 

downgrades in the final sample, while the number of hold recommendations again 

dominates any other frequency of recommendation levels.   

3.5 Construction of the Dependent Variable 

I analyze the trade reactions of individual investors to analyst recommendations in 

several different subsamples, by using the recorded trades at a major brokerage house. 

I include in my sample reiterations, since it is documented that individual 

investors react not only to revisions, but also to reiterations. I also analyze initiations 

separately following Irvine (2003), who shows that markets react more to analyst 

initiations than to other recommendations of already covered stocks. Upgrades and 

downgrades are also examined separately due to the evidence that downgrades are more 

credible than upgrades. 
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I begin my analysis by summarizing the buy-sell imbalance in the window 

following analyst recommendation issuances. Following Barber and Odean (2008), each 

day a stock recommendation is issued, I sort the stocks based on the recommendations. 

Then, I sum the number purchases and sales for each stock around the issue of 

recommendations for the window (t = 0, +2) and calculate the buy-sell imbalance in the 

window as follows: 
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where nrt is the number of stocks in the window t following recommendation level r; Bit 

is the number of purchases for stock i in the window t, and Sit is the number of sales for 

stock i in the window t. As mentioned before, if there are fewer than 10 trades in a in a 

particular event window following a stock recommendation, that window is excluded 

from the analysis. I also calculate the buy-sell imbalance in a given year to find the 

normal, expected buy-sell imbalance for a given stock (YBSI). In this calculation, I use 

all the trades outside of all the event windows in a given year: 
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where nrz is the number of stocks in recommendation level r in the window z (z denotes 

the days that are not included in any of the event windows), Biz is the number of 

purchases for stock i in the window z, and Siz is the number of sales for stock i in the 
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window z. Then I estimate the abnormal buy-sell imbalance (ABSI) buy subtracting 

yearly buy-sell imbalance from the buy-sell imbalance calculated in the event window: 

                                                   rzrtrt  - YBSI BSI ABSI                          [3.3]  

Then the abnormal buy-sell imbalances across all event windows are averaged by 

recommendation level (ABSIr) to proxy for the unexpected trade reaction to a given level 

(strong buy, buy, hold, sell or strong sell) of recommendation.  

I also estimate buy-sell imbalances based on the number of shares and the dollar 

volume of trades, rather than the number of trades. However, main part of the analysis 

relies on calculations using the number of trades rather than the value of trades due to the 

reasons presented by Barber and Odean (2008) that “Calculating buy-sell imbalance by 

the value of trades has the advantage of offering a better gauge of the economic 

importance of the observations, but the disadvantage of overweighting the decision of 

wealthier investors. In trying to understand investors’ decision process, calculating buy-

sell imbalance by number of trades may be most appropriate”. The summary statistics for 

the abnormal buy-sell imbalances across different recommendations levels (ABSIr), are 

presented in Table 3.4. 

Panel A reports the abnormal imbalances using number of trades in the 

estimation. Results for the full sample indicate that the trades from the buy side dominate 

the trades from the sell side at every level of recommendation. Although the sign of the 

imbalance is positive calculated in the event window following “strong buy” 

recommendations, it is statistically insignificant. The most puzzling outcome is the 

tendency of the ABSIr to increase as we move from “strong buy” to “strong sell”, a 

finding counter to my expectations. However, the main reason behind this puzzle is that 

 99
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ABSIr is estimated by simply averaging all of the buy-sell imbalances for a given 

recommendation level, without assuming any correlation between the observations on the 

same stock. Although the assumption of independence cannot be justified, it is practical 

when the imbalance is analyzed and compared in subsamples. Later in the analysis, I 

allow for correlation among the imbalances on the same stock when I regress the 

abnormal buy-sell imbalance on the explanatory factors. The results actually are 

consistent with previous research when time-series effects are incorporated.  

The results from the full sample suggest that investors show abnormal buying 

behavior following ‘sell’ and ‘strong sell’ recommendations. One plausible reason behind 

this phenomenon might be the price movements following unfavorable stock 

recommendations. If individual investors react to recommendation issues with a delay, as 

they do after earnings announcements (Dey and Radha 2007), then prices decreases 

might cause the stocks to be more attractive for individual investors. Barber and Odean 

(2008) also find that “…investors make nearly twice as many purchases as sales of stocks 

with an extremely poor return the previous day”.  

Again, my argument that individual investors react to both price movements and 

the signal itself is only a conjecture, rather than an empirical finding. Yet, the focus of 

this paper is whether disposition effect and overconfidence affect trading response to 

analyst recommendation issues, rather than the associated price movements. 

The perplexing findings still exist when the sample of initiations and reiterations 

are analyzed separately. In the sample of initiations, ABSI decreases monotonically from 

7.15 to 5.75 as the recommendation changes from ‘strong buy’ to ‘hold’, it becomes 

indistinguishable from 0 for ‘sell’, and then jumps to 24.78 in the window following 
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‘strong sell’ recommendations. The trend is less significant for reiterations, but the 

imbalance is still positive and significant for the ‘strong sell’ level.  

Upgrades create no abnormal buy-sell imbalance, a finding consistent with Cliff 

(2007). However, downgrades trigger abnormal buying rather than selling pressure 

except for downgrades to ‘strong sell’.  

Panel B and C use the number of shares, and the dollar volume, respectively in 

the estimation of the abnormal buy-sell imbalance. The results are similar when 

compared to those in Panel A. ‘Strong sell’ recommendations are still followed by a 

positive and significant imbalance, implying a buying pressure, and upgrades are still 

indistinguishable from zero at all recommendation levels.  

3.6 Empirical Analysis & Results 

3.6.1 Overconfidence and the Abnormal Buy-sell Imbalance (ABSI) 

One of the two principal arguments in my study is that investors’ trading 

responses to public signals are shaped by their previous experiences. This argument is 

supported by a number of theoretical papers such as Daniel et al. (1998), Gervais and 

Odean (2001), Barber and Odean (2002) and Linnainmaa (2005). The chief premise of 

these studies is that investors’ perceptions of their skills depend on the outcome of their 

previous investment decisions. Successes lead to an increase in self-confidence and 

failures result in erosion in one’s belief about his investment skills.  

I do not argue in this paper that expectations on future stock returns are modified 

by the consequence of previous trades. This would be a rather wrong and incomplete 

argument. Yet, I claim that dissimilarities might be expected in the magnitude of the 
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response to public signals when the trades of investors are aggregated based on their 

score-card. 

The first hypothesis is derived from the assertion outlined above. I analyze 

whether the abnormal buy-sell imbalance is altered by previous trades. To test the first 

two hypotheses, I divide my sample into two, based on whether the previous trade on a 

given stock, for which the recommendation is issued, resulted in a gain or a loss. 

Therefore, in order to be included in either of the samples, an investor must have bought 

and sold the stock before. 

 The abnormal buy-sell imbalance is calculated separately for the two samples and 

the difference is tested for significance. The results are displayed in Table 3.5. Panel A 

reports the results using the number of trades in the imbalance estimation. All of the 

imbalance estimations have negative signs, however, the magnitude of the coefficients 

are larger for investors who had realized a loss in the same stock before. The difference 

between the imbalances increases monotonically as we move from ‘strong buy’ 

recommendations to ‘strong sell’. Individuals who have realized a loss before show 

relatively more selling behavior following unfavorable recommendations, while those 

who had gains exhibit less selling behavior. This finding provides initial evidence 

supporting the first hypothesis.  

The results are similar when abnormal buy-sell imbalance is calculated by using 

the number of shares (Panel B) and the dollar volume (Panel C), despite the monotonic 

increase in the difference between the two samples no longer exists.  

It is also debatable that the trade reaction might differ for those investors who had 

realized gains or losses in their most recent trades, regardless of the stock previously 
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traded is the same as the one the recommendation is issued for. For instance, if an 

investor has realized a gain in stock A, that might affect his response to a 

recommendation for stock B. In other words, preceding trade might affect the following 

trade, unconditional on the two trades being in the same stock. Therefore, I construct two 

samples based on whether the previous trade has resulted in a gain or a loss, and compare 

the imbalances estimated in each sample.  

Panel A of Table 3.6 reports the imbalances and differences in imbalances using 

the number of trades in the ABSI specification. There is a monotonic increase in the 

imbalance in the sample of gains as we move from ‘strong buy’ to ‘strong sell’ 

recommendations, a finding similar to pattern documented in Table 3.4. However, we see 

a reverse pattern in the sample of losses. The coefficient not only decreases 

monotonically, but also changes sign as the recommendation shifts from favorable to 

unfavorable.  

The puzzling pattern documented earlier is mitigated when investors are less 

confident about their own beliefs, proxied by the success in their most recent trade. In the 

sample of gains, the number of purchases still outweigh the number of sales, resulting in 

an abnormal imbalance of 10.03% in the window following ‘strong sell’ 

recommendations, and 9.32% for ‘sell’ recommendations. This result indicates anew that 

investors – in this case those who are assumed to be more confident in their investment 

skills – demonstrate a tendency to buy rather than to sell, following negative signals, and 

once again I conjecture that might be a response to decreasing prices following 

unfavorable recommendations. The difference in the imbalance between the two samples 

reveals that overconfidence has a relatively larger effect on the response to negative 
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public signals. The findings are similar when the buy-sell imbalance is estimated by 

substituting the number of shares (Panel B) and the dollar volume (Panel C) for the 

number of trades. 

It is evident from the tables that the most recent trade affects investors’ reaction to 

analyst recommendations. Investors, who realized gains in their most recent trades, 

exhibit more buying behavior or less selling behavior compared to those who realized 

losses. The findings support the first hypothesis. 

3.6.2 Ordinary Least Squares Regression of the ABSI on Control Variables 

Results from the first essay suggest that investors might be more reluctant to 

realize their losses if they expect that prices will increase in the long-run – proxied by the 

variable that represents expectations on the direction of stock prices (DIR) – and if they 

believe in a higher chance of a substantial price increase – proxied by the perceived 

upward potential in the stock position. A similar argument can also be put forward in 

explaining the response of individual investor trading to analyst stock recommendations. 

The trading response to unfavorable recommendations might show variation between 

stocks whose prospects for a price jump are high and low. This is, as shown in Chapter 2, 

a response based on expectations on future price paths. Thus, in this section, I also 

control for the upside potential and the directional expectation, estimated by a similar 

method presented in Chapter 2. Expectation for long-term price direction is proxied by a 

dummy variable (DIR) that takes the value of 1 if the daily closing price, the day before 

the date of the recommendation, is less than 52-week average price, and 0 otherwise. If 

investors, who already own the stock for which the recommendation is issued for, 

observe that the stock is still cheap relative to its 52-week performance, they might 
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display a relatively larger propensity to hold onto their positions even after an 

unfavorable signal has been received. An identical rationalization is also cogent for the 

way perceived upside potential impacts the response to negative signals. The perceived 

upside potential is proposed to mitigate the selling pressure that should be observed 

following unfavorable stock recommendations. The ratio of the distance from the closing 

price on the first trading day before the date of the recommendation to the 52-week high 

price, to the distance from the same closing price to the 52-week low price is used as a 

proxy for perceived upside potential of the future stock price path. Estimated values are 

winsorized at the 1st and 99th percentiles.   

 Although expectations for the long-term price direction and the perceived upward 

potential might have an influence on the individual investor trades, Tables 3.5 and 3.6 

unveil the impact of overconfidence – approximated by whether the last trade resulted in 

a gain or a loss – on the buy-sell imbalance following analyst stock recommendations. If 

a large number of individual investors are prone to overconfidence, buying pressure is 

documented to exist particularly after ‘strong sell’ and ‘sell’ recommendations. However, 

for the following analysis, I change the specification of overconfidence, by including in 

the estimation all of the previous realizations of gains and losses until the 

recommendation issue date. For example, if an investor has realized gains in his stock 

positions 6 times losses 3 times until recommendation i was issued, then the 

overconfidence coefficient for the investor will be (6-3) / (6+3) = 0.33. Similarly if he 

had 6 losses and no gains in all his stock trades before recommendation i was issued, the 

estimated coefficient for this investor would be (0-6) / (0+6) = -1. By construction, the 

range of the overconfidence measure is (-1, 1). I average the individual overconfidence 



Texas Tech University, Emre Ozgur Akay, August 2008 
 

 106

                      

[3.4] 

ABSIi,t = imbalance in the event window t=(0, 2) following 

wise. 

rwise. 

herwise. 

DIRi, t    =  is 

 UPi , t = (
 

k) 

 Ci, t    = Average overconfidence of the investors who trade in response to  
recommendation i. 

 

measure across investors who traded in response to a recommendation, to determine 

whether the observed imbalance might be explained, at least partially, by the overall 

confidence levels of investors before recommendation is issued.  

To analyze the effects of these forces simultaneously, I run the following no-

intercept specification: 

ABSIi,t =  DSB, i, t +  DB, i, t + DH, i , t + DS, i, t  + DSS, i, t  + DIRi, t 

*DSB, i, t + DIRi, t *DB, i, t  + DIRi, t *DH, i, t + DIRi, t *DS, i, t  + 

DIRi, t *DSS, i, t + UPi, t *DSB, i, t + UPi, t *DB, i + UPi *DH, i, t 

+ UPi, t *DS, i, t + UPi, t *DSS, i, t + OCi, t *DSB, i, t + OCi, t 

*DB, i, t + OCi, t *DH, i, t + OCi, t *DS, i, t + OCi, t *DSS, i, t + εi, t    

where, 

 Abnormal buy-sell  
recommendation i. 

 
 DSB, i, t = 1 if the recommendation i is ‘Strong buy’, and 0 other

 DB, i, t   = 1 if the recommendation i is ‘Buy’, and 0 othe

 DH, i, t   = 1 if the recommendation i is ‘Hold’, and 0 ot

 DS, i, t   = 1 if the recommendation i is ‘Sell’, and 0 otherwise. 

 DSS, i, t  = 1 if the recommendation i is ‘Strong sell’, and 0 otherwise. 

 1 if the closing price of the stock the day before recommendation i 
issued is greater than the 52-week average price, and 0 otherwise. 

 
52-week high price for the stock – Closing price of the stock the day 

ore recommendation i is issued) / (Closing price of the stock the daybef
before recommendation i is issued – 52-week low price for the stoc

    
O
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I also allow for correlation among the recommendations of a given stock. I 

assume that the correlation between two residuals is inversely related to the distance 

between them; specifically, corr (i(t), i(t`)) = ρ|t-t`|, and corr (i(t), j(t)) = 0,  where t is 

the event window following recommendation for stock i and t` is that of stock j. Hence, 

the two recommendations on the same stock, that are closer to each other in time, will 

have a higher correlation than two recommendations that are far away from each other in 

time. This is a more accurate assumption than simply adopting an AR(1) (autoregressive) 

specification, since the data points are not structured with constant time intervals. Yet, 

observations on different stocks are assumed independent and variances are assumed 

constant in the specification above. 

The results from the regression are presented in Table 3.7. Model 1 includes the 

dummy variables only, which represent the recommendation levels. All of the 

coefficients are positive and significant at conventional levels. The puzzling pattern still 

exists, although the imbalance is less in the window following ‘strong sell’ 

recommendations than that of ‘sell’ recommendations.  

Model 2 includes the dummy variables that represent expectations on the long-

term price direction (DIR). When the directional expectation variables are interacted with 

the recommendation levels, the variables that represent recommendation levels lose their 

significance except for the recommendation ‘buy’. The magnitude of the interaction term 

increases monotonically as we move from ‘strong buy’ to ‘strong sell’. This indicates 

that, individual investors in the sample exhibit an increasing abnormal buying behavior, 

following unfavorable recommendations, if the closing price of the stock on the day 

before the recommendation issue date is less than the 52-week average price. Yet, the 
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imbalance is statistically indifferent from zero if the price is greater than the 52-week 

average price. The coefficients presented in Model 2 imply that the imbalance is 

statistically indistinguishable from zero calculated in the 3-day window following all 

recommendations except those which are ‘buy’. 

Model 3 introduces the upside potential interaction variables. The results indicate 

that the variable that represents perceived upside potential of the stock captures most of 

the information in the directional expectation variable, as the directional expectation 

variable is significant at conventional levels only for hold recommendations. Upside 

potential interaction terms are significant except for ‘buy’ recommendations, and have 

larger coefficients for ‘sell’ and ‘strong sell’ recommendations, pointing to a larger buy-

side pressure if the stock has larger perceived upside potential.  

Model 4 takes into account the effect of all three forces – expectations for long-

term price direction, upside potential and overconfidence – simultaneously. The dummy 

variables that represent the recommendation levels have the expected sign and are 

statistically significant at conventional levels, except for ‘buy’ recommendations. Upside 

potential (UP) and overconfidence (OC) variables have positive coefficients, indicating a 

larger abnormal buy-sell imbalance (relatively more trades from the buy side) for stocks 

that had large perceived upside potential and which investors with large overconfidence 

measures trade. When long-term directional expectation, upside potential and 

overconfidence interaction terms are simultaneously in the model, the ‘hold’, ‘sell’ and 

‘strong sell’ dummies have the expected sign and the expected order of magnitude 

(negative and decreasing).  
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To gauge the economic significance of these variables, let’s assume that a ‘strong 

sell’ recommendation has been issued for a stock whose estimated upside potential 

coefficient is 3. This stock might be assumed to have a large upside potential coefficient, 

as it means that the distance from the current price to the 52-week high price is 3 times 

more than the distance from the current price to the 52-week low price. The price when 

the recommendation was issued lies close to the left limit of the price spectrum observed 

over the past 52 weeks. An upside potential of 3 also falls in the 67th percentile of all 

estimated upside potential measures in the sample. Thus, it can be considered a stock 

with large perceived upside potential. Let’s also assume that the average overconfidence 

measure of the investor who traded in the 3-day window following the recommendation 

is 0.33. The range of the overconfidence variable is (-1, 1) by construction. So, a 

coefficient of 0.33 means that investors have realized more gains than losses until the 

time the recommendation has been issued. To be more specific, a coefficient of 0.33 

indicates that investors have realized twice as many gains as losses ([G-L] / [G+L] = [2x-

x] / [2x+x] ≈ 0.33) in the time period preceding the recommendation. These numbers 

would produce an estimated abnormal buy-sell imbalance of -0.32 + 0.07*3 + 0.44*0.33 

= 0.0352 (3.52%). Let’s also consider another stock for which a ‘strong sell’ 

recommendation has been issued, with a perceived upside potential measure of 0.24 (25th 

percentile of all the upside potential measures in the sample) and an overconfidence 

measure of 0.19 (10th percentile of all the overconfidence measures in the sample). The 

predicted ABSI would be of -0.32 + 0.07*0.24 + 0.44*0.19 = -0.2196 (-21.96%).  

The results presented in Table 3.7 suggest that the trading response to the 

recommendations is highly sensitive to the upward potential of the stock price for which 
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the recommendation is issued and the average overconfidence of the traders. Moreover 

the effect of upside potential is larger for unfavorable recommendations. The findings 

support the first two hypotheses. 

Alternatively, the regression specification can be modified to control for whether 

the recommendation is an upgrade, a downgrade, an initiation or a reiteration. To 

examine separate effects, I create interaction terms of the recommendation level (strong 

buy, buy, hold, sell, strong sell) and the recommendation type (UG = upgrade, DG = 

downgrade, IN = initiation, RE = reiteration). The results for the new specification are 

presented in Table 3.8. In Model 4, the effect of upside potential can still be observed, 

despite the decrease in the magnitude of the coefficient. Overconfidence (OC) remains 

significant at the ‘hold’ and ‘sell’ level, however loses significance at the ‘strong sell’ 

level.  

Both Tables 3.7 and 3.8 displays the importance of factors regarding stock price 

expectations and investor overconfidence in explaining the trading response to public 

signals, in the form of analyst stock recommendations. Investors’ perceptions regarding 

their own skills and stock prices’ path impact their trading response to public signals. 

Investors who believe that they have superior investment skills show more buying 

behavior, especially after unfavorable recommendations. The stock price’s position 

within the 52-week spectrum is another strong determinant of the trade response to 

recommendations. The trades from the buy-side outnumber those from the sell-side when 

the price is cheap relative to its 52-week low and high watermarks.  
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The analysis so far follows previous research (Malmendier and Shanthikumar 

2007, Barber and Odean 2008, Mikhail et al. 2007), as trading response is quantified in 

the abnormal buy-sell imbalance, using the number of trades is the estimation (Eq. 3.3). 

However, the dataset used in this study enables the researcher to distinguish 

between who responds to recommendation and who does not. Although the focus in the 

literature has been on the executed trades and the information revealed by trading, I posit 

that refraining from trading embraces valuable information regarding the explanation of 

investor behavior in response to public signals. 

3.6.3 The Decision to ‘Hold’ 

I surmise that the biggest reason the extant literature emphasizes only buy and sell 

decisions is the unavailability of the data to analyze the decision to hold as a form of 

trade reaction. Previous studies rely on Trades and Quotes (TAQ) data provided by 

national exchanges that contains trades executed in the exchanges. Extant research 

differentiates between small and large investors based on the dollar volume of the trades, 

whereas I can actually observe the individual investors’ executed trades between 1991 

and 1996 through a major brokerage house. Thus, I have the opportunity of observing 

non-trade decisions as well. 

Table 3.9 reports information on the 2,878,781 trade decisions including 

purchases, sales and holds that were observed in the window t = (0, 2) following stock 

recommendations. In order to be included in the sample, a stock position must already 

have been initiated. There are substantially more decisions to hold than decisions to sell 

or buy more shares. There are more sales than purchases at every recommendation level, 

not a surprising finding, since investors will tend to sell rather than buy more of already 
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owned stocks. Purchases in this table indicate buying more of stocks that are already in 

the portfolio. I think, the restriction I impose on the sample that a stock should already be 

in the portfolio, is meaningful in a sense that individual investors do not short-sell often 

(only around 3% of the sales in the sample are short-sales). 

The fourth and fifth columns of Table 3.9 display the percentage of trade 

decisions regarding positions that recorded gains and losses, respectively. At each level 

of recommendation, purchases occur mostly in positions that recorded losses. For 

example, 57.99% of the 3,206 purchases in response to ‘strong buy’ recommendations 

occur in positions that recorded losses, whereas 78.69% of the 488 purchases in response 

to ‘strong sell’ recommendations occur in positions that recorded losses. As we move 

from ‘strong buy to ‘strong sell’ recommendations, there is an increase – though not a 

monotonic one – in the percentage of purchases that occur in losing positions. It can be 

inferred from the descriptive statistics depicted in these two columns that, purchasing 

more shares of a given stock is more likely to happen if the stock price has gone down 

since purchase.  

Again analyzing the same two columns, decision to hold are more likely to 

happen in gaining positions than losing positions, after ‘strong buy’ and ‘buy’ 

recommendations, but less likely to happen in gaining positions following ‘hold’, ‘sell’ 

and ‘strong sell’ recommendations.  

Sale decisions are made mostly in gaining positions, except for following ‘sell’ 

recommendations, a finding consistent with investors’ documented tendency to realize 

gains more than losses (disposition effect).  
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The last two columns of the first page of table 3.9 report the gain and loss realized 

– if the trade decision is to sell – or gain and loss unrealized – if the trade decision is to 

hold or buy more of the same stock. The average gain unrealized when there is no trade 

(hold) is around twice as much as the gain realized when there is a sale or gain unrealized 

when more shares are purchased. On the other hand, investors who have incurred losses, 

realize a loss (by selling), that is much greater than the loss unrealized if they hold or buy 

more. For example, after ‘strong buy’ recommendations, investors who have unrealized 

gains in their stock positions and buy more shares of the stock, have unrealized gains of 

24.81%. Investors who have observed gains and decided to hold have unrealized gains of 

56.80%, and investors who have decided to realize gains, sell on average a gain of 

27.06%. For the same recommendation level, investors who incurred losses realize a loss 

of 62.50% if they sell. If they decide to hold, the loss unrealized is 16.32% or if investors 

buy more shares of the stock they have an unrealized loss of 13.39% in their current 

position. 

The second page of Table 3.9 reveals that the average gain/loss is larger for hold 

decisions than it is for both purchase and sale decisions. Average price volatility is lower 

for stocks that are held than those that are bought and sold (Column 4). Perceived upside 

potential is more for the stocks that are bought than those of held or sold (Column 5). 

Average expectation for long-term price direction is higher for those who purchase than 

those who hold or sell (Column 6). Overconfidence of investors who hold their positions 

is larger than those of who buy or sell (Column 7). 

The descriptive summary of the individual trade decisions suggest that including 

hold decisions in the analysis provides additional valuable information regarding small 
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investor response to analyst stock recommendations. Although the abnormal buy-sell 

imbalance measure provides insight into the small investor behavior, the largest portion 

of the trade reaction is to hold rather than sell or buy additional shares.  

Next, I shift my focus to calculating the actual probability of each trade decision 

(buy, hold, or sell), controlling for the gain or loss in the stock position. Although the 

descriptive summary in Table 3.9 presents preliminary evidence that the probability of 

holding a stock position is much greater than either buying more shares or selling, it lacks 

allowing for an important assumption: investor-level heterogeneity. The optimal method 

to obtain probabilities would be to run a multinomial logistic regression model with the 

dependent variable being an indicator for hold, buy or sell. Control variable would be the 

recommendation value and an indicator for whether the position incurred a gain or a loss. 

However, it is not possible to allow for clustering effects at the investor level when 

multinomial logistic regression models are run with current statistical software packages. 

Therefore, I estimate the following logistic regression separately for three decisions: 
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where, 

pi  = the probability that yi =1; y = (buy, sell, hold) 

Reci  = the recommendation level (1 = strong buy, 2 = buy, 3 = hold, 4 = sell, 
5 = strong sell) 

 
Reci

2  = the square of the recommendation level, included to allow for non- 
linearity 

 
I(Gain)i   = an indicator variable equal to 1 if the stock position has recorded a 

gain since purchase; 0 otherwise. 
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The results from the logistic regression are presented in Table 3.10. Although it is 

possible to make interpretations based on the sign of the coefficients, the economic 

significance can be analyzed best by talking in terms of probabilities. Therefore, I 

calculate the probabilities of holding, selling or buying more shares of an already owned 

stock at each recommendation level separately for gains and losses. The results are 

presented in Table 3.11.  

The probability of buying more shares is lower in response to unfavorable 

recommendations for investors who had observed gains in their stock positions. For 

example, the probability of purchase is 0.47% following ‘strong buy’ recommendations, 

whereas it is 0.28% following ‘strong sell’. On the contrary, the probability of purchase is 

relatively higher at unfavorable recommendations than at favorable recommendations, for 

investors who observed losses in their positions. This is a puzzling finding and will be 

discussed shortly. 

The probability of sale in gaining positions shows the expected pattern: The 

probability is higher following unfavorable recommendations than it is following 

favorable recommendations. For investors who had observed losses, however, the 

probability of a sale decreases as we move from ‘strong sell’ to ‘hold’ recommendations 

but picks up at ‘sell’ recommendations and increases slightly after ‘strong sell’’ either. 

This is another surprising pattern in Table 3.11. 

The effect of the gain and the loss on the probability of buying or selling is also 

depicted in Figures 3.1 and 3.2. It is apparent in Figure 1 that the probability of purchase 

is lower than the probability of sale at each recommendation level, regardless of whether 

the investor has accrued losses or gains. This is no surprise, since it is sensible that 
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investors will show tendency to sell rather than buy more of the stocks that they already 

own. When investors make purchase decisions they face a large number of choices to 

choose from. The likelihood of a stock that is already in the portfolio, being chosen is 

relatively less compared to the likelihood of being chosen for a stock that is not already in 

the portfolio (a finding supported also by the data). When investors make sale decisions, 

on the other hand, their set of choices is limited to the stock in the portfolio (assuming 

short-selling is limited). Thus, Figure 1 supports the third hypothesis that the odds of 

purchase are lower compared to that of sale. 

Figure 3.2 compares the probabilities of purchase and sale separately conditional 

on the unrealized gain or loss. Panel A juxtapose the probability of purchase in gaining 

positions with that of in losing positions. In the gains domain, the probability of purchase 

is relatively higher following favorable recommendations than it is following unfavorable 

recommendations, notwithstanding the fact that the difference is minimal. The trend in 

the gains domain supports Hypothesis 4a that in the gains domain, the probability of 

purchase is higher at favorable recommendations than at unfavorable recommendations.  

When the probabilities of purchase are compared in positions with unrealized 

gains and losses, a relation counter my argument in Hypothesis 4b is observed: The 

probability of purchase is higher in the domain of losses than it is in the domain of gains. 

I will discuss about the findings shortly.  

Panel B provides support for hypothesis 5a that gains have higher realization 

probabilities than losses, a finding consistent with disposition effect. Gains also have 

higher realization probabilities at unfavorable levels than at favorable levels, consistent 

with hypothesis 5b. 
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The reason behind the puzzling findings might be the investor response to price 

changes as well as recommendations issues. If institutional investors are assumed to trade 

in large amounts and move prices around analyst recommendations, then individual 

investors’ reaction to analyst recommendations might be altered by price movements as 

well. For example, an investor who has incurred a loss in a stock position might be 

willing to buy after a ‘strong sell’ recommendation is issued, if he wants to decrease the 

cost in the stock position, provided that the price declines after the recommendation is 

issued. Probability of selling might be relatively higher after favorable recommendations 

if the price increases following the recommendation, and an investor who observes the 

price increase wants to minimize its loss by selling. The bottom line is that there might be 

two opposing forces that affect investor trading following recommendation issues: price 

changes and the signal in the recommendation. The effect of price changes on investor 

trading behavior around stock recommendation issues is left for further research.   

3.7 Conclusion 

The small investor reaction to analyst stock recommendation is a widely studied 

topic in finance. The focus has been on the dissimilarity of response of small and large 

investors to recommendation issues, without getting into detail about why the 

dissimilarity exists. If the information set available to these two types of investors differ, 

and some portion of small investors suffer from behavioral biases, such as 

overconfidence, then it is plausible to see such disparities in the trading behavior. 

I contend that the response of individual investors to stock recommendations is 

affected not only by the signal per se, but also by the perceived upward potential in the 

stock price distribution. The argument, that investors modify their self-perception of 
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investment skills based on their past successes and failures, is also tested in this study. I 

show that the trades from the buy-side outweigh the trades from the sell-side if there is 

greater upward potential in the stock and if the investors have realized more gains in the 

past than losses. Thus, I explain the trade reaction of individual investors to analyst 

recommendation using both market and individual factors. 

The study contributes to the literature in three ways. First, I show that there might 

be easily observed, market-wide factors that affect the impact of public signals. 

Moreover, these factors might be based on intuitive expectations regarding future stock 

prices. Although small investors might be assumed naïve or inexperienced, the trade 

response shows sensitivity to these factors, which are based on expectations. Hence, it is 

possible to conclude that investors do not take recommendation at the face value, but 

digest the signal with other market-wide information.  

Second, this paper provides evidence for the theoretical arguments that investors 

learn from their experiences and adjust their investment behavior accordingly. The 

findings of the paper suggest that overconfidence – proxied by the frequency of gains to 

that of losses – is a significant determinant of trade reaction to recommendations. Hence, 

this paper provides evidence that individual traits can also affect how the public signals 

are digested.  

The third and the most important contribution of this study is the inclusion of hold 

decisions as form of trade reaction. The extant literature has relied on the abnormal buy-

sell imbalance using high-frequency data provided by national exchanges. However, the 

assumption that investors react to public signals by trading is an incomplete one, since 

abstaining from trading also incorporates valuable information regarding investor 
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behavior. For example, hold decisions are associated with high overconfidence levels and 

relatively higher unrealized gains. Moreover, I show that the probabilities of purchase 

and sale are sensitive to the inclusion of hold decisions in the analysis. 

To summarize, this study shows that individual investors do not take 

recommendations at face value due to factors that are both market-based and individual-

oriented. 
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Table 3.1: Summary Statistics on Stock Recommendations. The sample consists 
of 189,705 stock recommendations issued between 01/02/1991 and 11/30/1996 
and covered by the Zacks Investment Research database. I eliminate 
recommendations whose analyst codes are missing. Numerical coding of 
recommendations in the Zacks data base is as follows: 1 = strong buy, 2 =  buy, 
3 = hold, 4 = sell, 5 = strong sell. Zacks also assigns a value of 6 to stocks that 
are followed by brokerage firm, but are not on firm's recommended list. There 
are a total of 4,890 covered stocks by 2,004 analysts working in 189 brokerage 
firms.  
      
 Recommendation 
 1 2 3 4 5 

Year A. Full Sample 
1991 6,438 4,743 11,267 1,773 976 
1992 8,416 5,516 12,679 1,681 866 
1993 10,318 6,768 15,146 1,798 1,140 
1994 11,303 7,509 12,067 1,058 823 
1995 10,856 8,965 12,914 1,160 961 
1996 10,415 8,406 12,018 995 730 

      
Total 57,746 41,907 76,091 8,465 5,496 

      
Year B. Initiations 
1991 1,710 1,106 1,794 165 206 
1992 1,933 1,087 1,543 86 71 
1993 2,768 1,460 2,337 117 192 
1994 2,917 1,866 2,230 156 94 
1995 3,314 2,381 2,532 242 128 
1996 3,329 2,239 2,280 153 97 

      
Total 15,971 10,139 12,716 919 788 

      
Year C. Reiterations 
1991 2,446 1,111 5,675 551 156 
1992 3,743 1,598 6,979 489 187 
1993 4,772 2,190 7,828 498 219 
1994 5,502 2,618 5,798 284 197 
1995 4,600 2,912 5,530 175 179 
1996 4,141 2,884 5,467 150 116 

      
Total 25,204 13,313 37,277 2,147 1,054 

 



 

 
Table 3.1: Summary Statistics on Stock Recommendations. Continued 

 D. Upgrades 
Year 5 → 1 5 → 2 5 → 3 5 → 4 4 → 1 4 → 2 4 → 3 3 → 1 3 → 2 2 → 1 
1991 42 24 300 182 34 102 704 1,265 1,287 941 
1992 43 24 241 256 40 55 775 1,228 1,479 1,429 
1993 49 24 267 256 20 33 778 1,544 1,563 1,165 
1994 55 27 308 112 26 60 477 1,477 1,463 1,326 
1995 35 14 286 128 18 39 504 1,246 1,518 1,643 
1996 44 6 249 144 8 30 445 1,312 1,530 1,581 
           
Total 268 119 1,651 1,078 146 319 3,683 8,072 8,840 8,085 
           
 E. Downgrades 
Year 1 → 5 1 → 4 1 → 3 1 → 2 2 → 5 2 → 4 2 → 3 3 → 5 3 → 4 4 → 5 
1991 56 44 1,347 1,113 25 101 1,447 324 730 209 
1992 75 43 1,471 1,273 32 51 1,670 242 756 259 
1993 92 17 1,996 1,498 47 42 1,940 308 868 282 
1994 91 24 1,684 1,475 40 50 1,570 289 432 112 
1995 89 34 1,962 2,101 32 71 2,100 354 510 179 
1996 97 24 1,747 1,717 18 45 1,830 257 479 145 
           
Total 500 186 10,207 9,177 194 360 10,557 1,774 3,775 1,186 
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Table 3.2: Summary Statistics on Individual Investor Trades. The sample consists of 91,058 trades executed by 26,236 
individuals in the 3-day window (0, 2) following analyst stock recommendations.  
       

Recommendation 
Number of 
purchases 

Number 
of sales 

Average 
value of 

purchases 

Average 
value of 

sales 

Average number 
of trades in the 
event window 

Number of 
households who trade 
in the event window 

1 17,401  9,303  $14,427  $20,923 20.28 13,183 

2 11,413  6,075  $14,102  $19,736 20.12 10,069 

3 26,684  11,500  $12,183  $17,871 21.67 17,316 

4 3,238  1,450  $10,264  $14,239 22.00 3,784 

5 2,640  1,354  $10,989  $16,233 22.19 3,164 
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Table 3.3: Summary Statistics on Selected Stock Recommendations. The sample 
consists of 4,341 stock recommendations issued between 01/02/1991 and 
11/30/1996 and covered by the Zacks Investment Research database. The 
sample is limited to the recommendations for which at least 10 trades can be 
identified within the event window are kept, and at least 10 trades outside the 
event windows in a given year. If there is more than one recommendation in a 
given t = (0,2) window and the recommendations conflict, then this window is 
deleted from the sample. Numerical coding of the recommendations in the Zacks 
database is as follows: 1 = strong buy, 2 = buy, 3 = hold, 4 = sell, 5 = strong sell. 
      
 Recommendation 
 1 2 3 4 5 

Year A. Full Sample 
1991 172 81 256 43 35 
1992 207 141 329 47 31 
1993 243 127 357 53 42 
1994 218 118 248 23 26 
1995 231 187 234 21 28 
1996 246 215 338 26 18 

      
Total 1,317 869 1,762 213 180 

      
Year B. Initiations 
1991 25 17 32 5 5 
1992 39 29 35 7 4 
1993 34 17 40 3 4 
1994 29 23 26 2 2 
1995 40 35 34 5 1 
1996 45 52 52 4 2 

      
Total 212 173 219 26 18 

      
Year C. Reiterations 
1991 74 6 112 17 11 
1992 83 27 152 20 3 
1993 109 33 169 18 5 
1994 112 40 104 6 5 
1995 108 59 76 2 2 
1996 105 62 125 2 6 

      
Total 591 227 738 65 32 
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Table 3.3: Summary Statistics on Selected Stock Recommendations. Continued 

      
 Recommendation 
 1 2 3 4 5 

Year D. Upgrades 
1991 74 29 24 3  
1992 85 46 36 4  
1993 100 43 32 6  
1994 77 32 19 0  
1995 83 42 18 0  
1996 98 46 28 2  

      
Total 517 238 157 15  

      
Year E. Downgrades 
1991  29 90 18 19 
1992  39 106 16 24 
1993  34 119 26 33 
1994  23 99 15 19 
1995  52 108 14 25 
1996  56 135 18 10 

      

Total   233 657 107 130 
 



 

Table 3.4: Abnormal Buy-Sell Imbalance (ABSI) Summary. Buy-sell imbalances in the window t=(0,2) are 
reported for different levels of recommendations (1 = Strong buy, 2 = Buy, 3 = Hold, 4 = Sell, 5 = Strong sell) 
separately for the full sample, initiations, reiterations, upgrades and downgrades. Panel A, B and C use the number 
of trades, the number of shares and the dollar volume in the calculation of the buy-sell imbalance, respectively. 
The t-statistics (in parentheses) assume independence across observations within a given stock. ***, **, * denote 
statistical significance at the 1%, 5% and 10% level, respectively. 
 Full Sample  Initiations  Reiterations  Upgrades  Downgrades  

Recommendation A. ABSI using the number of trades 
1 0.44   7.15  ** 1.04  -2.98    

 (0.35)  (2.23)  (0.55)  (1.44)    

2 6.43  *** 6.46  * 5.59 * -0.58  13.87 *** 

 (4.29)  (1.91)  (1.94)  (-0.19)  (5.02)  

3 7.83  *** 5.75  * -0.21  3.71  18.41 *** 

 (7.60)  (1.88)  (-0.13)  (1.08)  (11.58)  

4 7.97  *** -0.11  0.79  -5.81  16.25 *** 

 (2.71)  (-0.01)  (0.16)  (-0.40)  (3.98)  

5 7.28  *** 24.78  *** 19.39 **   1.88  

 (1.99)  (4.00)  (2.22)    (0.42)  

           

N =  4,341   648   1,653   913   1,127   
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Table 3.4: Abnormal Buy-Sell Imbalance (ABSI) Summary. Continued. 

 Full Sample  Initiations  Reiterations  Upgrades  Downgrades  

 B. ABSI using the number of shares 
1 3.97 *** 10.30 *** 5.66 ** -0.59    

 (2.61)  (2.74)  (2.49)  (-0.24)    

2 8.59 *** 11.01 *** 7.82 ** -1.23  17.49 *** 

 (4.74)  (2.70)  (2.15)  (-0.35)  (5.32)  

3 11.47 *** 11.18 *** 3.77 * 6.58  21.31 *** 

 (9.15)  (3.03)  (1.94)  (1.57)  (10.83)  

4 9.87 *** 10.29  0.28  -17.24  19.40 *** 

 (2.77)  (0.92)  (0.05)  (-1.30)  (3.99)  

5 9.73 ** 29.33 *** 22.22 *   3.94  

 (2.31)  (4.31)  (1.96)    (0.79)  

 C. ABSI using the dollar volume 
1 4.67 *** 10.96 *** 6.27 *** 0.24    

 (3.08)  (2.91)  (2.77)  (0.10)    

2 9.28 *** 11.68 *** 8.27 ** 0.02  17.85 *** 

 (5.14)  (2.88)  (2.28)  (0.01)  (5.41)  

3 12.59 *** 12.30 *** 4.70 ** 8.40  22.50 *** 

 (10.05)  (3.35)  (2.41)  (1.88)  (11.41)  

4 10.95 *** 10.63  0.08  -14.68  20.79 *** 

 (3.05)  (0.94)  (0.13)  (-1.05)  (4.22)  

5 10.81 ** 31.47 *** 22.87 *   4.98  

 (2.57)  (4.60)  (2.01)    (1.01)  

N =  4,341   648   1,653   913   1,127   
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Table 3.5: Overconfidence and Abnormal Buy-Sell Imbalance (ABSI). ABSI, as well as 
differences in the imbalance, are reported depending on whether the previous trade on 
the stock for which the recommendation is issued resulted in a gain or a loss. Panel A 
reports the results by using the number of trades in the ABSI calculation, whereas Panel 
B and C use the number of shares, and the dollar volume, respectively. The t-statistics 
(in parentheses) assume independence across observations within a given stock. ***, 
**, * denote statistical significance at the 1%, 5% and 10% level, respectively. 
 Gain  Loss  Difference  

Recommendation A. ABSI using the number of trades 
1 -23.47 *** -34.85 *** 15.06 *** 

 (-9.64)  (-10.15)  (3.16)  

2 -25.40  -40.22 *** 15.19 ** 

 (-8.29) *** (-9.51)  (2.58)  

3 -13.19  -44.74 *** 39.64 *** 

 (-5.68) *** (-15.17)  (9.36)  

4 -7.12  -50.72 *** 41.43 *** 

 (-1.07)  (-6.12)  (3.35)  

5 -14.87 * -46.97 *** 42.27 *** 

 (-1.96)  (-5.69)  (3.36)  

 B. ABSI using the number of shares 
1 -11.77 *** -21.60 *** 12.95 ** 

 (-4.57)  (-6.08)  (2.57)  

2 -15.94 *** -27.94 *** 12.75 ** 

 (-4.85)  (-6.43)  (2.07)  

3 -1.84  -34.07 *** 39.75 *** 

 (-0.76)  (-11.19)  (8.81)  

4 4.64  -45.35 *** 50.16 *** 

 (0.68)  (-5.18)  (3.88)  

5 -7.94  -37.52 *** 36.77 *** 

 (-1.00)  (-4.25)  (2.95)  

 B. ABSI using the dollar volume 
1 -11.34 *** -20.79 *** 12.53 ** 

 (-4.40)  (-5.84)  (2.49)  

2 -15.38 *** -26.81 *** 12.45 ** 

 (-4.67)  (-6.17)  (2.02)  

3 -0.86  -32.69 *** 39.22 *** 

 (-0.36)  (-10.71)  8.69  

4 5.53  -44.30 *** 49.65 *** 

 (0.81)  (-5.06)  (3.84)  

5 -7.03  -35.75 *** 36.01 *** 

  (-0.88)   (-4.02)   (2.89)   
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Table 3.6: Overconfidence and Abnormal Buy-Sell Imbalance (ABSI). ABSI, as well 
as differences in the imbalance, are reported depending on whether the previous trade 
resulted in a gain or a loss. Panel A reports the results by using the number of trades in 
the ABSI calculation, whereas Panel B and C use the number of shares, and the dollar 
volume, respectively. The t-statistics (in parentheses) assume independence across 
observations within a given stock. ***, **, * denote statistical significance at the 1%, 
5% and 10% level, respectively. 
 Gain  Loss  Difference  

Recommendation A. ABSI using the number of trades 
1 -11.69 *** 8.18 *** -18.10 ***
 (-7.00)  (4.25)  (-7.43)  
2 -2.32  8.01 *** -8.68 ***
 (-1.18)  (3.42)  (-2.89)  
3 7.33 *** -9.12 *** 18.63 ***
 (5.14)  (-5.40)  (8.41)  
4 9.32 ** -22.89 *** 33.77 ***
 (2.21)  (-4.52)  (5.34)  
5 10.03 ** -24.22 *** 35.11 ***
 (2.19)  (-3.19)  (4.20)  
 B. ABSI using the number of shares 
1 -4.08 ** 17.33 *** -19.35 ***
 (-2.18)  (8.21)  (-7.24)  
2 3.31  17.58 *** -12.68 ***
 (1.49)  (6.89)  (-3.79)  
3 15.08 *** -0.24  17.10 ***
 (9.61)  (-0.13)  (6.94)  
4 16.48 *** -10.83 ** 28.42 ***
 (3.54)  (-1.99)  (4.08)  
5 14.67 *** -9.89  25.41 ***
 (2.87)  (-1.57)  (3.17)  
 B. ABSI using the dollar volume 
1 -3.53 * 18.19 *** -20.22 ***
 (-1.90)  (8.64)  (-7.38)  
2 3.86 * 18.47 *** -13.00 ***
 (1.74)  (7.26)  (-3.88)  
3 16.05 *** 0.99  16.82 ***
 (10.23)  (0.53)  (6.83)  
4 17.16 *** -9.39 * 27.66 ***
 (3.70)  (-1.72)  (3.99)  
5 15.50 *** -8.64  24.97 ***
  (3.05)   (-1.37)   (3.11)   
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ectively. 

 

Table 3.7: OLS regressions of the abnormal buy-sell imbalance (ABSI) in the window 
(0, 2) on dummies for recommendation level (DSB = Strong buy, DB = Buy, DH = 
Hold, DS = Sell, DSS = Strong sell) along with the effect of expectations for long-term
price direction (DIR), perceived upside potential (UP) and overconfidence (OC). T-
statistics incorporate the temporal proximity of recommendations on the same stock. 
***, **, * denote statistical significance at the 1%, 5% and 10% level, resp
         
 Model 1  Model 2  Model 3  Model 4  
DSB 0.06 *** 0.00  -0.05 ** -0.08 ** 
 (4.05)  -0.16  (-1.97)  (-2.27)  
DB 0.12 *** 0.05 ** 0.01  -0.01  
 (6.68)  (2.43)  (0.46)  (-0.17)  
DH 0.13 *** 0.02  -0.04  -0.17 ***
 (9.46)  (0.92)  (-1.62)  (-4.95)  
DS 0.13 *** -0.01  -0.13 * -0.27 ***
 (4.21)  (-0.16)  (-1.66)  (-2.89)  
DSS 0.10 *** -0.05  -0.23 *** -0.32 ***
 (3.03)  (-1.01)  (-2.89)  (-3.24)  
DIR * DSB   0.16 *** 0.06  0.06  
   (6.30)  (1.41)  (1.47)  
DIR * DB   0.17 *** 0.10 * 0.10 * 
   (5.63)  (1.85)  (1.87)  
DIR * DH   0.22 *** 0.11 *** 0.11 ***
   (10.30)  (2.75)  (2.79)  
DIR * DS   0.21 *** -0.02  -0.08  
   (3.26)  (-0.13)  (-0.59)  
DIR * DSS   0.26 *** -0.08  -0.10  
      (3.98)   (-0.62)   (-0.75)  
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Table 3.7 Continued 

         

 Model 1  Model 2  Model 3  Model 4  
UP * DSB     0.02 *** 0.02 ***
     (2.74)  (2.74)  
UP * DB     0.01  0.01 ** 
     (1.47)  (1.99)  
UP * DH     0.02 *** 0.02 ***
     (3.18)  (3.18)  
UP * DS     0.05 ** 0.05 ** 
     (2.13)  (2.26)  
UP * DSS     0.07 *** 0.07 ***
     (2.99)  (2.91)  
OC * DSB       0.07  
       (1.28)  
OC * DB       0.05  
       (0.74)  
OC * DH       0.28 ***
       (5.54)  
OC * DS       0.35 ***
       (2.76)  
OC * DSS       0.44 ***
       (3.01)  

         
AIC 5066.43  4900.19  4880.51  4849.39  
OLS R2 0.0199  0.0627  0.0699  0.0775  
Pseudo R2  0.0053  0.0325  0.0364  0.0414  
Gen. Chi-square 782.50  745.83  736.63   728.25   
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Table 3.8: OLS regressions of the abnormal buy-sell imbalance (ABSI) in the window (0, 2) 
on dummies for recommendation level (DSB=Strong buy, DB=Buy, DH=Hold, DS=Sell, 
DSS= Strong sell) interacted with dummies indicating whether the recommendation is an 
upgrade (UP), a downgrade (DO), an initiation (IN) or a reiteration (RE), along with other 
factors.   T-statistics incorporate the temporal proximity of recommendations on the same 
stock. ***, **, * denote statistical significance at the 1%, 5% and 10% level, respectively. 
 Model 1  Model 2  Model 3  Model 4  

DSB * UG 0.02  -0.04 * -0.09 *** -0.12 *** 

 (1.02)  (-1.68)  (-3.11)  (-3.2)  

DB * UG 0.03  -0.02  -0.06  -0.08  

 (1.2)  (-0.77)  (-1.53)  (-1.61)  

DH * UG 0.04 ** -0.03  -0.08 ** -0.22 *** 

 (1.96)  (-0.83)  (-2.04)  (-4.71)  

DS * UG 0.11  -0.18  -0.31 ** -0.44 *** 

 (-0.24)  (-1.47)  (-2.29)  (-3.07)  

DB * DG 0.03 *** 0.11 *** 0.08 * 0.06  

 (6.15)  (3.62)  (1.95)  (1.16)  

DH * DG 0.02 *** 0.10 *** 0.05 * -0.08 ** 

 (11.75)  (4.65)  (1.85)  (-2.29)  

DS * DG 0.04 *** 0.04  -0.09  -0.23 ** 

 (4.25)  (0.56)  (-1.03)  (-2.31)  

DSS * DG 0.04  -0.12 ** -0.32 *** -0.38 *** 

 (1.03)  (-2.05)  (-3.87)  (-3.86)  

DSB * IN 0.03 *** 0.05  -0.01  -0.04  

 (3.31)  (1.46)  (-0.22)  (-0.87)  

DB * IN 0.03 *** 0.06 * 0.03  0.01  

 (3.48)  (1.66)  (0.65)  (0.15)  

DH * IN 0.03 *** -0.01  -0.06  -0.19 *** 

 (3.29)  (-0.19)  (-1.62)  (-4.43)  

DS * IN 0.09  -0.04  -0.17  -0.30 ** 

 (0.79)  (-0.42)  (-1.53)  (-2.51)  

DSS * IN 0.10 *** 0.11  -0.11  -0.18  

 (2.59)  (1.03)  (-0.86)  (-1.28)  

DSB * RE 0.02 *** 0.02  -0.04  -0.07 * 

 (3.54)  (0.72)  (-1.28)  (-1.82)  

DB * RE 0.03 *** 0.04  0.01  -0.01  

 (3.65)  (1.38)  (0.31)  (-0.12)  

DH * RE 0.02 *** -0.05 ** -0.10 *** -0.25 *** 

 (2.78)  (-2.34)  (-3.83)  (-6.71)  

DS * RE 0.06  -0.04  -0.16 * -0.32 *** 

 (1.48)  (-0.64)  (-1.89)  (-3.13)  

DSS * RE 0.08 *** 0.06  -0.10  -0.17  

 (2.81)  (0.66)  (-0.98)  (-1.43)  

 131
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Table 3.8. Continued 

 Model 1  Model 2  Model 3  Model 4  

DIR * DSB   0.16 *** 0.06  0.06  

   (6.31)  (1.38)  (1.44)  

DIR * DB   0.17 *** 0.10 * 0.10 * 

   (5.56)  (1.87)  (1.88)  

DIR * DH   0.21 *** 0.11 *** 0.11 *** 

   (9.92)  (-2.70)  (2.75)  

DIR * DS   0.20 *** -0.03  -0.09  

   (3.11)  (-0.24)  (-0.72)  

DIR * DSS   0.26 *** -0.14  -0.15  

   (4.00)  (-1.00)  (-1.08)  

UP * DSB     0.02 *** 0.02 *** 

     (2.78)  (2.78)  

UP * DB     0.01  0.01  

     (1.40)  (1.43)  

UP * DH     0.02 *** 0.02 *** 

     (3.01)  (3.00)  

UP * DS     0.05 ** 0.05 ** 

     (2.20)  (2.30)  

UP * DSS     0.08 *** 0.08 *** 

     (3.37)  (3.30)  

OC * DSB       0.07  

       (1.33)  

OC * DB       0.04  

       (0.65)  

OC * DH       0.29 *** 

       (5.85)  

OC * DS       0.36 *** 

       (2.85)  

OC * DSS       0.17  

       (1.13)  

         

AIC 5030.20  4872.05  4849.95  4821.69  

Gen. Chi-square 769.26  734.10  724.63  716.23   



 

Table 3.9: Detailed summary for the trade reaction to recommendations. The table reports the number of trades in the 
event window t=(0,2) following stock recommendations, as well as the percentage of whether the action occurred in a 
losing or a winning position, and average price volatility, perceived upside potential, overconfidence and long-term 
price directional expectation measures for the three actions (Buy, hold or sell). Positions that have been initiated are 
analyzed, which means purchases for the first time are excluded. There are a total of 2,287,781 trade decisions made in 
the event window following stock recommendations. 
 

Recommendation Action
Number 
of trades 

% of trade 
decisions that 
were given in 

gaining positions 

% of trade 
decisions that 
were given  in 

losing positions 

Average % gain 
if the decision 

was in a gaining 
position 

Average % loss 
if the decision 
was in a losing 

position 

Buy 3,206 42.01 57.99 24.81 -13.39 
Hold 698,206 58.28 41.72 56.80 -16.32 Strong Buy 

Sell 9,303 71.75 28.25 27.06 -62.50 
Buy 2,167 43.10 56.90 27.97 -13.03 
Hold 446,596 62.06 37.94 57.09 -16.57 Buy 

Sell 6,075 70.52 29.48 27.12 -61.69 
Buy 5,636 25.94 74.06 22.53 -16.45 
Hold 937,360 44.03 55.97 48.16 -20.78 Hold 

Sell 11,516 59.02 40.98 25.46 -54.96 
Buy 694 19.45 80.55 17.26 -20.06 
Hold 100,038 27.44 72.56 35.07 -26.42 Sell 

Sell 1,450 49.59 50.41 21.79 -59.62 
Buy 488 21.31 78.69 20.40 -23.65 
Hold 63,692 40.44 59.56 41.25 -28.66 Strong Sell 

Sell 1,354 57.16 42.84 28.16 -52.07 
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Table 3.9. Continued 

Recommendation Action

Average 
Gain/Loss 

(%) 
Average price 

volatility 

Average 
Upside 

Potential 

Average 
expectations for 
long-term price 

direction 
Average          

Over-confidence 
Buy 2.78 0.71 8.62 0.50 0.42 
Hold 28.31 0.57 6.18 0.42 0.60 Strong Buy 

Sell 2.81 0.76 5.35 0.39 0.37 
Buy 4.73 0.70 7.82 0.48 0.43 
Hold 30.11 0.58 6.69 0.45 0.60 Buy 

Sell 2.63 0.74 5.81 0.42 0.37 

Buy -6.22 0.68 15.14 0.72 0.53 
Hold 11.93 0.55 8.43 0.53 0.64 Hold 

Sell -5.21 0.72 8.43 0.54 0.31 
Buy -12.52 0.75 20.93 0.84 0.63 
Hold -7.28 0.58 13.30 0.69 0.69 Sell 

Sell -17.47 0.71 13.29 0.71 0.23 
Buy -14.02 0.84 19.05 0.77 0.52 
Hold 0.08 0.64 12.90 0.67 0.66 Strong Sell 

Sell -2.51 0.81 14.12 0.66 0.30 
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Table 3.10: Binary Logistic Regression of Trade Decision. The table reports the logistic 
regression results separately for each trade decision: Buy, sell and hold. There are a total of 
2,287,781 trade decisions made in the event window following stock recommendations. The 
dependent variable takes a value of 1 if the trade decision is the one stated in at the 
beginning of the row, and 0 otherwise. The independent variables are the recommendation 
level, recommendation level squared which controls for nonlinear effects, and a dummy that 
is equal to 1 if the position has recorded a gain since purchase, and 0 otherwise. The Z 
values (in parentheses) allow for clustering effects at the investor level, assuming an 
independent correlation structure among the trades of a given household.  ***, **, * denote 
statistical significance at the 1%, 5% and 10% level, respectively. 

 Intercept  Recommendation  

Recommendation 
- squared  Gain  

         

Buy -5.31 *** 0.25 *** -0.02 *** -0.28 *** 

 (-134.94)  (7.81)  (-2.69)  (-30.20)  

Sell -3.60 *** -0.29 *** 0.04 *** 0.19 *** 

 (-190.8)  (-21.51)  (16.04)  (43.49)  

Hold 3.35 *** 0.14 *** -0.03 *** -0.07 *** 

  (199.66)   (12.52)   (-12.86)   (-20.01)   
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Table 3.11: Probability of the trade decision. The table reports the 
calculated probabilities (in %) of selling, holding or buying of 
already owned stocks, from the output of the multinomial logistic 
regression presented in Table 3.11, separately for positions that 
have recorded gains and losses. 
 
      

 P (buy)  P (sell)  P (hold) 
      

Recommendation A. Winning positions 
1 0.47  2.52  96.75 
2 0.43  2.59  96.71 
3 0.39  2.88  96.48 
4 0.34  3.48  96.01 
5 0.28  4.54  95.22 
      
 B. Losing positions 
1 0.62  2.10  96.97 
2 0.76  1.79  97.13 
3 0.89  1.66  97.13 
4 1.02  1.67  96.96 
5 1.12  1.82  96.59 
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Figure 3.1 Probabilities of purchase and sale at each recommendation level, 
conditional on whether there is an accrued gain (A) or a loss (B).  

 
137



Texas Tech University, Emre Ozgur Akay, August 2008 

0.00

1.00

2.00

3.00

4.00

5.00

1 2 3 4

Recommendation

P
(p

u
rc

h
as

e)
 (

%

5

)

Gain Loss
 

A 

 

 

0.00

1.00

2.00

3.00

4.00

5.00

1 2 3 4 5

Recommendation

P
(s

al
e)

 (
%

) 

Gain Loss
 

B 

 
 Figure 3.2 Probabilities of purchase (A) and sale (B) at each recommendation 

level, conditional on whether the there is an accrued gain or a loss. 
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