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Behavioral Biases Among Professional Traders 



 Abstract  

BEHAVIORAL BIASES AMONG PROFESSIONAL TRADERS 

 

 

 

 

Based on proprietary S&P 500 futures trading records of professional traders, I 

investigate the loss-aversion, break-even, lock-in, and house-money effects. Unlike 

previous studies that find evidence of either loss aversion or the house-money effect, I 

find no consistent evidence supporting the impact of behavioral biases on professional 

traders. Furthermore, I examine the relation between trading experience and behavioral 

biases. Unlike for individual traders, I found no link between trading experience and 

behavioral biases among professional traders. 
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CHAPTER 1 

INTRODUCTION 

 

Suppose a professional trader is working in a futures market. One day, this trader 

beats the market far more than usual before lunchtime. During lunch, she evaluates her 

profits, private information, and strategies. Does this abnormal profit make her trade 

differently than usual? Does the trader change her strategies because of the feeling that 

she has better private information than others or even just has a ‘hot hand’? Does she 

‘play with house money’? Instead, she may decide to lock in the profit and observe the 

market and manage the inventory as usual.  

Suppose, on the other hand, the trader loses a lot more than her average. In this 

case, is she willing to make more trades to recover that loss? Or does she just consider it 

a bad day and move on? This study tries to answer such questions by investigating 

professional traders in the S&P 500 futures market.  

A traditional utility model assumes that all outcomes are integrated with current 

wealth and gambles are evaluated in terms of their final states (Thaler and Johnson 

(1990)). Thus, a traditional utility model cannot explain the relation between prior 

outcomes and subsequent risk-taking behaviors. 

Prospect theory, proposed by Kahneman and Tversky (1979), contends that value 

is assigned to gains and losses rather than to final states. In addition, Kahneman and 

Tversky (1979, p. 286) state that “there are other situations in which gains and losses are 

coded relative to an expectation or aspiration level that differs from the status quo.”  

Kahneman and Tversky (1981, p.457) also note that “the outcomes of an act affect the 
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balance in an account that was previously set up by a related act.”  One example of this is 

loss aversion. Kahneman and Tversky (1979, p.287) argue that “a person who has not 

made peace with his losses is likely to accept gambles that would be unacceptable to him 

otherwise.”  Thaler and Johnson (1990) expand on the work of Kahneman and Tversky 

(1979, 1981). They propose a quasi-hedonic editing hypothesis. This hypothesis implies 

that “when faced with two-stage gambles involving a prior loss, subjects will not 

integrate subsequent losses with the initial loss. However, after prior gains, subsequent 

losses will be integrated with (cancelled against) the prior gain” (Thaler and Johnson 

1990, p.652). Thaler and Johnson (1990) also find that an initial loss increases risk 

aversion in some cases. 

One of the results suggested by Thaler and Johnson (1990), i.e., the presence of 

risk aversion after prior losses, seems at odds with loss aversion (risk-seeking behavior 

after a prior loss) as suggested by Kahneman and Tversky (1979).  However, there is a 

difference between these two versions of loss aversion. As Barberis and Thaler (2003) 

point out, Kahneman and Tversky’s (1979) loss aversion applies to one-shot gambles, 

whereas Thaler and Johnson’s (1990) loss aversion applies to sequences of gambles 

involving two or more stages. However, this difference has not been sufficiently 

recognized in theoretical or empirical work.1 Additionally, the question arises of how loss 

aversion differs between the two kinds of gambles.  

A one-stage (one-shot) gamble is the choice between a risky gamble and a sure 

bet. Thus, in the one-stage gamble, there is no prior outcome. The best-known bias in the 

case of the one-stage gamble is the loss aversion of Kahneman and Tversky (1979).  

                                                 
1 Barberis and Huang (2001) and Barberis, Huang and Santos (2001) recognize the 
difference and incorporated it into their models. 
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However, Thaler and Johnson (1990) present two-stage gambles. In the first stage, the 

subjects win or lose a certain amount of money. In the second stage, they choose between 

a gamble and a sure bet. This setting is a more realistic model of real financial market 

issues because financial decision-makers face such continuous gambles.  

Based on their experiments, Thaler and Johnson (1990) provide three empirical 

results. The first result is the presence loss aversion.2 When faced with prior losses in the 

first stage, subjects experience an increase in risk aversion if the second stage does not 

offer the opportunity to break even (Thaler and Johnson, 1990). The consequence of loss 

aversion, as traditionally discussed, is that traders will take risks when faced with prior 

losses because they want to get back to their reference point, i.e., they do not want to take 

a net loss. However, dynamic loss aversion in two-stage gambles implies that when faced 

with an initial loss, the traders will subsequently act in a more risk-averse manner.    

Second, Thaler and Johnson found a house-money3 effect. Thaler and Johnson 

(1990) state: “After a gain, subsequent losses that are smaller than the original gain can 

be integrated with the prior gain, mitigating the influence of loss aversion and facilitating 

risk-seeking” (p.657). The house-money effect refers to traders’ tendency to take risks 

after having unexpectedly made money, when the potential losses from taking these risks 

are less than the initial gains. This house-money effect is often mentioned in the same 

context as overconfidence. In the academic research, these two terms are often considered 

to refer to the same concept and therefore are often used interchangeably. The 

                                                 
2 The loss aversion of Thaler and Johnson (1990) is sometimes called the dynamic 
version of loss aversion. Therefore, in this paper, I call this term ‘dynamic loss aversion’ 
to distinguish it from the loss aversion in a one-shot gamble. 
3 House money is a term derived from the casino industry. Gamblers are said to be 
“playing with house money” when they are far ahead (Thaler and Johnson (1990)). 
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consequences of the house-money effect and overconfidence are similar: after initial 

gains, traders will take risks when they face the second gamble. However, there is a 

subtle difference between the two that most studies have failed to recognize: 

overconfidence has a broader meaning.   

According to Barberis and Thaler (2003), overconfidence has several causes.  The 

best-known cause of overconfidence is the self-attribution bias.4  The self-attribution bias 

refers to people’s tendency to ascribe any success to their own talents while blaming 

failure on bad luck (Barberis and Thaler, 2003). Gervais and Odean (2001) predict that 

investors may become overconfident after several quarters of trading success. Therefore, 

two steps are necessary to show that traders exhibit overconfidence. The first step is to 

demonstrate the traders’ past success. One may assume that the traders become 

overconfident as a result of this success. The second step is to check whether traders 

show any signs of overconfidence by examining their trading behaviors.  

In contrast to overconfidence, the house-money effect occurs regardless of the 

trader’s history of success. It simply means that one made enough extra money on a 

particular day to afford a loss if one takes risky gambles.  There is yet another difference, 

specifically, the amount that is made in the initial gamble. In the case of the house-money 

effect, the amount that traders make in the first stage is important. It should be 

sufficiently large to allow making risky choices in the second stage. In other words, the 

house-money effect occurs only if the initial gain is large enough to mitigate the 

influence of loss aversion and thus make traders risk-seeking. However, in the case of 

                                                 
4 In addition to self-attribution bias, overconfidence might come from hindsight bias, 
overestimation of one’s actual ability or performance, and over-precision of one’s beliefs. 
In this paper, I only focus on overconfidence due to self-attribution bias. See Barberis and 
Thaler (2003) for more details. 
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overconfidence, the amount made in the first stage does not matter as long as a profit is 

made. 

Finally, there is the break-even effect. The break-even effect suggests that 

investors will be risk-seeking after initial losses in order to break even or to get back to 

their original reference point. This corresponds to the traditional loss aversion in the one-

stage gamble. Thaler and Johnson (1990) show that gambles will only be accepted (i.e., 

traders will be risk-seeking) if there is an opportunity to change the sign of the status of 

the current account when prior losses are present. Thus, in a dynamic multi-stage setting, 

prior losses will not always guarantee that traders will be risk-seeking. Unlike in the one-

stage gamble setting, prior losses in the multi-stage setting result in either dynamic loss 

aversion or the break-even effect. As discussed earlier, the consequence of dynamic loss 

aversion is that traders will be risk-averse. 

However, there is one missing part. What if traders have initial gains that are 

insufficient for gambling during the next stage? In other words, what if traders do not 

have enough gains to ‘play with house money’?  Based on the experimental results of 

Battalio, Kagel, and Komain (1990), Thaler and Johnson (1990) note that the house-

money effect may be mitigated when the potential loss on the subsequent gamble is as 

big as the initial gain. We can infer from this result that if potential losses threaten initial 

gains, traders will not gamble (i.e., traders will be risk-averse) even if there are prior 

gains. I will call this the lock-in effect. The consequence of the lock-in effect is that 

traders with initial gains will lock in their profits and, to prevent potential overall losses, 

will not take further risks. 
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Based on proprietary S&P 500 futures trading records of professional traders, I 

investigate the loss-aversion, break-even, lock-in, and house-money effects. Unlike 

previous studies that find evidence of either loss aversion or the house-money effect, I 

find no consistent evidence supporting the impact of behavioral biases on professional 

traders. Thus, I conclude that the results of previous studies are either spurious or data 

specific and thus should be further investigated. 

The second part of the essay analyzes the relation between trading experience and 

behavioral biases among professional traders. Several studies have attempted to link 

trading experience to behavioral biases. However, thus far, because of the difficulty of 

obtaining ideal data, these studies have been very rare and have focused on individual 

traders rather than on professional traders.5  Two important results have been reported 

regarding experience and biases. First, through learning by trading, i.e., gaining 

experience through actual trading, investors can minimize biases. This means that 

cognitive biases attenuate with experience (Gervais and Odean (2001) and Seru et al. 

(2010)). The other result is that investment skill declines due to cognitive aging 

(Kornitois and Kumar (2010)).  The question is whether professional traders can also 

eliminate or minimize behavioral biases (if any) by gaining more experience. Researchers 

have commonly assumed that professional traders are less prone to behavioral biases 

because they use sophisticated models, have more experience, and are relatively young. 

However, among professional traders, there are veteran traders who have been in the 

market for a long period of time as well as less experienced traders who trade less 

actively compared to others.  If experience does matter, is there any difference between 

                                                 
5 E.g., Feng and Seasholes (2005), Kornitis and Kumar (2010), Kumar (2009), Seru, 
Shumway, and Stoffman (2010). 
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them? Less experienced traders are also professionals, and they might have prior 

experience in other financial markets. However, they might also be vulnerable to 

cognitive biases due to market unfamiliarity, lack of market information, and changes in 

their surroundings. Therefore, in the second part of the present study, I trace traders 

through traders’ identification numbers from 1999 to 20001. After identification, I divide 

traders into two groups, rookie traders and experienced traders. The rookie traders are 

defined as traders who appeared in the data set for the first time in 2001. The remaining 

traders are experienced traders. Further, I test for differences between the groups in terms 

of cognitive biases. Because professionals, whether they are experienced or not, use 

sophisticated models, market experience will be the cause of the difference if the least 

experienced traders show more significant biases. However, unlike individual traders, I 

found no link between trading experience and behavioral biases. 

The contribution of this paper can be summarized as follows. Loss aversion, the 

house-money effect, and overconfidence are well-known cognitive biases. Numerous 

researchers have attempted to identify and empirically examine each bias. However, 

researchers have not given much attention to the difference between one-stage gambles 

and multi-stage gambles. This dissertation is the first attempt to recognize the difference 

and to empirically test the four biases simultaneously.6 This study also expands the 

results of Thaler and Johnson (1990) by adding the lock-in effect to their model. 

The relation between trading experience and cognitive biases has recently begun 

to receive more attention. It is assumed that professional traders have more experience 

                                                 
6 Coval and Shumway (2005) perform empirical tests of the house-money and loss-
aversion effects among market makers but fail to recognize the difference between the 
one-shot gamble case and the multi-stage gamble case. 
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than other traders, so cognitive biases are less important for them. However, in other 

professional fields, such as professional sports, rookies need time to adjust to new 

environments and to improve themselves mentally and physically. It is reasonable to 

assume that this may also be the case in finance. Therefore, this study will expand the 

experience literature to finance professionals. 

 

  The remainder of the paper is organized as follows. Chapter 2 reviews the 

literature on cognitive biases and experience. Chapter 3 lists the hypotheses to be tested 

and discusses methods. Chapter 4 describes the data and presents summary statistics. 

Chapter 5 presents empirical results of the tests. Chapter 6 concludes.  
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CHAPTER 2 

Literature review 

 

2.1 Introduction  

 

Have you seen poker games such as Texas Hold’Em on TV? Poker games have 

gained so much popularity that they can frequently be seen on ESPN or other major TV 

networks. According to an article in The Economist (2007), there are about 60 to 80 

million regular poker players in the US, and the revenues of the online gambling industry 

were around $15 billion in 2006. Some professional poker players7 compare games of 

poker with trading in financial markets. In the same article in The Economist (2007, p.34), 

“Thomas Bihl, a former stock trader and winner of a recent HORSE tournament, in which 

players have to show mastery of five different styles of poker, thinks the game has more 

in common with finance than it does with basic forms of gambling, because it requires 

the constant pricing and repricing of risk.”  

Victoria Coren, winner of the European Poker Tour, says (p.35) that “the 

objective is to control the swings of luck with skill, figuring out how to win the 

maximum with your luckiest hands and lose the minimum with your unluckiest ones.” If 

there are similarities between poker games and trading in financial markets, could 

professional poker players and traders show similar behaviors during trading as they do 

during betting? Some jargon among professional poker players can also apply to 

                                                 
7 Professional poker players make money either through cash games or by entering 
tournaments.  
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professional traders. Poker players are said to be ‘getting tilted’ if they lose money due to 

bad luck and begin to behave recklessly as a result. In finance, we can compare this 

behavior with traditional loss aversion. In addition, in cash games where actual money is 

dealt and millions of dollars may be at stake in just one hand, there is a behavior known 

as ‘going south.’ After a player makes money, he/she removes a certain amount of money 

from the table to protect his/her profits.  This behavior can be compared with the ‘lock-in’ 

effect. Finally, there is a term ‘playing with house money.’ When a player makes money 

from the casino, he/she makes bets with that money rather than his/her own money. This 

concept has been applied in financial markets to understand how winning traders make 

trades after making profits. The examples described above imply that prior outcomes will 

affect players and traders in a certain way, which contradicts the traditional utility theory. 

Recent studies have argued that behavioral biases, such as the house-money effect, 

overconfidence, and loss aversion, among others, provide plausible explanations for 

market anomalies, e.g., the equity premium and volatility puzzles.8 However, these 

behavioral-theory-based explanations have been criticized from several directions.  

First, the biases they propose and the empirical models they test are neither 

rigorous nor robust. Because most of the behavioral models are based on experiments that 

test psychological theories, they are quite different from actual financial markets where 

real money is used and professionals and noise traders interact.9  Second, it is very hard 

to obtain a testable data set due to privacy issues.  To test behavioral models, we need 

detailed information on market participants, such as their market experience level, gender, 

                                                 
8 E.g., Barberis and Huang (2001), Barberis et al. (2001), Odean (1998), Thaler and 
Johnson (1990). 
9 Thaler and Johnson (1990) use real money in their experiment to reduce the gap. 
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age, and education level. However, it is very difficult to get such detailed data because 

they are confidential and cannot be disclosed by law, if such data exist at all. Also, if 

evidence of biases is found, the result is not always robust and persistent; it is sometimes 

regarded as data snooping or random noise.  Furthermore, to test multi-stage (or dynamic) 

gambles, we need to clearly identify the investor horizon, i.e., the evaluation period,10 

which is unclear in most cases. The time period over which traders evaluate their losses 

and gains is a subjective matter.   

Due to these criticisms, there is a need for a new test using either a different data 

set or a different methodology. This dissertation provides additional tests by applying a 

different data set and methodology to existing behavioral models. 

Coval and Shumway (2005) test whether behavioral biases affect market prices 

based on market makers in Treasury bond futures contracts at the Chicago Board of 

Trade (CBOT). They argue that the market makers’ data from the CBOT have multiple 

advantages for testing behavioral models. First, professional traders on the futures market 

are the market makers. Thus, unlike noise traders, who have a minimal impact on market 

prices, the market makers’ financial decisions are critical for market prices and cannot be 

neglected. Therefore, if there are any behavioral biases among them, their price impact is 

meaningful and thus can be potentially considered as an explanation of some of the 

market anomalies.  Second, market makers on the futures market have a relatively clear 

investor horizon to evaluate.  Similar to Coval and Shumway (2005), I investigate the 

behavior of market makers trading S&P 500 futures contracts on the Chicago Mercantile 

Exchange (CME). In this setting, market makers may have identifiable horizons, as Coval 

                                                 
10 Benartzi and Thaler (1995, p.8) define the evaluation period as “the length of time over 
which an investor aggregates returns.” 
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and Shumway (2005) suggested. Even though there is no physical lunch break,11 a lunch 

break is the ideal time for traders to evaluate their morning performance, reassess their 

information, and plan their afternoon trades. Thus, the lunch break is the first time 

horizon we can set. Also, market makers in the futures market most often clear their 

remaining positions by the end of the trading day (Kuserke and Locke (1993), Manaster 

and Mann (1996)).12 This evidence provides an ideal daily investor horizon for the traders. 

In the following sections, I will examine existing studies of each of the biases. 

 

2.2 One-stage and two-stage gambles 

 

Thaler and Johnson (1990, p.646) compare the following two bets: 

 

The first bet is to choose between: 

(a) A sure gain of $30 

(b) A 50% chance to win $39 and a 50% chance to win $21. 

 

The second bet is that a subject has just won $30. Now he/she must choose between: 

(a) No further gain or loss 

(b) A gamble with a 50% chance to win $9 and a 50% chance to lose $9. 

 

                                                 
11 Floor trading opens at 8:30 AM central time and ends at 3:15 PM central time without 
a break.   
12 One of the reasons is that traders may be vulnerable if there is negative news (i.e., 
overnight shocks) after a market closes. By clearing out existing contracts, traders 
become immune to this negative news.  
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These two bets look identical. However, there is a difference. The first bet has no 

prior outcome. The second bet has the prior outcome that the subjects have already 

earned $30. The first bet is a one-stage (or one-shot) gamble, whereas the second is a 

two-stage gamble. Thaler and Johnson (1990) find that the reactions of the subjects to 

these two bets are quite different. 

In the actual financial market, traders face a series of gambles, and the results of 

those gambles affect their lives and careers. Therefore, it is rational to assume that the 

two-stage gamble model is more applicable to actual cases. 

 

2.3 Prior losses: dynamic loss aversion and breaking even 

 

Samuelson (1963) asked colleagues to bet on a 50% chance of winning $200 and 

a 50% chance of losing $100 by flipping a coin. One of the colleagues turned down this 

bet. The reason for the refusal of the bet was, “I won’t bet because I would feel $100 loss 

more than the $200 gain” (p.109). This was the starting point of the concept of loss 

aversion.  

Kahneman and Tversky (1979) formalized the notion of loss aversion within the 

framework of prospect theory. The term “loss aversion” refers to the tendency to be more 

sensitive to losses of one’s wealth than to gains. In this framework, utility is defined over 

gains and losses relative to some reference points. The value function is concave for 

gains and convex for losses, with a steeper slope for losses than for gains. Because this 

theory was based on the one-shot gamble experiment, a new question arose: How do 

multiple outcomes apply to this value function? To answer this question, the concept of 
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mental accounting was introduced (Kahneman and Tversky (1984), Thaler (1985)). 

Thaler (1999) defines mental accounting as “the set of cognitive operations used by 

individuals and households to organize, evaluate, and keep track of financial activities” 

(p.183). In other words, mental accounting is a way to show how prior gains or losses can 

be integrated with or separated from subsequent outcomes. Thus, prospect theory and 

mental accounting are the foundations of multi-stage gambles. 

Kahneman and Tversky (1979), in their framework of prospect theory, mention 

how initial losses will affect subsequent choices: “the well-known observation that the 

tendency to bet on long shots increases in the course of the betting day provides some 

support for the hypothesis that a failure to adapt to losses or to attain an expected gain 

induces risk seeking” (p.287). This is traditionally known as “loss aversion”. However, 

Thaler and Johnson (1990) argue that an initial loss may induce risk aversion for some 

gambles (dynamic loss aversion).13 Gambles that offer the opportunity to break even may 

be found acceptable (this is the break-even effect).   

There has been extensive research on traditional loss aversion. For example, 

Benartzi and Thaler (1995) use myopic loss aversion, which is the combination of loss 

aversion and a short evaluation period, to explain why stocks have outperformed bonds 

for a long time (this is the equity premium puzzle). 

 Barberis, Huang and Santos (2001) first use a dynamic equilibrium model to 

incorporate dynamic loss aversion. They argue that the model can explain the excess 

volatility and predictability of aggregate stock returns. In a similar line of research, 

Barberis and Huang (2001) examine firm-level stock returns based on dynamic loss 

                                                 
13 The intuition behind this is that investors become more conscious about further losses 
after suffering an initial loss. 
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aversion and narrow framing14 to explain the high mean and excess volatility of 

individual stock returns. Most of these studies have used aggregate stock market data to 

test market anomalies by incorporating loss aversion rather than directly testing market 

participants themselves. Unfortunately, no comprehensive study has considered dynamic 

loss aversion and the break-even effect at the same time.  

 

2.4 Prior gains: Lock-in, overconfidence, and house-money effects 

 

Cognitive psychologists have shown evidence that people are generally 

overconfident in their judgments. Barberis and Thaler (2003), in their survey paper, 

summarize three causes of overconfidence. First, people tend to overestimate the 

precision of their knowledge. For example, people tend to be overconfident in answering 

questions of extreme difficulty (Griffin and Tversky (1992)). This is called 

“miscalibration of the probabilities” or simply “miscalibration”. Daniel, Hirshleifer, and 

Subrahmanyam (1998) propose a model based on investor overconfidence in the 

precision of private information along with self-attribution bias to explain short-term 

momentum and long-run reversal in stock returns. Odean (1998) also suggests a model 

that incorporates investor overconfidence to explain why investors underreact to relevant 

information and overreact to salient information.  

Second, people who know the outcome of an event have a tendency to believe 

falsely that they would have predicted it (Hawkins and Hastie, 1990). This is called 

                                                 
14 Narrow framing refers to investors’ tendency to treat gambles separately from other 
pre-existing gambles and other portions of wealth. This is one example of mental 
accounting (Thaler, 1985). 
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“hindsight bias”.15 For example, financial experts on TV broadcasts often say, after an 

event has occurred, that they knew it was going to happen. 

 Third, people overestimate their own abilities relative to past successes and 

underestimate them relative to past failures (Miller and Ross (1975)). This is called the 

“self-attribution (or self-serving) bias”. Gervais and Odean (2001) apply overconfidence 

due to the self-attribution bias in their theoretical framework to examine trading volume, 

expected profits, and the price volatility of stocks. In their model, overconfidence is 

determined endogenously and changes dynamically over a trader’s life. Their model 

predicts three important results regarding overconfidence. First, overconfident traders 

will increase their trading volume. Second, the process of becoming wealthy can make 

investors overconfident. Finally, less experienced traders are more overconfident than 

experienced traders. Empirically, Barber and Odean (2000, 2001) investigate account 

data of households from a large discount brokerage and find that overconfidence leads to 

a high level of trading.   

 The house-money effect and overconfidence are often considered to be the same 

phenomenon because both imply that investors will be risk-seeking after initial gains. 

However, Thaler and Johnson (1990) show prior gains do not always induce risk-seeking. 

The house-money effect only occurs if an initial gain exceeds subsequent losses.16 

Barberis and Huang (2001) and Barberis et al. (2001) incorporate the house-money effect 

into their model to explain a high mean and excessive volatility of individual stock 

                                                 
15 This is also called the “I knew it all along” bias (Fischhoff, 1975). 
16 The intuition behind the house-money effect is that losses after a gain are absorbed 
(cushioned) by initial gains.  
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returns. Unfortunately, so far, no study has directly tested the house money effect 

described by Thaler and Johnson (1990).17 

Further, what will happen if an initial gain is less than subsequent losses? Battalio 

et al. (1990) provide a glimpse. Battalio et al. (1990, p.35), in their experiments, ask their 

subjects to choose one of two outcomes: 

 

Subjects were given $30 and they were asked to choose either (a) or (b): 

(a) A no gain with 100% 

(b) A 50% chance to win $10 and A 50% chance to lose $10. 

 

Of the 35 students, 21 chose (b). Similarly, the following gamble was offered: 

(a) A no gain with 100% 

(b) A 50% chance to win $20 and A 50% chance to lose $20. 

 

Of the 35 students, 15 chose (b). We can see that as a potential loss increases from $10 to 

$20, the minority chooses the fair gamble. 

 Thaler and Jonson (1990) note from this experiment that the house-money effect may 

diminish as the size of the potential loss approaches that of the initial gain. From this, I 

infer that people might not be risk-seeking after initial gains if the potential losses of a 

subsequent gamble exceed the amount of the existing initial gain. In this scenario, they 

                                                 
17 Most researchers understand the house-money effect as predicting that traders that have 
recently acquired (abnormally high) profits will be risk-seeking. 
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will prefer the status quo. I term this phenomenon the “lock-in effect”. In economics, the 

lock-in effect generally refers to a change of the current situation to being uneconomic.18 

 

2.5 Testing the loss-aversion, break-even, lock-in and house-money effects 

 

Most of the behavioral-based models and their empirical tests have focused on 

aggregate markets or on individual market participants. However, in a financial market, 

prices are set by the market makers, who are professional traders. Thus, it is very 

important to examine the behaviors of professionals in financial markets. Based on 

transaction records of professionally managed funds in Israel, Shapira and Venezia (2001) 

find that both individual and professional traders show signs of the disposition effect, 

which is the tendency to sell winners too quickly and hold losers too long. 19 Coval and 

Shumway (2005) perform comprehensive tests for the house-money, overconfidence, and 

loss-aversion effects. They find evidence for loss aversion but no evidence of the 

overconfidence or house-money effects.20 They also find that traders’ loss aversion 

significantly influences the prices and volatility of futures contracts.  However, using 

definitions and methods similar to those of Coval and Sumway (2005), Liu, Tsai, Wang, 

                                                 
18 I borrowed this term from the capital gains tax literature (for example, Constantinides 
(1983)). The lock-in effect in this context refers to a state in which capital gains tax rates 
are high and investors avoid paying the tax by holding onto assets they would have 
chosen to sell otherwise.  
19 Locke and Mann (2005) use transaction data from commodity futures traders in the 
CME and also find that professional traders show disposition effects. Likewise, Chen, 
Kim, Nofsinger and Rui (2007) find a disposition effect exhibited by Chinese 
institutional investors. 
20 Their definitions and methods of testing the loss-aversion, house-money, and 
overconfidence effects are different from those used in this study. Their model is based 
on a traditional static model. 
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and Zhu (2010) find that market makers in the Taiwan index options market show 

evidence of the house-money effect.21 Thus, there are conflicting results in the literature. 

Liu et al. (2010) discuss potential explanations22 for these discrepancies. First, there are 

differences between the U.S. and Taiwan in terms of market development, risk levels of 

the securities, and culture.  Second, Liu et al. (2010) examine the designated market 

makers rather than the day traders, whereas Coval and Shumway (2005) focused on day 

traders.23  Designated market makers are obligated to provide liquidity and quotes. 

Therefore, they should always be present in the market. However, floor traders are 

independent traders who have no such obligations. These different market making 

structures may cause results to differ.   

Because this paper uses a data set that is almost identical to that used by Coval 

and Shumway (2005), it will either strongly support or reject the conclusions of previous 

studies, depending on the results. 

  

2.6 Trading experience and cognitive biases 

 

It is believed that professional traders are disciplined traders. Disciplined trading 

is considered a key factor for success. This implies that professionals should be less 

susceptible to cognitive biases. Shapira and Venezia (2001) compare the disposition 

                                                 
21 Frino, Grant and Johnston (2008) also find evidence of the house-money effect among 
professional futures traders on the Sydney Futures Exchange.  
22 Liu et al. (2010) notice that overconfidence takes time to develop. Therefore, they 
extend the evaluation period from daily to weekly but find no evidence of overconfidence 
or self-attribution bias. 
23 Liu et al. (2010) investigate 21 designated market makers, whereas Coval and 
Shumway (2005) studied 426 local traders. 
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effect between professionally managed funds and funds with independent investors and 

find that the disposition effect is significantly weaker for professionals. This result 

indicates that professionals may reduce their own cognitive biases by using sophisticated 

models and by gaining more experience, even if a bias cannot be completely eliminated. 

However, there is contrasting evidence. Haigh and List (2005) investigate whether 

market makers exhibit myopic loss aversion. In an experiment with 64 undergraduate 

students and 54 professional traders from the Chicago Board of Trade, they find that 

professionals exhibit greater myopic loss aversion compared to students. As I discuss in 

Sections 2.3 and 2.4, numerous studies suggest that professionals are not immune to 

cognitive biases. If there are cognitive biases among both individual and professional 

investors, can gaining experience reduce these biases?  

Feng and Seasholes (2005) find that trading experience attenuates up to 72% of 

the disposition effect, although the effect cannot be totally eliminated.24 Likewise, Seru et 

al. (2010) estimate the size of the disposition effect and find that disposition falls as 

investors become more experienced.25 Liu, Wang and Zhao (2010) also provide evidence 

that profession, sophistication, and experience can alleviate narrow framing in the options 

market in Taiwan. 

  In a similar line of research, Korniotis and Kumar (2010) examine whether 

cognitive aging adversely affects the stock investment decisions of older investors. Based 

on individual-level transaction data from one of the largest U.S. brokerage firms, they 

find that older and more experienced investors hold less risky portfolios and trade less 

                                                 
24 Based on transaction data from China, they measure experience as the number of 
positions taken by an investor up to a certain time.  
25 They use Finnish stock market data of individual investors. The experience measure 
that they use is the number of years that an investor has been in the data set.  
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frequently. However, they also find that older investors have worse stock selection ability.  

There have been no empirical studies on whether professionals can mitigate the effects of 

cognitive biases by gaining experience. This study tries to answer this question.  
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CHAPTER 3 

Hypotheses and Methods 

 

3.1 Behavioral biases among professional traders 

 

Hypothesis 1: Professional traders engage in standard rational investor behavior.  

 

 The null hypothesis is that professionals’ risk-taking behaviors are independent 

of prior outcomes. If markets are efficient, traders are rational, margin constraints are 

unimportant, and there are no career concerns, then we should expect no relationship 

between prior outcomes and subsequent risk-taking behavior among professionals.26   

To test this hypothesis, earlier studies, like Coval and Shumway (2005), split a 

trading day into two periods (morning and afternoon) and test whether traders with a 

morning profit or loss will increase their afternoon risk-taking. However, the hypothesis 

in this paper is more sophisticated. To compare earlier studies with this study, I will refer 

to Kahneman and Tversky’s (1979) static loss aversion combined with Gervais and 

Odean’s (2001) overconfidence as the traditional model. The new model is a combination 

of dynamic loss aversion and the break-even and house-money effects described by 

Thaler and Johnson (1990) and the lock-in effect of the proposed model. The model of 

Thaler and Johnson (1990) is ambiguous concerning how traders who make small gains 

react to subsequent risky choices. However, by adding the lock-in effect, the new model 

                                                 
26 Coval and Sumway (2005) suggest that there are three possible alternative explanations 
for the relationship between morning outcomes and afternoon risk-taking behaviors: 
agency issues (career concerns), margin constraints, and the wealth effect. 
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clarifies the distinction between the traders who have small losses and those who make 

small profits. The following figure and table show the differences between the traditional 

and new models. 

 

< Traditional model> 

 

       (-)                                                    Profit                                                       (+) 

 

                   Loss aversion                        0                 Overconfidence 

 

 

<Thaler and Johnson (1990) and the proposed model> 

 

      (-)                                                    Profit                                                       (+) 

 

Dynamic loss aversion   Break even   0         Lock in                   House money 
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<Cognitive biases and the sign of the risk-taking behavior> 

 

- Traditional model - 

Cognitive biases Loss aversion Overconfidence 

Risk-seeking behavior Yes Yes 

 

 

- Thaler and Johnson (1990) and the proposed model - 

Cognitive biases Loss aversion Break even Lock in House money 

Risk-seeking behavior No Yes No  Yes 

 

As we can see from the table, to empirically test the traditional model, the first 

step is to calculate each trader’s morning profits or losses. The second step is to check 

afternoon risk-taking behavior based on their profits and losses. However, this new model 

is required to identify two points: one where dynamic loss aversion and break-even are 

separated and another that divides lock-in from house money. According to experiments 

by Thaler and Johnson (1990), dynamic loss aversion, break-even, and house money are 

distinguished based on a comparison between the initial gains or losses and opportunities 

in the second stage. 

For example, if an initial loss is too big to recover in the second stage, traders will 

not attempt to take further risks because they might cause further losses. These traders 

will belong to the dynamic loss aversion category. I expect them to show signs of loss 

aversion. However, if an initial loss can be recovered by taking risks, traders try to get 
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back to even status. These traders belong to the break-even category, where traders are 

expected to be risk-seeking. Likewise, traders with an initial large gain may take risks as 

long as they have some profits in the end. However, some traders with an initial gain may 

stay put because taking further risks could result in an overall loss. Thus, to test this new 

model, I need measures that can serve as a proxy for the opportunities in the second stage. 

 

3.2 Measuring profits, risks, and opportunities 

 

To compare the results with earlier studies, I adopt methods used by Coval and 

Shumway (2005). Specifically, I split the trading day into morning and afternoon around 

lunchtime.27 As I discussed in section 2.1, I assume that market makers close out their 

positions by the end of the day.  

Earlier studies use several methods to calculate profits and risks.28 In this paper, I 

followed Coval and Shumway (2005) to enable comparison. Realized profits are 

calculated by multiplying the difference between purchase and sales price by the trade 

size. In addition to realized profits, I add the market value of inventory, calculated as the 

contracts outstanding multiplied by the current market price. Thus, total profit is the sum 

of realized profits and mark to market. For risk measures, I use the number of trades, the 

average contract size and the total dollar risk. The volatility (risk) of the price in the S&P 

                                                 
27 The S&P futures market opens at 8:30 AM and closes at 3:15 PM central time. I set 
11:45AM  as a midpoint. Thus, morning refers to 8:30 AM to 11:45 AM  central time. To 
check robustness, I also set 12:00 noon and 12:15PM as midpoints. 
28 Liu et al. (2010) calculate profits by using the first-in first-out method and use order 
size and number of orders as measures of risk. Locke and Mann (2004) and Frino et al. 
(2008) use the weighted average cost method for profits. Locke and Mann (2004) also 
use VaR for measuring risks. 
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500 futures market is not constant throughout the trading days. To capture volatility at 

given time on a day, first, I calculate the front-month futures contract price at the 

beginning of each minute of each day from 1998 to 2000. Following Coval and Shumway 

(2001; 2005) and Frino et al. (2008), to measure the risk at a certain time, I apply a 

logistic regression to estimate the probabilities of the possible price change as a measure 

of price tick over the next minute by applying the following model: 

 

Log[
�i���

���i���
] = αi +�X,          1	 
 	 � 

where 
i�
� = Pr(Y	 
|�) represents the conditional probability that the price change Y in 

the S&P 500 futures contract over the following minute t is less than or equal to i price 

ticks, and �X is the magnitude of the price change in the preceding 5 minutes and time-

of-dummy variables for each 5-minute period during the trading day. The fitted values 

from this regression are used to construct an expected absolute price change for each 

minute of each day in 2001. Second, a trader’s risk at a given minute is measured by 

multiplying the trader’s inventory by an expected absolute price change. Thus, the total 

risk for a certain trader is the sum of minute-by-minute risks over a certain period. Coval 

and Shumway (2005) call this “total dollar risk”.   

   In the experiments we have discussed so far, subjects were given opportunities to 

get back to even or to earn more. Such opportunities were exogenous variables. A market 

level return (profit or loss) is one such exogenous variable and has been used in the 

literature as a basis to evaluate professionals’ performance (e.g., Malkiel (1995), Ippolito 
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(1989)).29  Each trader will compare his or her initial gains and losses to a market-level 

profit or loss. For example, suppose the morning market (S&P 500 futures) profit is $500 

and there are four traders with the following initial gains and losses: -$700, -$300, $100, 

$600. If the market profit or loss is considered to be an opportunity to get even, there 

might be a chance to make $500 or lose $500 in the afternoon trading session. So, in this 

example, the trader with an initial loss of $700 will be assigned to the loss-aversion 

category, and the others will be in the break-even, lock-in, and house-money categories, 

respectively. Morning market profits30 are calculated as the first recorded price of the day 

minus the price at 11:45AM .31 Then, market-adjusted profits are calculated for each trader 

as the difference between a trader’s total profit and the market profit, 

���
�,���

� ����
� � ���

� � , 

where ���
�,��� is market-adjusted morning profits for a trader i on date t, ���

� is the 

morning profit for a trader i on date t, and ���
�  is the morning market profit on date t. 

Even though market-level data can serve as a basis for some traders, they may not 

be sufficient for others because some traders might consider themselves to be better than 

the market. For this case, an endogenous variable is appropriate. An individual-level 

                                                 
29 The performance measures commonly used to evaluate portfolio managers in mutual 
funds are not applicable to the individual floor traders because they neither manage 
clients’ portfolios nor are evaluated by any board.  
30 I also consider other similar measures, such as the maximum market profit (highest 
market price minus lowest market price during the interval) and the maximum market 
loss (lowest market price minus highest possible market price during the interval) along 
with the afternoon market profit or loss of the previous day. 
31 There are no price data available at 11:45 on some days. For such cases, the price at the 
closest time to 11:45 is used. The time for those cases falls between 11:40 and 11:50. 
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profit measure32 is one such endogenous variable that allows traders to evaluate 

themselves based on their past performance. Individual profit measures are calculated 

analogously:  

���
�,����

� ����
� � �����

� �, 

where ���
�,���� refers to morning profits for a trader i on date t adjusted for the prior day’s 

morning profit, ���
� is morning profits for a trader i on date t and �����

�  is a morning profit 

for trader i on date t-1. 

In addition to measures discussed so far, it is important to identify an investor’s 

horizon of opportunities. I assume that market makers in the futures market have a daily 

investor’s horizon. However, past history of success and failure may affect current traders’ 

decision-making. Therefore, it is ideal to investigate daily, weekly and monthly market 

and individual profits as well to test the results for robustness. 

To test the relationship between morning profits and afternoon risk-taking 

behavior, Coval and Shumway (2005) introduce the following model. 

 

RISKA
i,t = α + βππ

M
i,t + βI |INVM

|i,t + βπIπ
M

i,t ·|INVM
|i,t + βRRISKM

i,t + εi,t, (1) 

 

where RISKA
i,t  is one of the normalized33 afternoon risk measures for trader i on date t, 

π
M

i,t is trader i’s morning profit on date t, |INVM
|i,t is the absolute value of trader i’s 

                                                 
32 Traders may remember their best deal or worst deal in the last few weeks and try to 
match or avoid it. Thus, I also consider measures such as “best-in-the-last month” profit 
and “worst-in-the-last month” loss.  
33 To control for trader heterogeneity, Coval and Shumway (2005) calculate the standard 
deviation of the trader’s morning profits across all days of the sample and divide all profit 
observations by the standard deviation. Likewise, for risk measures, traders’ morning and 
afternoon risk measures are de-meaned and divided by their standard deviations.   
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outstanding position at the end of the morning on date t, RISKM
i,t is trader i’s morning 

risk measure on date t and εi,t is the error term. The normalized inventory term controls 

for the tendency of losing traders to have more outstanding contracts than others. This 

term attenuates a possible bias resulting from the violation of the zero inventory 

assumption at the beginning of the trade. The interaction term of inventory and profit 

controls for the possibility of a disposition effect. However, one drawback of this 

regression model is that normalized profit and risk measures are exposed to a potential 

look-ahead bias.34 Thus, I divided the 2001 data into the first 6 months and last 6 months. 

Based on traders’ profit and risk during the first 6 months, I normalized the last 6 

months’ profit and risk and performed the regressions on the last 6 months’ normalized 

data. 

I also needed to make a slight modification to the model to allow the slope 

coefficients to vary between traders. Thus, my regression takes the following form: 

 

RISKA
i,t = α + βπ���

�,��� + + βπ2���
�,���·Group2 +βπ3���

�,���·Group3 + 

βπ4���
�,���·Group4 + βI |INVM

|i,t + βπI���
�,���·|INVM

|i,t + βRRISKM
i,t + εi,t,           (2) 

 

where ���
�,��� is the market- (or individual-) adjusted profit for trader i on date t, Group2 

is an indicator variable that takes the value 1 if a trader belongs to the lock-in category 

and 0 otherwise, Group3 is an indicator variable that takes the value 1 if a trader belongs 

to the break-even category and 0 otherwise, Group4 is an indicator variable that takes the 

value 1 if a trader belongs to the dynamic loss aversion category and 0 otherwise, and the 
                                                 
34 Normalized measures are calculated over the whole sample period, which is not known 
to traders at some points. 
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other terms35 are defined in the same way as in equation (1). There is a possibility that the 

magnitudes of behavioral biases on traders are the same36 but the directions of them are 

opposite. Then, the impacts of behavioral biases may be canceled each other out, which 

results in no significant regression results. Previous studies did not consider this 

possibility. Thus, in this paper, first, I test biases separately to see the magnitude and 

significance of each bias. Second, I separate all biases by using dummy variables; 

however, I test them simultaneously to capture the interactions of biases. I estimate the 

two equations with pooled OLS regressions and Fama and MacBeth (1969) type 

regressions, in which I calculate trader-by-trader regressions, average the coefficients 

across traders, conduct day-by-day regressions and average the coefficients across days, 

and group-by-group regressions and a fixed effects model.  

 

Hypothesis 2: Trading experience and behavioral biases 

 

It is assumed that professional traders have more experience, knowledge, and 

resources than individual traders. Therefore, it is natural to think that professional traders 

are immune to cognitive biases to a certain degree. However, some of the recent studies37 

tell us otherwise, i.e., professionals also show signs of the house-money, overconfidence 

and loss-aversion biases. Thus, it is interesting to check whether there is a difference 

between experienced and less experienced professional traders. In professional sports 

such as basketball and baseball, the majority of the rookie players go through an 

                                                 
35 Measures are both normalized term and raw term. I do not report the results of raw data 
for brevity because the results do not differ from normalized data. 
36 Frino et al. (2008) consider this possibility but do not find evidence of loss aversion. 
37 E.g., Coval and Shumway (2005), Liu et al. (2010), and Lock and Mann (2005). 
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adjustment period even though they have played their respective sports for most of their 

lives. I apply this logic to the financial market. The null hypothesis is that less 

experienced traders are the same as veteran traders. To test this relationship, first, I divide 

traders into two groups38, rookie traders and experienced traders, based on traders’ 

identification numbers from 1999 to 2001. Second, I calculate, for each group, profits and 

risks to check for any differences between the groups. Third, I estimate equations (1) and 

(2) with the same methods used in previous tests. 

  

                                                 
38 I also divide groups into two (four or five) groups based on experience, measured by 
the number of trading day in first 6 months in 2001.  
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CHAPTER 4 

Data and summary statistics 

 

The primary data used in this study are transaction records from the 200139 S&P 500 

index futures pits.40 Each record consists of a trader’s masked identification number, four 

customer types, delivery month of the contract, trading venue (open outcry or Globex),41 

identifier for the trade direction (buying or selling), the price and quantity of the trade, 

and the trade date and time to the second. One of four customer types is assigned to each 

trade based on whether it was executed on behalf of a customer, on behalf of a house 

account, on behalf of another member, or for a trader’s personal account. There are also 

four delivery months (March, June, September, and December) of contracts. Because 

most transactions in the futures market are for the front-month contracts, only the front-

month contracts are considered. 

Locke and Mann (2004) find that there are transient traders who trade a few times 

a year on their personal accounts and argue that theses trades are intended to correct 

brokerage errors. Similar to Locke and Mann (2004), I select traders with a minimum of 

10 trades on their personal accounts and at least five trading days in a given year. This 

reduces the potential effect of the transient traders. 

                                                 
39 Around September 11th, I find recording errors in the data. Therefore, data from one 
week before and after September 11th are deleted.  
40 I thank the U.S. Commodity Futures Trading Commission (CFTC) and Peter Locke for 
their generosity in allowing me to use these data. 
41 In 1992, CME introduced a global electronic futures trading system (Globex) that 
enables market participants to trade after trading hours on the floor. For S&P 500 futures 
contracts, traders can trade virtually 24 hours a day through open outcry and Globex.    
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Finally, I assume that floor traders close out their accounts at the end of the 

trading day. However, the Globex enables traders to trade overnight, even though night 

trading by floor traders is very rare. To eliminate this possibility, I exclude traders who 

trade on both open outcry and the Globex.  In 1997, CME introduced the E-mini S&P 

500 futures contract (1/5 of the size of an S&P 500 futures contract), which is traded 

through 24-hour electronic-based trading. This type of contract also provides floor traders 

with hedging opportunities. Therefore, only floor traders who do not trade on E-mini are 

considered in the empirical analysis. By making these exclusions, I can safely assume 

that floor traders trading on their own personal accounts have a daily investment horizon.  

For data analysis, the first step is to divide the data into morning and afternoon 

periods. I assume that around lunchtime, the market conditions are different from other 

times. To check this assumption, I consider trading volume, trade intensity, price 

volatility, and effective spread. 

 

[Insert Figure 1 and Figure 2 about here] 

 

In Figures 1 and 2, trade volume is calculated as the number of contracts per 15 

minutes time interval, including all floor trading transactions as well as personal account 

transactions. I find the typical U-shaped trading volume pattern. Also, trade volume is 

lowest around lunchtime (11:45 AM). We can also see that the trade volume reaches its 
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highest point again between 3 PM and 3:15 PM.42 This high trade volume may be based 

on different information than earlier trades. 43 

 I plot trade intensity and price volatility against time in Figures 3, 4, 5 and 6. 

 

[Insert Figure 3 and Figure 4 about here] 

 

Trade intensity is calculated as the number of transactions per five-minute time 

interval, and price volatility is the standard deviation of price change per five-minute 

interval. We can see that trade intensity and price volatility have similar patterns to those 

of trade volume and reach their lowest points around lunchtime. 

 

[Insert Figure 5 and Figure 6 about here] 

 

Effective spread is defined as the difference between the quantity-weighted 

average sell and buy prices of transactions per five-minute time interval. It typically 

implies transaction costs. I also find that the effective spread is the smallest around 

lunchtime.  

 

[Insert Figure 7 and Figure 8 about here] 

 

                                                 
42 The S&P 500 is traded on the NYSE, where the market closes at 4:00 PM eastern time. 
However, the S&P 500 futures market closes at 3:15 PM central time. The different 
market closing times may affect this volume pattern.  
43 Because the inventory variable is affected by this trade volume, I also conduct tests 
after excluding trades made in the last 15 minutes. But, it does not change the results. 
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Overall, based on the market conditions described so far, it is reasonable to 

assume that traders have their first evaluation period around lunchtime. 

 

[Insert Table I about here] 

 

 In Table 1, I report summary statistics of 533 traders’ morning and afternoon 

profits, numbers of trades, average trade sizes, and total dollar risk. In panel A, the 

statistics are calculated using raw data. In panels B, C, D, and E, the statistics are 

calculated using normalization. The raw data contain more than 1.4 million observations. 

On average, traders earn $1680 a day and make 55 trades of around 3 lots each. Traders 

place $14,500 at risk per day on average. Several points emerge from Table I that are 

worth noting. First, the first 6 months in 2001 were more profitable for traders on average 

compared to the last 6 months. Traders also took fewer risks during the last 6 months in 

2001. Second, on the average trader-morning, the winning trader’s profit is 0.55 standard 

deviations above zero. Losing traders are 0.52 standard deviations below zero. Third, the 

hypotheses that I test concern the relationship between morning profits and afternoon 

risks. Unlike Coval and Shuway (2005), traders with losing mornings did not increase 

their afternoon risks in the present study. For example, traders with losing mornings place 

fewer trades (-0.02 standard deviations versus 0.08) in the afternoon and assume less risk 

(0.08 versus 0.23). They only increase their average trade size (0.16 versus 0.10). This 

preliminary evidence suggests there is no consistent evidence supporting traditional loss 

aversion. Fourth, to support the overconfidence hypothesis, traders with winning 

mornings should increase afternoon risk-taking. However, this study yielded no evidence 
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supporting the overconfidence hypothesis. When we take averages of observations 

associated with profitable mornings, notice that winning traders place far fewer trades in 

the afternoon (0.02 versus 0.55) and that average trade size slightly decreases (0.14 

versus 0.15). Winning traders also take far less risk (0.11 in afternoons versus 0.15). Thus, 

unlike previous studies, preliminary evidence suggests that static loss aversion and 

overconfidence may not hold for professional traders. 

 

[Insert Table II about here] 

 

 In Table II, I report summary statistics of four groups’ (house money, lock-in, 

break-even, and dynamic loss aversion)44 morning and afternoon profits, number of 

trades, average trade size, and total dollar risk. All statistics in this table are calculated 

using normalization. Table II depicts several interesting points. First, house money 

traders, contrary to my hypothesis, decrease risks in the afternoon. This result may imply 

that traders with abnormal profits (0.96 standard deviations above zero) enjoy morning 

profits and are less active during the afternoons.  Second, the preliminary result shows 

that lock-in traders become overconfident. After a morning profit, they place more trades, 

changing from -0.10 to -0.03 standard deviations, increase the trade size (-0.07 versus 

0.13 standard deviations) and take more risks (from -0.04 to 0.05 standard deviations).  

                                                 
44 In this table, I categorize the four groups by individual-level morning profits. In other 
words, among winning traders, if a trader’s morning profit exceeds the previous 
morning’s profit, that trader belongs to the house money category. Other winning traders 
belong to the lock-in category. Among losing traders, if the absolute value of morning 
profits exceeds the previous morning’s profits, that trader belongs to the loss-averse 
group. Other losing traders belong to the break-even category.  
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 For morning losers, the break-even effect appears to be strong. After a small loss, 

traders try to break even by increasing afternoon risk. They place more trades, changing 

from -0.13 to -0.03, increase the size of their trades (-0.10 versus 0.14) and take more 

risks (from -0.01 to 0.07). 

Loss-averse traders’ behavior seems to be consistent with the hypothesis. After a big loss, 

traders significantly decrease their afternoon risk-taking. Overall, preliminary results 

seem consistent with the break-even effect and loss aversion hypotheses, but not with the 

house-money effect or the lock-in effect. 
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Chapter 5 

Empirical Results 

 

5.1 Morning profits and afternoon risk-taking behaviors 

 

 Based on Table I and II, the hypotheses of this study may hold for morning losers 

but not for morning winners, who require other explanations. For concrete evidence, I 

need to look at regression results.  

 

[Insert table III about here] 

 

In table III, I present results of regressions of afternoon risk-taking on morning 

profits without categorization for comparison with previous studies. Specifically, the 

regressions take the following form: 

 

RISKA
i,t = α + βππ

M
i,t + βI |INVM

|i,t + βπIπ
M

i,t ·|INVM
|i,t + βRRISKM

i,t + εi,t ,     (1) 

 

where RISKA
i,t  is one of the normalized afternoon risk measures for trader i on date t, πM

i,t 

is trader i’s morning profit on date t, |INVM
|i,t is the absolute value of trader i’s 

outstanding position at the end of the morning on date t, RISKM
i,t is trader i’s morning 

risk measure on date t and εi,t is the error term. I estimate regressions in several ways.  

 First, I estimate a simple pooled OLS regression. I also conduct regressions in 

Fama-MacBeth style. The Fama-MacBeth regressions are important because they 

indicate whether the empirical results are driven by certain traders or by particular days. I 

also conduct panel regressions with fixed effects for both traders and days and panel-

corrected standard errors that adjust for contemporaneous correlation and 

heteroskedasticity across traders.  
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In the case of pooled OLS regressions, unlike previous studies, I did not find any 

evidence suggesting either overconfidence or traditional loss aversion. When a number of 

trades is dependent variable, there is strong evidence supporting overconfidence because 

the profit coefficient (βπ) is positive and significant. However, in other cases there is no 

evidence of it. For the Fama-MacBeth regressions and panel-corrected standard error 

estimations (PCSE), there is no evidence supporting any behavioral biases.  

 

[Insert table IV about here] 

 

 In Tables IV to VII, I present the results of group-by-group regressions of 

afternoon risk-taking on morning profits that test the main hypotheses of this study.  

Specifically, the regressions take the form of Equation (1) except that the profit measures 

are ���
�,����, where ���

�,���� refers to morning profits for a trader i on date t adjusted for 

the prior day’s morning profit, ���
� is morning profits for a trader i on date t and �����

�  is a 

morning profit for trader i on date t-1.45 Table IV show the results of the house money 

traders. If the hypothesis holds, I expect a positive relationship between afternoon risk 

and morning profit. In pooled OLS regressions, I find strong evidence of the house 

money effect. The profit coefficients (βπ) are positive and significant in all three cases. 

However, Fama-Macbeth (F.M.) regressions demonstrate that the OLS results are driven 

by certain traders. The results of a F.M. regression by trader show that there is no house 

money effect. PCSE estimations also confirm it. 

 

[Insert table V about here] 

                                                 
45 In pooled OLS regressions and other regressions, I find a multicollinearity issue 
between the morning profit variable (πM

i,t) and the interaction term (πM
i,t ·|INVM

|i,t). Thus, 
I also perform the regressions by dropping the interaction term. However, these 
differences do not change the results, so I do not report them for brevity.  
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In Table V, the results of regressions apply only for the lock-in traders. If the 

hypothesis holds, I expect either an insignificant profit coefficient or a significant and 

negative relationship between afternoon risk and morning profit because lock-in traders 

try to protect their morning profits.  It seems, in pooled OLS regressions, that there is 

evidence of a house-money effect rather than a lock-in effect on average trade size and 

total dollar risk. The lock-in effect is supported only when the dependent variable is the 

number of trades. However, F.M. regressions and PCSE estimations show that the results 

are not consistent with any of the hypotheses.  

As we can see from the summary statistics from Table II, I also do not find any 

evidence supporting either the house-money effect or the lock-in effect. 

 

[Insert table VI about here] 

 

Tables VI and VII show the results of morning losing traders’ afternoon risk-

taking behaviors. In Table VI, I present the results of break-even traders’ regressions. If 

the break-even hypothesis holds, I expect a significant and negative relationship between 

afternoon risk and morning profit. In pooled OLS regressions, I find some evidence 

supporting a break-even effect on number of trades and total dollar risk. However, in the 

case of average trade size, the profit coefficient is insignificant and positive.  Furthermore, 

F.M. regressions and PCSE also reject the break-even effect, which suggests that the OLS 

results are driven by certain traders or by the events of a certain day.  

  Finally, in Table VII, the results of dynamic loss-averse traders’ regressions are 

presented.  

 

[Insert table VII about here] 

 

If the dynamic loss aversion hypothesis holds, I expect either insignificant profit 

coefficients or significant and positive profit coefficients. Like previous cases, in pooled 

OLS regressions, I find some evidence supporting loss aversion. However, in case of total 
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dollar risk, the profit coefficient is significant and negative, meaning that loss-averse 

traders increase their risk-taking after losing in the morning, which is the break-even 

hypothesis. Thus, the results of the OLS regressions are not consistent.  Likewise, F.M. 

regressions and PCSE show mixed support and rejection of the loss aversion hypothesis. 

Therefore, the evidence for a loss-aversion effect is inconclusive.  

Compared to the house-money effect and the lock-in effect, it seems that the 

break-even effect and loss aversion fit the hypotheses better, even though there is no 

definite support for either of them.   

 

      The one critical issue of the above group-by-group regressions is that there may be a 

selection bias in the estimations. By looking only at subsets of the whole sample, I ignore 

interactions with other traders in the sample that may cause biased estimates and lead to 

non-robust standard errors. To prevent this selection bias, I introduce dummy variables 

and estimate all groups in one equation. Specifically, the regression has the following 

form: 

 

RISKA
i,t = α + βπ��� + βπ1���·Group2 + βπ2���·Group3 + 

βπ3���·Group4 + βI |INVM
|i,t + βπI��� � |INVM

|i,t + βRRISKM
i,t + εi,t,           (2) 

 

where ��� is the individual adjusted profit for trader i on date t, Group1 is an indicator 

variable that takes the value 1 if a trader belongs to the lock-in category and 0 otherwise, 

Group2 is an indicator variable that takes the value 1 if a trader belongs to the break-even 

category and 0 otherwise, Group3 is an indicator variable that takes the value 1 if a trader 

belongs to the dynamic loss aversion category and 0 otherwise, and all other terms are 

defined in the same way as in equation (1). Thus, the βπ coefficient corresponds to house 

money traders. This regression allows slope coefficients to vary between groups.  
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 Like previous group-by-group regressions, I estimate equation (2) with pooled 

OLS regression, F.M. type regressions, and a fixed effects model.  

 

 

[Insert table VIII about here] 

 

 
In table VIII, I present the results of regressions of afternoon risk-taking on 

morning profits. If the hypotheses hold, I expect the profit coefficients for house money 

traders to be positive and significant. In pooled OLS regressions, it seems that this 

hypothesis holds, except average trade size variable. However, other types of regressions 

do not confirm the hypothesis. Likewise, the other hypotheses seem to be well supported 

in pooled OLS regressions, but F.M. by trader regressions and PCSE do not confirm them, 

consistent with previous results. 

 
 

5.2 Alternative explanations 

 

 The empirical results so far demonstrate that there is no consistent evidence 

supporting previous studies that claim that professional traders show either 

overconfidence (or a house-money effect) or static loss aversion. The first question now 

becomes why previous studies have reported conflicting results. The second question is 

why my results do not confirm those of previous studies. The most obvious answer to the 

above questions is that the data are different. Previous studies that support the 

overconfidence hypothesis use the Taiwanese or Australian futures markets. Coval and 

Shuway (2005) confirms loss aversion in the U.S Treasury bond futures market. Thus, the 

differences in data sources may lead to different results. For example, we may argue that 
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the U.S. financial market is better organized and developed than other countries’ markets. 

This may lead to different levels of risks and profits for traders in different markets, thus 

affecting their trading behavior. However, these explanations are hard to verify. I will 

now present alternative explanations for my different results. 

 

5.2.1 Different evaluation periods 

 

 One of the key assumptions of this study is that traders evaluate their profits and 

risks at lunchtime every day and make adjustments in the afternoon. However, traders 

may have different investment horizons. Rather than examining the morning-afternoon 

relationship, I first consider the daily evaluation period. I calculate daily profits for 

traders and compare them with the next day’s risk. In Table IX, I present results of 

regressions of daily risk-taking behavior on daily profits. The regression takes the 

following form: 

 

RISKi,t = α + βππi,t-1 + βI |INV|i,t + βπIπi,t ·|INV|i,t + βRRISKi,t-1 + εi,t            (3) 

 
where ����� is the previous day’s 46 individual profit for trader i, RISKi,t-1 is the previous 

day’s individual risks for trader i, and other terms are defined the same as in equation (1).  

 If there is evidence of overconfidence, as previous studies claim, I expect the 

profit coefficient to be positive and significant. However, as we can see from Table IX, 

the profit coefficients are negative and change signs depending on the dependent 

variables. Likewise, the loss aversion hypothesis does not hold. I further expand investors’ 

horizons to weekly and monthly bases. I calculate weekly (monthly) average profits, 

                                                 
46 I only define the previous day as the day within 3 days of the trading day because there 
is a gap between the previous trading day and the physical day. 
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maximum profits, and minimum profits. Based on these values, I categorize each trader 

into one of four groups: house money, lock-in, break-even, and loss averse. After 

categorization, I apply equation (1) and (2) to see whether any of the hypotheses hold. As 

in the daily case, I do not find consistent evidence supporting any of the four hypotheses 

above47. Therefore, different investor horizons do not explain these inconsistent results. 

 

 
5.2.2 Trading experience and behavioral biases 

 
 The key difference in previous studies is a difference in market structure. 

Previous studies (Frino et al. (2008) and Liu et al. (2010)) that support the house-money 

effect examine designated market makers in the futures market. Thus, their sample sizes 

are very small. Frino et al. (2008) looked at 40 traders, and Liu et al. (2010) used 21 

traders in their analysis. In comparison, Coval and Shumway (2005), who claim support 

for loss aversion, used 426 locals, and this study has 533 traders in its sample. The 

designated market makers, like specialists on the NYSE, are considered as more 

experienced and enjoy less competition, though they face more strict regulations. Thus, it 

is possible to consider that designated market makers may behave differently compared 

to proprietary traders (day traders). Likewise, it is reasonable to assume that market 

makers are more experienced than day traders.48 

 

 To see why behavioral biases differ among professionals, I try to separate traders 

in the sample into two groups: experienced traders and rookie trader. The experienced 

traders will serve as designated market makers49, and the rookie traders will be similar to 

day traders. Thus, if there is a behavioral bias among the experienced traders, they will be 

overconfident (or show the house-money effect, as previous studies argue) because 

                                                 
47 I do not report the results for brevity. 
48 Liu et al (2010) suggest this possibility but do not test it. 
49 The designated market makers are required to be present in the market almost all of the 
time. Thus, I divide traders based on the number of trading days for alternative measure. I 
assume that the most active traders will be proxies for the designated market makers and 
the least active traders will proxy for day traders.  However, results do not change.  
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overconfidence is a bias based on past success. The rookie traders will instead show loss-

averse behavior, as Coval and Shumway (2005) claim.  

 

 By tracing traders’ identification numbers, I find there are 32 rookie traders in 

2001.50 In other words, there are 32 new traders’ identification numbers observed in 2001 

which did not appear in 1999 and 2000 data. To check whether there are any differences 

in behaviors between 32 rookie traders and other 501 experienced traders, I calculate, for 

each group, traders’ morning and afternoon profits, number of trades, average trade sizes, 

and total dollar risk. In table X, I report summary statistics of each group. 

 

[Insert Table X about here] 

 

 All the statistics are calculated using raw data. For the first 6 months, on average, 

rookie traders lose $680 a day compared to about $2000 a day profits from experienced 

traders. In terms of risks, the rookie traders take far less risks than the experienced traders 

in all three risk measures. The one interesting point is that, after losing in the morning, 

the rookie traders increase risks in the afternoon in all three measures. For example, on 

average, they increase number of trades from 7.94 to 12.29 and 1.99 average trade sizes 

to 2.33 average trade sizes. They also take more dollar risks from $877.83 to 960.91. This 

preliminary results show that there is a strong possibility of loss aversion which is 

consistent with the hypothesis.  However, unlike rookie traders, the experienced traders 

do not show evidence of overconfidence. Rather, they decrease risks after winning 

morning, on average. These behaviors continue in the second half of 2001 as well.  

To get a complete picture of whether there are any differences among the trader 

groups, I perform the following regressions: 

                                                 
50 There were 22 rookie traders in 2000. 
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RISKA
i,t = α + βπ��� + βπ2���· Exp1 +  βI |INVM

|i,t + βπI���·|INVM
|i,t + βRRISKM

i,t + εi,t,  (4) 

, where Exp1 is an indicator variable that takes the value 1 if a trader belongs to the 

experienced traders and all other terms are defined as in equation (1).  

 If the overconfidence hypothesis holds, I expect the profit coefficients of group 2 

(the experienced traders) to be positive and significant. Likewise, if there is any evidence 

of loss aversion, I expect the profit coefficients (rookie traders) to be negative and 

significant.  

 

[Insert table XI about here] 

 

 In Table XI, I report the results of regressions of afternoon risk-taking on morning 

profits based on two groups, rookie traders and experienced traders. In pooled-OLS 

regressions and PCSE, signs of the coefficients are consistent with hypotheses. However, 

coefficients are not significant. FM regressions also do not confirm the hypotheses. 

Overall, among all of the regressions performed in Table XI, I do not find any consistent 

evidence supporting either overconfidence or loss aversion.51 

 

 

 

 

 

                                                 
51 One of the possible reasons that I do not find evidence of loss aversion is small sample 
sizes. During the second half of 2001, there are only 423 records. 
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Chapter 6  

Conclusion 

 

 It is well documented in the finance literature that individual investors are 

affected by behavioral biases. Thus, researchers have turned their attention to 

determining whether professional traders show any of them. This study focuses on 

behavioral biases among professional traders. I use proprietary S&P 500 futures trading 

records of professional traders to confirm and expand upon previous findings. Unlike 

previous studies, I do not find any evidence of overconfidence or loss aversion among 

professional investors. Furthermore, I do not find evidence of the house-money, lock-in, 

break-even, or dynamic loss aversion effects. Finally, I try to link behavioral biases with 

trading experience. However, I find no links between them. Thus, the results of the 

previous studies may be data specific or spurious, and further research is needed to 

support or reject them.  

 The limitations of data are always problematic in finance research, especially in 

the field of behavioral finance. This study is not free from that limitation. I acknowledge 

that the data are limited, for example, traders’ personal background information, such as 

education level, previous trading experience and level of wealth, are not known. Because 

I only investigate last 6 months of 2001 trading records, trader’s time series may not be 

long enough to capture the dynamics. 

Finally, in future research, it will be interesting to check whether different time 

frames or different markets yield different results. 
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Figure 1 Trade volume of personal accounts 

 

The data are for S&P 500 futures trading (only personal accounts) from January 1, 2001 

to December 31, 2001. Trade volume is the number of contracts traded per 15 minute time 

interval. Mean and median are computed for each 15 minute time interval across the 

whole sample period. 
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Figure 2 Trade volume of whole floor trading 

 

The data are for S&P 500 futures trading (whole floor trading) from January 1, 2001 to 

December 31, 2001. Trade volume is the number of contracts traded per 15 minute time 

interval. Mean and median are computed for each 15 minute time interval across the 

whole sample period. 
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Figure 3 Trade intensity of personal accounts 

 

The data are for S&P 500 futures trading (only personal accounts) from January 1, 2001 

to December 31, 2001. Trade intensity is the number of transactions traded per 15 minute 

time interval. Mean and median are computed for each 15 minute time interval across the 

whole sample period. 
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Figure 4 Trade intensity of whole floor trading 

 

The data are for S&P 500 futures trading (whole floor trading) from January 1, 2001 to 

December 31, 2001. Trade intensity is the number of transactions traded per 15 minute 

time interval. Mean and median are computed for each 15 minute time interval across the 

whole sample period. 
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Figure 5 Price volatility of personal accounts 

 

The data are for S&P 500 futures trading (only personal accounts) from January 1, 2001 

to December 31, 2001. Price volatility is standard deviation of price change per five-

minute interval. Mean and median are computed for each five-minute time interval across 

the whole sample period. 
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Figure 6 Price volatility of whole floor trading 

 

The data are for S&P 500 futures trading (whole floor trading) from January 1, 2001 to 

December 31, 2001. Price volatility is standard deviation of price change per five-minute 

interval. Mean and median are computed for each five-minute time interval across the 

whole sample period. 
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Figure 7 Effective spread of personal accounts 

 

The data are for S&P 500 futures trading (only personal acounts) from January 1, 2001 to 

December 31, 2001. Effective spread is defined as the difference between the quantity 

weighted average sell and buy price of transactions per five-minute time interval. Mean 

and median are computed for each five-minute time interval across the whole sample 

period. 
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Figure 8 Effective spread of whole floor trading 

 

 

The data are for S&P 500 futures trading (whole floor trading) from January 1, 2001 to 

December 31, 2001. Effective spread is defined as the difference between the quantity 

weighted average sell and buy price of transactions per five-minute time interval. Mean 

and median are computed for each five-minute time interval across the whole sample 

period. 
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Table I 

Summary Statistics 

This table reports summary statistics for the sample. The sample consists of the trading 

experience of 533 traders at the CBOT’s S&P 500 Futures pit during 2001. Summary 

statistics using raw trader data are reported for all trader days. Trader data is normalized 

by trader for summary statistics of traders with profitable and losing mornings. 

Panel A:  Statistics by Trader-Day  

 Morning Afternoon 

Variable Mean Median St. Dev. Mean Median St. Dev 

All Trader-Days (N=66629)  

Profits  987.07 0.00 98711.89 702.74 0.00 75836.84 

Number of trades 29.68 16.00 41.02    25.65 12.00 36.94 

Average trade 

size 
3.18 2.63 2.64 3.41 2.72 2.92 

Total dollar risk 10128.27 2806.14 20532.40 4533.70 1131.89 9651.46 

Panel B: Jan. 2001 – June 2001 

All Trader-Days (N=32992) 

Profits  1062.89 50.00 114984.84 889.50 -25.00 81240.41 

Number of trades 30.47 16.00 43.91 26.67 13.00 38.46 

Average trade 

size 
3.14 2.58 2.54 3.32 2.67 2.74 

Total dollar risk 10338.72 2664.99 22326.64 4642.77 1149.88 10067.74 
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Panel C: July 2001 – Dec. 2001 

All Trader-Days (N=33637) 

Profits  911.81 0.00 79325.15 517.10 0.00 70053.54 

Number of trades 28.90 16.00 37.97 24.63 12.00 35.35 

Average trade 

size 
3.22 2.67 2.73 3.50 2.80 3.08 

Total dollar risk 9921.86 2932.98 18603.25 4426.10 1113.82 9221.28 

Panel D: Normalized Morning Winners (N=16125) 

Profits  0.55 0.23 1.10 0.02 0.00 1.87 

Number of trades 0.11 -0.16 2.06 0.03 -0.24 1.27 

Average trade 

size 
0.15 -0.12 1.30 0.14 -0.13 1.50 

Total dollar risk 0.25 -0.22 3.34 0.11 -0.29 1.47 

Panel E: Normalized Morning Losers (N=16834) 

Profits  -0.52 -0.22 1.13 -0.01 0.00 1.46 

Number of trades 0.08 -0.22 2.73 -0.02 -0.29 1.26 

Average trade 

size 
0.10 -0.16 1.32 0.16 -0.13 1.37 

Total dollar risk 0.23 -0.25 3.78 0.08 -0.32 1.48 
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Table II 

Summary Statistics of Four Trader Groups 

This table reports summary statistics for the four trader groups. The sample consists of 

the trading experience of 533 traders. Trader data is normalized by trader for summary 

statistics of traders with morning and afternoon. 

Panel A: Statistics by Categories 

 Morning Afternoon 

Variable Mean Median St. Dev. Mean Median St. Dev 

Traders with House Money (N=8055) 

Profits 0.96 0.47 1.43 0.02 0.00 2.24 

Number 

of trades 
0.33 0.04 2.13 0.09 -0.19 1.32 

Average 

trade size 
0.36 0.08 1.38 0.15 -0.12 1.66 

Total 

dollar risk 
0.54 -0.05 4.45 0.16 -0.26 1.60 

Traders with Lock-In (N=8070) 

Profits 0.23 0.11 0.42 0.03 0.00 1.39 

Number 

of trades 
-0.10 -0.36 1.97 -0.03 -0.28 1.21 

Average 

trade size 
-0.07 -0.29 1.17 0.13 -0.15 1.31 

Total -0.04 -0.35 1.52 0.05 -0.33 1.33 
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dollar risk 

Traders with Break Even (N=8064) 

Profits -0.21 -0.10 0.39 0.02 0.00 1.34 

Number 

of trades 
-0.13 -0.40 1.93 -0.03 -0.29 1.24 

Average 

trade size 
-0.10 -0.37 1.12 0.14 -0.16 1.36 

Total 

dollar risk 
-0.01 -0.49 3.87 0.07 -0.32 1.53 

Traders with Loss Aversion (N=8770) 

Profits -0.82 -0.43 1.47 -0.05 -0.01 1.56 

Number 

of trades 
0.27 -0.06 3.29 0.03 -0.25 1.26 

Average 

trade size 
0.30 0.00 1.45 0.17 -0.11 1.36 

Total 

dollar risk 
0.45 -0.12 3.70 0.12 -0.28 1.45 
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Table III 

Morning Profits and Afternoon Risk-Taking 

 

This table reports the results of a number of different regressions relating morning profits 

to afternoon risk-taking by locals. All regressions have the basic form, 

RISKA
i,t = α + βππ

M
i,t + βI |INVM|i,t + βπIπ

M
i,t ·|INVM|i,t + βRRISKM

i,t + εi,t . 

The t-statistics are in parentheses. Risk is measured in three different ways, as the number 

of afternoon trades, the average size of afternoon trades and the total dollar risk. The 

sample contains 32959 trader-days during the second half of 2001. 

* significant at 0.01 level. ** significant at 0.05 level. *** significant at 0.10 level. 

 

Morning Profits and Afternoon risks   

Method α βπ βI βπI βR 

Dependent Variable: Afternoon number of Trades 

Pooled OLS 
-0.01732 

(-2.32)* 

0.02238 

(2.67)* 

0.11378 

(20.14)* 

0.000091 

 (0.82) 

0.09843 

(32.82)* 

FM by Trader 
0.0135 

(0.34) 

-0.01576 

(-1.00) 

-0.0380 

(-0.98) 

-0.0898 

(-0.98) 

0.2642 

(7.73)* 

FM by Date 
-0.0263 

(-1.11) 

0.0347 

(1.16) 

0.0426 

(3.76)* 

-0.0188 

(-0.79) 

0.2580 

(14.53)* 

PCSE 
-0.00638 

(-0.33) 

0.01998 

(1.28) 

0.06746 

(5.48)* 

0.001424 

(0.45) 

0.069287 

(5.42)* 
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Dependent Variable: Afternoon Average Trade sizes 

Pooled OLS 
0.13415  

(15.32)* 

0.000781  

(0.80) 

0.03883  

(5.50)* 

-0.00249 

 (-1.92)** 

0.06855 

 (8.78)* 

FM by Trader 
0.0748 

(2.09)* 

1.2444 

(1.01) 

-0.0502 

(-0.82) 

0.9399 

(0.78) 

0.0536 

(1.12) 

FM by Date 
0.1391 

(5.37)* 

-0.0081 

(-0.34) 

0.0365 

(3.99)* 

-0.0108 

(-0.92) 

0.0778 

(8.58)* 

PCSE 
0.13914 

(8.07)* 

0.004719 

(0.44) 

0.026182 

(3.23) 

-0.002406 

(-1.39) 

0.0404 

(4.77)* 

Dependent Variable: Total Dollar Risk 

Pooled OLS 
0.07881 

(8.77)* 

0.01285 

(1.28) 

0.14750 

 (21.59)* 

0.00013  

(0.91) 

0.01681  

(6.25)* 

FM by Trader 
0.0890 

(2.58)* 

-0.1082 

(-0.84) 

0.0603 

(1.65)*** 

-0.1165 

(-1.02) 

0.0143 

(0.27) 

FM by Date 
0.0494 

(1.98)** 

-0.0028 

(-0.06) 

0.1106 

(7.13)* 

0.0074 

(0.36) 

0.0855 

(5.69)* 

PCSE 
0.08924 

(4.24)* 

0.011982 

(0.48) 

0.074600 

(6.21)* 

0.001128 

(0.33) 

0.012064 

(1.99)* 
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Table IV 

House Money Traders and Afternoon Risk-Taking 

 

This table reports the results of a number of different regressions relating morning profits 

to afternoon risk-taking by house money traders. All regressions have the basic form, 

RISKA
i,t = α + βππ

M
i,t + βI |INVM|i,t + βπIπ

M
i,t ·|INVM|i,t + βRRISKM

i,t + εi,t . 

The t-statistics are in parentheses. Risk is measured in three different ways, as the number 

of afternoon trades, the average size of afternoon trades and the total dollar risk. The 

sample contains 8055 trader-days during the second half of 2001. 

* significant at 0.01 level. ** significant at 0.05 level. *** significant at 0.10 level. 

 

Morning profits and Afternoon risks among House Money Traders  

Method α βπ βI βπI βR 

Dependent Variable: Afternoon number of Trades 

Pooled OLS 
-0.04127 

(-2.15)* 

0.05429 

(3.27)* 

0.03494 

(4.18)* 

0.00172 

 (1.06) 

0.14266 

(20.45)* 

FM by Trader 
0.15000 

(0.87) 

0.02780 

(0.04) 

1.70256 

(0.88) 

-2.42753 

(-0.88) 

0.21112 

(3.09)* 

FM by Date 
-0.0328 

(-0.58) 

0.1830 

(1.11) 

-0.0321 

(-0.79) 

-0.0785 

(-0.90) 

0.2820 

(6.38)* 

PCSE 
0.04671 

(1.64)*** 

-0.02315 

(-0.63) 

0.06521 

(2.58)* 

0.002654 

(0.55) 

0.076861 

(2.14)* 

Dependent Variable: Afternoon Average Trade sizes 
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Pooled OLS 
0.08783 

(3.47)* 

0.05256  

(2.39)* 

-0.00122  

(-0.07) 

-0.00230 

 (-1.07) 

0.06872 

 (3.75)* 

FM by Trader 
0.2768 

(0.92) 

-0.8176 

(-0.63) 

-2.8084 

(-1.32) 

7.9716 

(0.99) 

0.5412 

(1.22) 

FM by Date 
0.0092 

(0.14) 

0.2856 

(1.70)** 

0.0562 

(0.83) 

-0.1529 

(-1.14) 

0.0639 

(1.55) 

PCSE 
0.117537 

(4.44)* 

0.032723 

(1.60) 

0.001383 

(0.08) 

-0.001536 

(-0.85) 

0.025906 

(1.34) 

Dependent Variable: Total Dollar Risk 

Pooled OLS 
-0.0005 

(0.00) 

0.13887 

(6.72)* 

0.08769 

(5.29)* 

-0.00293 

(-1.44) 

0.01011 

(1.80)** 

FM by Trader 
0.2480 

(1.98)* 

0.1849 

(0.38) 

0.3554 

(0.44) 

1.2116 

(0.69) 

0.0626 

(1.19) 

FM by Date 
-0.0894 

(-1.84)** 

0.4063 

(2.37)* 

0.0163 

(0.47) 

0.0213 

(0.22) 

0.0660 

(2.73)* 

PCSE 
0.12628 

(2.88)* 

-0.011774 

(-0.20) 

0.088617 

(2.84)* 

0.001757 

(0.35) 

0.002451 

(0.19) 
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Table V 

Lock-In traders and Afternoon Risk-Taking 

 

This table reports the results of a number of different regressions relating morning profits 

to afternoon risk-taking by Lock-In traders. All regressions have the basic form, 

RISKA
i,t = α + βππ

M
i,t + βI |INVM|i,t + βπIπ

M
i,t ·|INVM|i,t + βRRISKM

i,t + εi,t . 

The t-statistics are in parentheses. Risk is measured in three different ways, as the number 

of afternoon trades, the average size of afternoon trades and the total dollar risk. The 

sample contains 8070 trader-days during the second half of 2001. 

* significant at 0.01 level. ** significant at 0.05 level. *** significant at 0.10 level. 

 

Morning profits and Afternoon risks among Lock-In traders  

Method α βπ βI βπI βR 

Dependent Variable: Afternoon number of Trades 

Pooled OLS 
-0.02074 

(-1.17) 

0.05213 

(1.18) 

0.09653 

(5.72)* 

0.00070 

 (0.09) 

0.17088 

(18.79)* 

FM by Trader 
0.4633 

(1.42) 

-9.6175 

(-1.00) 

0.8815 

(1.46) 

-8.1829 

(-0.97) 

0.2492 

(6.03)* 

FM by Date 
-0.0427 

(-0.48) 

4.4505 

(1.01) 

0.2607 

(0.88) 

5.5411 

(0.85) 

0.0975 

(0.56) 

PCSE 
0.0018 

(0.55) 

-0.0801 

(-0.76) 

0.0606 

(1.24) 

0.0028 

(0.06) 

0.1364 

(6.11)* 
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Dependent Variable: Afternoon Average Trade sizes 

Pooled OLS 

0.08083 

(4.07)* 

 

0.23218 

(4.75)* 

 

0.01496  

(0.77) 

 

-0.01274 

 (-1.44) 

 

0.08012 

 (5.55)* 

 

FM by Trader 
0.6810 

(0.60) 

-3.9530 

(-1.00) 

0.7256 

(0.64) 

-3.5667 

(-1.03) 

0.0045 

(0.07) 

FM by Date 
0.1442 

(1.69)** 

1.7345 

(.123) 

0.0131 

(0.07) 

7.7382 

(1.01) 

0.0805 

(3.49)* 

PCSE 
0.0799 

(3.61)* 

0.2137 

(3.73)* 

-0.0079 

(-0.32) 

-0.0123 

(-0.77) 

0.0538 

(3.14)* 

Dependent Variable: Total Dollar Risk 

Pooled OLS 
-0.03967 

(-1.99)* 

0.44388 

(8.92)* 

0.05266 

 (2.77)* 

-0.01393 

(-1.59) 

0.11023  

(7.49)* 

FM by Trader 
0.6241 

(1.32) 

-3.7014 

(-1.05) 

1.7570 

(1.30) 

-3.2861 

(-1.06) 

0.0291 

(0.24) 

FM by Date 
-0.1378 

(-0.83) 

3.4901 

(1.03) 

-0.4952 

(-0.81) 

15.1971 

(0.98) 

0.2703 

(2.06)* 

PCSE 
0.0056 

(0.15) 

0.2169 

(1.63) 

0.0123 

(0.28) 

-0.0145 

(-0.35) 

0.09408 

(6.10)* 
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Table VI 

Break-Even Traders and Afternoon Risk-Taking 

 

This table reports the results of a number of different regressions relating morning profits 

to afternoon risk-taking by Break-Even Traders. All regressions have the basic form, 

RISKA
i,t = α + βππ

M
i,t + βI |INVM|i,t + βπIπ

M
i,t ·|INVM|i,t + βRRISKM

i,t + εi,t . 

The t-statistics are in parentheses. Risk is measured in three different ways, as the number 

of afternoon trades, the average size of afternoon trades and the total dollar risk. The 

sample contains 8064 trader-days during the second half of 2001. 

* significant at 0.01 level.  ** significant at 0.05 level. *** significant at 0.10 level. 

 

Morning profits and Afternoon risks among Break-Even traders  

Method α βπ βI βπI βR 

Dependent Variable: Afternoon number of Trades 

Pooled OLS 
-0.02670 

(-1.47) 

-0.07555 

(-1.64)* 

0.07237 

(4.27)* 

-0.00593 

(-0.78) 

0.11980 

(15.72)* 

FM by Trader 
0.0397 

(0.11) 

4.2783 

(0.56) 

-0.1628 

(-0.18) 

-7.1275 

(-0.78) 

0.1615 

(5.31)* 

FM by Date 
-0.1129 

(-1.80)** 

-2.7470 

(-1.21) 

-0.0272 

(-0.43) 

-4.4358 

(-1.02) 

0.2396 

(6.31)* 

PCSE 
-0.00476 

(-0.13) 

0.08605 

(0.58) 

0.02961 

(0.88) 

-0.0200 

(-0.94) 

0.0873 

(2.77)* 

Dependent Variable: Afternoon Average Trade sizes 
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Pooled OLS 
0.15699 

(7.68)* 

0.01034 

(0.20) 

0.04437 

(2.30)* 

-0.00186 

(-0.22) 

0.06928 

(4.39)* 

FM by Trader 
-0.6250 

(-0.60) 

-6.1258 

(-0.54) 

-2.2972 

(-0.85) 

-26.761 

(-0.94) 

0.1959 

(5.27)* 

FM by Date 
0.2724 

(2.45)* 

3.8215 

(1.09) 

0.1775 

(1.22) 

5.9440 

(1.07) 

0.0699 

     (2.16)* 

PCSE 
0.16666 

(6.07)* 

0.0856 

(0.96) 

0.02200 

(0.93) 

-0.00120 

(-0.09) 

0.0470 

(2.73)* 

Dependent Variable: Total Dollar Risk 

Pooled OLS 
0.03709 

(1.63) 

-0.30117 

(-5.21)* 

0.12908 

(6.19)* 

0.01198 

(1.25) 

0.00639 

(1.42) 

FM by Trader 
0.3016 

(0.85) 

5.6308 

(1.12) 

0.0386 

(0.05) 

-4.3763 

(-0.49) 

0.0811 

(0.94) 

FM by Date 
0.0851 

(1.58) 

-0.0226 

(-0.09) 

0.1438 

(3.22)* 

0.0905 

(0.18) 

0.1678 

(3.52)* 

PCSE 
0.10947 

(2.82)* 

0.11740 

(0.78) 

0.05670 

(1.79)*** 

-0.00234 

(-0.10) 

0.00847 

(1.76)*** 
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Table VII 

Loss Aversion traders and Afternoon Risk-Taking 

 

This table reports the results of a number of different regressions relating morning profits 

to afternoon risk-taking by Loss Aversion traders. All regressions have the basic form, 

RISKA
i,t = α + βππ

M
i,t + βI |INVM|i,t + βπIπ

M
i,t ·|INVM|i,t + βRRISKM

i,t + εi,t . 

The t-statistics are in parentheses. Risk is measured in three different ways, as the number 

of afternoon trades, the average size of afternoon trades and the total dollar risk. The 

sample contains 8770 trader-days during the second half of 2001. 

* significant at 0.01 level. ** significant at 0.05 level.  *** significant at 0.10 level. 

 

Morning profits and Afternoon risks among Loss Aversion Traders  

Method α βπ βI βπI βR 

Dependent Variable: Afternoon number of Trades 

Pooled OLS 
-0.05228 

(-2.83)* 

-0.01135 

(-0.68) 

0.13507 

(11.06)* 

0.00341 

(1.58) 

0.06046 

(14.71) 

FM by Trader 
0.1078 

(0.66) 

5.6496 

(3.15)* 

-0.1650 

(-0.56) 

3.9376 

(1.48) 

0.2956 

(2.59)* 

FM by Date 
0.0439 

(0.80) 

0.0842 

(0.53) 

0.0284 

(0.48) 

0.0072 

(0.03) 

0.3588 

(9.16)* 

PCSE 
0.01978 

(0.59) 

0.04173 

(0.43) 

-0.01531 

(-0.68) 

0.0013 

(0.04) 

0.1981 

(5.72)* 

Dependent Variable: Afternoon Average Trade sizes 
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Pooled OLS 
0.12044 

(5.89)* 

-0.01893 

(-1.02) 

0.04591 

(3.17)* 

-0.00151 

(-0.62) 

0.05185 

(3.60)* 

FM by Trader 
-0.6256 

(-0.57) 

4.9316 

(1.01) 

-1.1133 

(-0.57) 

1.15956 

(0.56) 

0.0184 

(0.30) 

FM by Date 
0.0750 

(1.55) 

-1.9642 

(-1.22) 

-0.1149 

(-1.65) 

-0.5425 

(-0.11) 

0.0077 

(0.08) 

PCSE 
0.1558 

(7.29)* 

0.0077 

(0.18) 

0.01863 

(1.11) 

0.0008 

(0.49) 

0.0568 

(3.65)* 

Dependent Variable: Total Dollar Risk 

Pooled OLS 
-0.02174 

(-1.01) 

-0.13465 

(-6.86)* 

0.09671 

(6.81) 

0.00477 

(1.90)** 

0.00641 

(1.32) 

FM by Trader 
0.2745 

(0.66) 

1.8393 

(0.62) 

0.2243 

(0.36) 

-1.4487 

(-0.34) 

0.0176 

(0.11) 

FM by Date 
0.0719 

(1.50) 

-0.2687 

(-1.76)** 

0.1550 

(3.34) 

0.2078 

(1.01) 

0.1276 

(4.24)* 

PCSE 
0.10121 

(2.89)* 

-0.01815 

(-0.18) 

0.0328 

(1.22) 

0.0039 

(1.13) 

0.0023 

(1.51) 
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Table VIII 

A System of Equations and Risk Taking Behavior  

 

This table reports the results of a number of different regressions relating morning profits 

to afternoon risk-taking by locals. All regressions have the basic form, 

RISKA
i,t = α + βπ��� + βπ2���·Group2 + βπ3���·Group3 + 

βπ4���·Group4 + βI |INVM
|i,t + βπI���·|INVM

|i,t + βRRISKM
i,t + εi,t, 

The t-statistics are in parentheses. Risk is measured in three different ways, as the number 

of afternoon trades, the average size of afternoon trades and the total dollar risk. The 

sample contains 32959 trader-days during the second half of 2001. 

* significant at 0.01 level. ** significant at 0.05 level.  *** significant at 0.10 level. 

Morning Profits and Afternoon Risks 

Method α βπ βπ2 βπ3 βπ4 βI βπI βR 

Dependent Variable: Afternoon number of Trades 

Pooled 

OLS 

-0.0233 

(-2.69)* 

0.0267 

(2.23)* 

0.0531 

(1.58) 

-0.1106 

(-2.97)* 

-0.1105 

(-4.36)* 

0.0552 

(7.68)* 

0.0046 

(4.43)* 

0.1602 

(38.54)* 

FM by 

Trader 

-0.0492 

(-0.47) 

1.6842 

(1.28) 

-0.0252 

(-0.26) 

-5.0646 

(-0.71) 

1.4081 

(1.42) 

1.6842 

(1.28) 

-0.0995 

(-0.65) 

0.2184 

(6.67)* 

FM by 

Date 

-0.0415 

(-1.45) 

0.1225 

(1.39) 

0.3629 

(1.09) 

-0.4136 

(-1.64) 

-0.3078 

(-1.52) 

0.0069 

(0.44) 

-0.0171 

(-0.35) 

0.2754 

(18.24)* 

PCSE 
0.0184 

(0.82) 

-0.0065 

(-0.25) 

-0.0761 

(-0.82) 

0.1311 

(1.16) 

-0.0286 

(-0.42) 

0.0476 

(2.72) 

0.0032 

(1.17) 

0.1012 

(5.83) 
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Dependent Variable: Afternoon Average Trade Sizes 

Pooled 

OLS 

0.1207 

(11.85)* 

0.0175 

(1.24) 

0.1413 

(3.59)* 

-0.0672 

(-1.54) 

-0.0566 

(-1.91)** 

0.0133 

(1.54) 

0.0002 

(0.20) 

0.0077 

(7.62)* 

FM by 

Trader 

0.1019 

(0.22) 

-2.0214 

(-0.60) 

3.1288 

(0.85) 

3.0855 

(0.78) 

3.1986 

(0.81) 

-0.0491 

(-0.05) 

1.9063 

(1.39) 

0.3185 

(1.62) 

FM by 

Date 

0.1142 

(3.78)* 

0.0538 

(0.48) 

0.0759 

(0.37) 

-0.5349 

(-1.57) 

-0.2673 

(-1.34) 

0.0031 

(0.21) 

-0.0491 

(-0.95) 

0.0908 

(6.42)* 

PCSE 
0.1285 

(7.02)* 

0.0093 

(0.53) 

0.0927 

(1.92)** 

0.0175 

(0.30) 

-0.0219 

(-0.59) 

0.0001 

(0.01) 

0.0003 

(0.18) 

0.0445 

(4.54)* 

Dependent Variable: Total Dollar Risk 

Pooled 

OLS 

0.0247 

(2.38)* 

0.0841 

(5.88)* 

0.2945 

(7.35)* 

-0.3913 

(-8.81)* 

-0.2884 

(-9.47)* 

0.0905 

(10.59)* 

0.0048 

(3.90)* 

0.01473 

(4.90)* 

FM by 

Trader 

0.1807 

(1.42) 

-6.7021 

(-1.08) 

8.0144 

(1.14) 

4.0513 

(0.45) 

8.6225 

(1.17) 

0.3441 

(2.52)* 

2.3001 

(0.96) 

-0.1287 

(-0.76) 

FM by 

Date 

-0.0168 

(-0.53) 

0.2478 

(2.90)* 

0.3228 

(1.85)** 

-0.5675 

(-3.09)* 

-0.2684 

(-1.37) 

0.0542 

(2.23)* 

-0.0261 

(-0.72) 

0.1077 

(6.61)* 

PCSE 
0.1016 

(3.49)* 

0.0069 

(0.15) 

-0.1146 

(-0.79) 

0.0399 

(0.31) 

-0.0392 

(-0.41) 

0.0595 

(2.74)* 

0.0036 

(1.11) 

0.0108 

(1.34) 
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Table IX 

Daily Profits and Daily Risk Taking  

 

This table reports the results of a number of different regressions relating daily profits to 

daily risk-taking by locals. All regressions have the basic form, 

RISKi,t = α + βππi,t-1 + βI |INV|i,t + βπIπi,t ·|INV|i,t + βRRISKi,t-1 + εi,t . 

The t-statistics are in parentheses. Risk is measured in three different ways, as the number 

of afternoon trades, the average size of afternoon trades and the total dollar risk. The 

sample contains 21906 trader-days during the second half of 2001. 

* significant at 0.01 level. ** significant at 0.05 level.  *** significant at 0.10 level. 

 

Daily Profits and Daily risks   

Method α βπ βI βπI βR 

Dependent Variable: Afternoon number of Trades 

Pooled OLS 
0.01964 

(1.07) 

-0.00663 

(-0.75) 

0.40161 

(44.36)* 

-0.00192 

(-2.59)* 

0.48301 

(76.89) 

FM by Trader 
0.19097 

(1.97)* 

0.04056 

(0.78) 

0.53409 

(13.17)* 

-0.05634 

(-0.61) 

0.07674 

(4.99)* 

FM by Date 
0.0452 

(0.12) 

-0.00374 

(-0.08) 

0.4252 

(25.52)* 

-0.00051 

(-0.46) 

0.44287 

(9.10)* 

PCSE 
0.09531 

(5.17)* 

-0.03141 

(-0.74) 

0.4051 

(32.84)* 

-0.0022 

(-1.51) 

0.13296 

(1.74)** 

Dependent Variable: Afternoon Average Trade sizes 
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Pooled OLS 
0.16618 

(13.76)* 

0.00664 

(0.2480) 

0.39545 

(67.68)* 

-0.00226 

(-4.68)* 

0.09717 

(15.73)* 

FM by Trader 
-0.17966 

(-0.45) 

1.76345 

(1.11) 

0.28991 

(1.85)* 

-0.02434 

(-1.04) 

-0.17563 

(-0.96) 

FM by Date 
0.23554 

(5.20)* 

0.04609 

(1.36) 

0.47000 

(14.40)* 

0.00254 

(0.24) 

0.09637 

(5.58)* 

PCSE 
0.18682 

(7.92)* 

-0.00232 

(-0.30) 

0.39663 

(53.59)* 

-0.0029 

(-3.89)* 

0.0263 

(1.50) 

Dependent Variable: Total Dollar Risk 

Pooled OLS 
0.13184 

(7.07)* 

-0.04197 

(-4.70)* 

0.60289 

(66.05) 

-0.00085 

(-1.13) 

0.23621 

(47.60)* 

FM by Trader 
0.33531 

(2.01)* 

-0.12376 

(-1.32) 

0.6073 

(12.773)* 

-0.02663 

(-0.41) 

0.03136 

(2.39)* 

FM by Date 
0.15015 

(5.17)* 

-0.00056 

(-0.02) 

0.57439 

(29.75)* 

-0.04687 

(-2.31)* 

0.20765 

(5.58)* 

PCSE 
0.2538 

(7.52)* 

-0.04546 

(-2.67)* 

0.5620 

(35.79)* 

-0.00134 

(-0.69) 

-0.08674 

(-0.95) 
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Table X 

Trading Experiences and Risks 

 

This table reports summary statistics for the rookie traders and the experienced traders.  

The sample consists of the trading experience of 533 traders at the CBOT’s S&P 500 

Futures pit during 2001. The raw data are used in this analysis.  

 

Panel A:  The Rookie Traders (N= 32 Traders) 

 Morning Afternoon 

Variable Mean Median St. Dev. Mean Median St. Dev 

Jan. 2001 – June 2001 (N=288) 

Profits -1070.14 -250.00 18739.07 390.07 50.00 30777.00 

Number of trades 7.84 4.00 16.68 12.29 4.00 22.57 

Average trade size 1.99 1.33 1.66 2.33 1.6 1.95 

Total dollar risk 877.83 205.93 3872.56 960.91 211.83 3235.50 

July. 2001 – Dec 2001 (N=861) 

Profits -360.09 -175.00 26130.47 872.15 50.00 29345.07 

Number of trades 14.47 5.00 29.02 14.73 6.00 24.54 

Average trade size 2.51 2.00 2.08 14.73 2.00 2.35 

Total dollar risk 3266.92 441.28 10651.46 2.77 341.74 5373.78 

Panel B:  The Experienced Traders (N=501 Traders) 

 Morning Afternoon 

Variable Mean Median St. Dev. Mean Median St. Dev 



79 

 

Jan. 2001 – June 2001 (N=32704) 

Profits 1044.79 50.00 115493.65 969.83 -50.00 84078.67 

Number of trades 30.75 16.00 44.07 27.88 14.00 39.40 

Average trade size 3.16 2.60 2.55 3.33 2.68 2.59 

Total dollar risk 10453.64 2750.05 22435.38 4860.43 1247.24 10332.14 

July. 2001 – Dec 2001 (N=32776) 

Profits 928.15 0.00 80560.77 447.17 -50.00 72857.32 

Number of trades 29.45 16.00 38.22 25.87 13 35.87 

Average trade size 3.24 2.67 2.74 3.52 2.86 2.81 

Total dollar risk 10167.59 3082.58 18795.00 4652.48 1234.76 9266.42 
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Table XI 

Trading Experience and Risk Taking Behavior 

 

This table reports the results of a number of different regressions relating morning profits 

to afternoon risk-taking by locals. All regressions have the basic form, 

RISKA
i,t = α + βπ��� + βπ1���·Exp1+ + βI |INVM

|i,t + βπI���·|INVM
|i,t + βRRISKM

i,t + εi,t, 

The t-statistics are in parentheses. Risk is measured in three different ways, as the number 

of afternoon trades, the average size of afternoon trades and the total dollar risk. The 

sample contains 32959 trader-days during the second half of 2001. 

* significant at 0.01 level. ** significant at 0.05 level. *** significant at 0.10 level. 

Morning Profits and Afternoon Risks 

Method α βπ βπ1 βI βπI βR 

Dependent Variable: Afternoon number of Trades 

Pooled 

OLS 

-0.00173 

(-2.32)* 

-0.01421 

(-0.32) 

0.0375 

(0.84) 

0.11378 

(20.14)* 

0.0009 

(0.79) 

0.09839 

(32.80)* 

FM by 

Trader 

0.0135 

(0.35) 

-0.01938 

(-1.08) 

-0.13817 

(-0.90) 

-0.03799 

(-0.78) 

-0.0898 

(-0.96) 

0.26423 

(7.49)* 

FM by 

Date 

-0.0271 

(-1.15) 

0.0261 

(0.14) 

0.0115 

(0.06) 

0.0427 

(3.84) 

-0.0192 

(-0.82) 

0.2593 

(14.60)* 

PCSE 
-0.0064 

(-0.33) 

-0.0329 

(-0.57) 

0.0541 

(0.95) 

0.0675 

(5.49)* 

0.0014 

(0.44) 

0.0692 

(5.42)* 

Dependent Variable: Afternoon Average Trade Sizes 
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Pooled 

OLS 

0.13414 

(15.32)* 

-0.01103 

(-0.21) 

0.01930 

(0.37) 

0.03881 

(5.49) 

-0.00250 

(-1.93)***  

0.00686 

(8.79)* 

FM by 

Trader 

0.0748 

(2.09)** 

0.0510 

(0.86) 

1.1934 

(0.97) 

-0.0502 

(-0.82) 

0.9399 

(0.79) 

0.0536 

(1.12) 

FM by 

Date 

0.1395 

(5.39)* 

-0.2078 

(-1.03) 

0.1996 

(0.96) 

0.0362 

(4.03)* 

-0.0101 

(-0.86) 

0.0779 

(8.48)* 

PCSE 
0.1394 

(8.07)* 

-0.01782 

(-0.44) 

0.0231 

(0.58) 

0.0262 

(3.23)* 

-0.0024 

(-1.40) 

0.0405 

(4.77)* 

Dependent Variable: Total Dollar Risk 

Pooled 

OLS 

0.07880 

(8.77)* 

0.03299 

(0.61) 

-0.02061 

(-0.38) 

0.14743 

(21.57)* 

0.0002 

(0.11) 

0.01693 

(6.25)* 

FM by 

Trader 

0.0890 

(2.58)* 

-0.0796 

(-1.01) 

-0.0286 

(-0.30) 

0.0603 

(1.65)*** 

-0.1165 

(-1.02) 

0.0143 

(0.27) 

FM by 

Date 

0.0488 

(1.96)*** 

-0.0348 

(-0.19) 

0.0376 

(0.20) 

0.1093 

(7.09)* 

0.0080 

(0.39) 

0.0870 

(5.83)* 

PCSE 
0.08925 

(4.25) 

-0.0199 

(-0.31) 

0.03264 

(0.49) 

0.0747 

(6.22)* 

0.0011 

(0.32) 

0.0119 

(1.97)** 

 

 

 

 

 


