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Abstract

This paper documents strong evidence of behavioral biases among Chicago Board of
Trade proprietary traders and investigates the effect these biases have on prices. Our
traders appear highly loss-averse. Traders who experience morning losses are about 16
percent more likely to assume above-average afternoon risk than traders with morning
gains. This behavior has important short-term consequences for afternoon prices, as
losing traders are prepared to purchase contracts at higher prices and sell contracts at
lower prices than those that prevailed previously. However, during the ten minutes that
follow these trades, prices revert strongly to their earlier levels. Consistent with these
findings, short-term afternoon price volatility is positively related to the prevalence of
morning losses among locals, but overall afternoon price volatility is not.
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A number of recent papers in the finance literature have proposed behavioral theories to

account for asset pricing anomalies.1 To provide support for their models’ assumptions

about investor behavior, these papers draw heavily from the experimental psychology lit-

erature, where evidence of cognitive biases is abundant. On the one hand, behavioralists

contend that this evidence has been important in prompting researchers to consider het-

erodox explanations of market anomalies. On the other hand, skeptics argue that there

exists so much of such evidence that behavioralists can “psycho-mine” the experimental

psychology literature to find support for the particular set of assumptions that allow their

models to match otherwise anomalous data. Contributing to the skeptics’ argument, many

of the behavioral theories rely on biases that are quite different from each other and often

produce opposite conclusions about investor behavior. Not surprisingly, strong demand has

emerged for empirical work that identifies which of the biases, if any, influence investor

decisions. Even stronger is the demand to determine whether behavioral biases have any

effect on prices. This paper supplies evidence on both of these issues.

Empirical tests of behavioral models face a number of challenges. First, the models

cannot be easily tested with aggregate data. As noted by Campbell (2000), “[Behavioral

models] cannot be tested using aggregate consumption or the market portfolio because

rational utility-maximizing investors neither consumer aggregate consumption (some is ac-

counted for by nonstandard investors) nor hold the market portfolio (instead they shift in

and out of the stock market).” As a result, testing behavioral models is quite difficult with-

out detailed information on the trading behavior of market participants. Unfortunately,

given the issues of confidentiality associated with such data, its availability is generally

quite low. An additional difficulty is that an investor’s horizon, while highly ambiguous

in most empirical settings, represents a key dimension to behavioral models. For instance,

when fund managers are averse to losses, it is not clear whether their aversion relates to

returns at the monthly, quarterly, or annual horizons, or even whether they view losses on

positions taken recently as equivalent to losses on positions entered into years ago. Finally,

to demonstrate that behavioral biases are important, empirical tests must be positioned to

identify a link between biases in individual trader behavior and overall prices.2

1Examples include theories of overconfidence (Barberis et al.(1998), Daniel et al. (1998), and Odean
(1998)) and loss aversion (Benartzi and Thaler (1995), Shumway (1998) and Barberis and Huang (2000)).

2Odean (1998), who studies transaction data of clients of a large discount brokerage and uncovers strong
evidence of overconfidence, offers an important start in this direction. The empirical challenge is to identify
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In this paper, we conduct a series of tests to determine the importance of behavioral

biases in the price-setting process. Our tests focus on the trading behavior of market

makers in the Treasury Bond futures contract at the Chicago Board of Trade (CBOT).

This environment offers a number of advantages in assessing behavioral biases and any

consequences they might have for prices. First, because we begin with every transaction

made by the market makers in the T-Bond pit over a one-year period (over five million

transactions), we have significant power to detect biases in trading behavior. Second, our

traders are full-time proprietary traders, who are not trading to satisfy hedging needs,

and whose livelihood depends entirely on their ability to trade effectively. To the extent

that behavioral biases impair this ability, we can expect their trading behavior to provide

a lower bound on the importance of behavioral biases for market participants in general.

Also, because our traders are market makers, and do not trade through brokers or other

intermediaries, they are far more proximate to the price-setting process. As a result, relative

to other market participants, any impact their trading biases have on prices is likely to be

more pronounced and therefore easier to detect.

The final, and perhaps most important, benefit of our focus on CBOT market makers

is that the relevant horizon is quite clear. While in most settings the horizon over which

investor performance is evaluated is ambiguous, CBOT market makers have clear incen-

tives and mechanisms encouraging them to evaluate their performance on a daily basis.

The traders receive and review statements at the end of each trading day detailing their

performance during the day. Additionally, because most trades are unwound by the end

of the day, and traders seldom retain significant positions overnight, all profits or losses

during a day can be attributed to trades executed that particular day. Moreover, since the

market makers’ focus is on reading the order flow, which conveys highly short-lived signals

regarding future trading activity, they carry little informational advantage from one day

to the next. As a result, the statement CBOT market makers receive at the close of the

trading day can be viewed as the perfect report card on their day at work.

Our study tests the null hypothesis of standard, rational investor behavior against a

number of popular, though potentially competing, alternative behavioral hypotheses, in-

cluding overconfidence, the house money effect, and loss-aversion. Specifically, we argue

evidence that their overconfident behavior impacts prices.
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that if traders overconfidently interpret realized profits as signals of their ability (a condi-

tional version of overconfidence termed “self-attribution bias”), or if traders are more willing

to assume risk when gambling with the “house’s money,” they will take greater risks as their

profits grow.3 Conversely, if traders are averse to losses incurred at the daily horizon, this

will lead to the opposite result: traders will take fewer risks as they become profitable.

Thus, our setting allows us to study self-attribution bias and the house money effect on the

one hand, and loss-aversion on the other, in an environment in which they yield opposite

predictions regarding the relationship between realized profits and subsequent risk-taking.

To examine this relationship, we simply split the trading day into two periods and test

whether traders with profitable mornings increase or reduce their afternoon risk-taking.

We find strong evidence that CBOT traders are highly loss-averse: they are far more likely

to take on additional afternoon risk following morning losses than morning gains. In our

sample, a trader with morning losses has a 31.3 percent chance of taking above-average risk

in the afternoon, compared to a trader who earns a profit in the morning who has only a

26.9 percent chance. Thus, a losing trader is 16 percent more likely to take above-average

afternoon risk than a winning trader. This result shows up robustly across most of our tests,

including pooled OLS regressions, panel regressions, and Fama-MacBeth style averages of

trader-by-trader (time series) or day-by-day (cross-sectional) regression coefficients. The

result is also robust to employing alternate measures of risk: losing traders are 28.6 percent

more likely to place an above-average number of afternoon trades and are 9.5 percent more

likely to trade at above-average sizes.

Next, to see whether the traders’ loss aversion has an impact on prices, we examine

whether our traders are more likely to move afternoon prices following morning losses.

Specifically, we identify traders as “marginal” or “price-setting” if they purchase at a higher

price or sell at a lower price than prevailed previously. For instance, if the previous trade

took place at 25, we identify a given market maker as the marginal trader if he purchases

at 26 or if he sells at 24. Our results clearly demonstrate that traders are more likely to

place such price-moving trades following morning losses. A trader who loses money in the

morning is around 15 percent more likely to execute such a trade than a trader who makes

3Several papers, including Langer and Roth (1975), document that people take credit for past success
and attribute past failure to bad luck. Thaler and Johnson (1990) demonstrate that individual willingness
to take risk increases following recent successful outcomes.
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money in the morning. Overall, while traders lose money 32.9% of the time, losing traders

account for 38% of all afternoon price-setting trades placed by market makers.

To gauge the quality of prices set by traders with morning losses and to assess how

permanently they move prices, we monitor the average price change that follows a price-

setting trade. If the marginal prices set by losing traders persist for a significant period of

time, their loss-averse behavior may have permanent consequences for prices. In addition, if

the prices do persist, it suggests that such trading is not so costly to the loss-averse traders

— i.e. that they are able to “create their own space.”4 If, on the other hand, prices reverse

strongly to previous levels, this raises doubts about the potential importance of loss aversion

in influencing prices over the longer term. Moreover, the magnitude of the reversal in prices

set by losing traders offers a measure of the costs associated with their loss-averse behavior.

Our results indicate significant reversals in prices set by loss-averse traders. During the

ten minutes following a price-setting trade, prices reverse 16.4 percent more if the trader

experienced morning losses than if he experienced gains. This suggests that the price-setting

trades of locals with morning losses have far less permanent an influence than the average

price-setting local trade. This finding is highly supportive of arguments made by Friedman

(1953) and Fama (1965) against the importance of noise traders in the price formation

process.

Our final set of results examine whether prices exhibit greater volatility on afternoons

that follow mornings when trader losses are widespread. This inquiry is closely related to

the work of Shiller (1981, 1989), who attributes excess volatility in asset prices to patterns

in human behavior. Consistent with the above results, our evidence suggests that loss

aversion helps account for the short-term volatility of afternoon prices but cannot account

for volatility measured over longer horizons. Following mornings during which overall losses

are one-standard deviation larger than usual, expected afternoon volatility measured at the

one-second frequency increases by 12 percent. As volatility is measured over longer periods,

however, the effect of morning losses disappears. For instance, at the ten-minute horizon,

the increase in expected volatility drops to 7 percent. However, our volatility results are

not entirely conclusive, since we do not have a sufficiently long time series to explore the

volatility hypothesis with much power.

4This relates to studies investigating the long-run survival of noise traders, such as De Long et al. (1990),
who demonstrate that noise traders can create risk which is priced and prosper in assuming this risk.
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The paper proceeds as follows. In Section I, we discuss a variety of behavioral biases

and their implications in the daily horizon trade setting. In Section II, we outline our data

and tests. Section III presents our results, and Section IV concludes.

I. Self-Attribution, House Money, and Loss-Aversion

Our study examines behavioral biases by focusing on the relationship between profits and

subsequent risk-taking activity across the trading day. Before proceeding, it is important to

understand how this relationship should look under various sets of assumptions. All of our

tests begin with the null hypothesis that profits are not related to future risk-taking activity.

This null will be valid in a setting where traders have standard Von Neumann-Morgenstern

expected utility, profit opportunities are uncorrelated across the trading day, wealth effects

are negligible, margin effects are unimportant, and traders are fully rational.

To understand the potential impact of overconfidence in our setting, it is worth reviewing

the signals traders receive. As they trade, CBOT market makers interpret a variety of

private signals related to the pit order flow. At any given point in time, they closely

monitor brokers currently placing orders, including their identities, the size and direction

of their orders, the eagerness with which they attempt to execute their orders, etc. How

profitably market makers trade in response to these signals, by adjusting their quotes and

managing their positions, depends on both their interpretation of the signals and on luck.

To the extent that the signal quality is unknown, and varies across trading days, traders will

update their assessment of the signal precision as market movements confirm or disconfirm

their reading of the signals. If, however, traders have biased self-attribution, a trader that

places profitable trades will become overconfident in the order flow signals. The trader will

overly attribute the profits of his trades to his interpretation of the order flow signals and

insufficiently attribute the profits to luck. If signal quality varies significantly from day-

to-day, traders with self-attribution bias that trade profitably in the morning will become

overconfident and will assume above average afternoon risk.

In this context, self-attribution bias is closely related to the “hot hand effect” docu-

mented by Gilovich, Valone, and Tversky (1985). Gilovich et al. document that basketball

players believe they are far more likely to score following previous successful attempts than
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following previous misses. They further demonstrate that these beliefs are not justified by

their subsequent rate of success — they find little autocorrelation in basketball player field

goal percentages. If CBOT market makers become similarly overconfident in their trading

ability following successful mornings, they will assume additional afternoon risk. Moreover,

if such a relationship exists, the hot hand effect predicts that there will be little relation

between morning and afternoon trading performance.

The “house money effect” documented by Thaler and Johnson (1990), also predicts a

positive relation between morning profits and afternoon risk-taking. Investigating in an

experimental setting the relation between prior outcomes and risk choice, they demonstrate

that individuals are more risk-seeking following prior gains than following recent declines in

wealth. In our setting, this suggests that traders who have earned profits in the morning will

become less risk-averse because they feel they are “gambling with the house money.” Thus,

consistent with self-attribution bias and the hot hand effect, the house money prediction is

that morning trading profits will be positively related to afternoon risk-taking.

A second, opposing alternative hypothesis is that of loss-aversion of the form proposed

by Kahneman and Tversky (1979). They propose loss-averse utility functions that are

convex over losses and concave over gains. If traders are averse to losses at the daily

horizon, then traders that lose money in the morning will respond by assuming greater risk

in the afternoon. Kahneman and Tversky (1979) characterize such behavior in the following

terms, “[A] person who has not made peace with his losses is likely to accept gambles that

would be unacceptible to him otherwise” (p. 287). Conversely, traders that earn profits in

the morning will reduce their exposure to risk in the afternoon. These predictions closely

resemble the findings of Camerer et al. (1997), who demonstrate that New York City cab

drivers set daily targets and work until they reach their goal. This is a particular form of

a framing effect, suggesting that the cab drivers frame their problem in terms of reaching

a daily earnings goal rather than maximizing their profit. Thus loss aversion and framing

yield exactly the opposite prediction from self-attribution bias, the hot hand effect, and the

house money effect about the relation between morning profits and afternoon risk-taking.

It is important to note that a relation between morning profits and afternoon risk-taking

may be influenced by wealth effects, correlation in profit opportunities, and margin con-

straints. If wealth effects are important, and traders have declining absolute risk aversion,

6



traders that have become notably wealthier from morning trading will be become less risk-

averse in the afternoon. Similarly, if profit opportunities are positively correlated across

the trading day, traders will assume high risk on days when they expect to earn high aver-

age profits. Finally, if margin constraints are important, morning profits will influence the

amount of risk traders are willing and/or allowed to take in the afternoon. Traders who

find themselves near their margin constraint following a losing morning may be inclined to

reduce their risk-taking to avoid a margin call. Conversely, traders who are below their

margin constraint may be inclined to increase their afternoon risk-taking to get above the

margin constraint before they are forced to liquidate.

To summarize, our null hypothesis is that afternoon risk will be unrelated to morn-

ing profits. If markets are efficient, traders are rational, traders have Von Neumann-

Morgenstern utility functions, and wealth effects are negligible, margin constraints are

unimportant, and profit opportunities are uncorrelated across the trading day, then we

should expect no relationship between morning returns and afternoon risk-taking. Self-

attribution bias, hot-hands effect, and the house-money effect all generate an alternative

hypothesis on one side of the null: that morning returns will be positively related to after-

noon risk-taking. Loss-aversion and framing predict the null will be rejected in the other

direction: that morning returns will be negatively related to afternoon risk-taking.

II. Data and Method

Our primary data consist of the entire history of transactions (audit trail data) from the

CBOT Treasury Bond futures pit during all of 1998.5 The data include identifiers for the

buying trader and the selling trader, the price, and the time for each transaction. They

also include a code indicating whether each trade is performed on behalf of a customer,

on behalf of the trader’s clearing firm, on behalf of another trader, or for a trader’s own

account. Our data include records of over five million futures transactions, 97.4 percent of

which involve front-month contracts, which are the focus of our tests. In 96.6 percent of the

front-month futures transactions in our data, at least one of the two traders is trading on

his own account. There are 1082 different traders in the data. Looking at how frequently

5The data was obtained from the CFTC via a Freedom of Information Act filing.
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each trader trades for his own account, we identify 426 local traders. Each of our locals

executes at least 1,500 trades for his own account, and trades bond futures on at least 100

days over the course of the year. We track each local’s trades placed on their own account

and the associated inventories and profits throughout each trading session.

Since our hypotheses relate the risk that a trader will take to his profitability, it is

important for us to measure both profits and risks correctly. To measure each trader’s

profits and inventory, we assume that each trader closes out his positions at the end of

each day, and thus begins each day with no position. This assumption is supported by the

evidence of Kuserk and Locke (1993) and Manaster and Mann (1996) and has been used

previously in Manaster and Mann (1996) and Coval and Shumway (2000). Of course, some

noise will be present in our calculations to the extent that traders close out positions during

evening trading sessions, hedge their positions using options contracts, or place their trades

through other locals. Assuming no beginning inventory makes profit calculations simple.

We multiply the difference between purchase and sales prices by quantities to arrive at a

profit figure for each local at each point in time. Since our hypotheses require us to have

a profit figure available at a particular time each day, we add the market value of any

inventory, calculated as the current price times the contracts outstanding, and add this to

each local’s running profit figure to generate a total profit variable for any time of the day.

Measuring the risk each trader takes is less straightforward. Certainly the number

of trades a trader places and the average size of these trades will be related to risk he

assumes. However, since the level of risk in the T-Bond contract is non-constant across the

trading day, estimating each trader’s risk requires an estimate of the risk a given position

exposes the trader to at different points during a particular day. Therefore, we use historical

price change data to model the level of risk throughout the trading day. Using second-by-

second price data (time and sales data) from the Futures Industry Institute Data Center,

we calculate the front-month futures contract price at the beginning of each minute of each

day from 1989 to 1998. These prices are used to calculate the absolute price change from

one minute to the next.

To measure the risk a given position faces across the trading day, we employ an ordered

logit regression (as in Coval and Shumway (2000)). A logit function of the probability of

various potential absolute price changes over the next minute is regressed on the magnitude
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of price changes in the preceding five minutes and time-of-day dummy variables for each

five-minute period during the trading day. The fitted values from this regression are then

used to construct an expected absolute price change for each minute of each full trading day

in 1998. Since our risk measure is an expected absolute price change, it roughly corresponds

to a one-standard deviation measure of price change risk associated with each one-minute

interval.

Finally, a trader’s risk is calculated by multiplying each minute’s risk measure by the

trader’s position at the beginning of the minute, and adjusting the trader’s risk for the

minute by any changes in inventory, and therefore risk, that occur during the minute.

Again, our measure is roughly the standard deviation of wealth the trader assumed during

a given minute. We then can calculate the cumulative risk a trader has assumed up to a

given point each day by summing the measure of risk across all of the previous minutes. We

term this risk measure the “total dollar risk.” Although we view this to be the proper way

to measure trader-specific risk, we verify that our results are robust to employing alternative

risk measures, such as number of trades and average trade size.

III. The Evidence

This section details the evidence we obtain on each of our hypotheses. The first hypothesis

that we examine in detail is that locals at the CBOT exhibit behavioral biases. In particular,

we examine the relationship between each trader’s profits in the morning and the risk that

he takes in the afternoon. If profit opportunities are uncorrelated across the trading day

and wealth effects are negligible, any relationship between morning profits and afternoon

risk taking indicates that traders exhibit behavioral biases. The second hypothesis that we

examine relates each trader’s performance in the morning to his probability of setting prices

in the afternoon. In particular, we examine whether traders with morning losses tend to

be buying or selling when the price moves up or down. Our third hypothesis concerns the

permanence of the prices set by traders with losses. We estimate the expected price ten

minutes after a price change, conditional on whether the trader that moved the prices had

losses or gains in the morning. Our final hypothesis relates aggregate morning losses to

afternoon volatility. We test whether mornings with widespread losses lead to more volatile
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afternoons.

A. Summary Statistics

To examine whether CBOT locals exhibit loss aversion, we look at the relation between

morning trading performance and afternoon risk taking. Since the trading day at the

CBOT begins at 7:20 a.m. and ends at 2:00 p.m., we split the trading day into a morning

period before 11:00 a.m., and an afternoon period after 11:00 a.m. We round the midway

point of the trading day (10:40 a.m.) to 11 a.m. because it is somewhat closer to the midway

point of the average trader’s lunch break. Then, for each trader, we calculate morning and

afternoon profits, and we calculate morning and afternoon values for each of the three risk

measures: total dollar risk, number of trades, and average trade size. With morning and

afternoon profits and risks defined, we are almost ready to test our hypotheses.

We can examine our first hypothesis simply by relating the risk a trader takes in the

afternoon to the trader’s profit or loss in the morning. However, because traders face margin

constraints, results from simple regressions may be misleading. If traders who experience

large morning losses face binding margin constraints, they may be forced to liquidate their

holdings and assume very little risk in the afternoon. Alternatively, if traders lose enough

to trigger constraints but their trading is not immediately restricted, they may take an

inordinate amount of risk in hopes that they can win back enough to avoid margin calls.

To control for trader heterogeneity with respect to margin constraints and risk tolerance

in general, we normalize morning profits and afternoon risk. We first calculate the standard

deviation of each trader’s morning profits and then divide each trader’s morning profit

observations by his profit standard deviation to calculate the trader’s normalized profit.

We denote our measure of the normalized morning profits of trader i on date t as πMi,t. We

perform a similar calculation to normalize each trader’s afternoon risk. We calculate trader-

specific means and standard deviations of each of our afternoon risk measures, then demean

each trader’s daily afternoon risk and divide by the trader-specific standard deviation. We

denote trader i’s normalized measure of afternoon risk on date t as RiskAi,t, where Risk
A
i,t

may be used to reflect trader i’s total dollar risk, total number of trades, or average trade

size on date t. In this way, our profit measure and our three risk measures have standard
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deviations of one for each trader.6

In Table I we report the mean and standard deviation of morning and afternoon measures

of profits, number of trades, average trade size, and total dollar risk. Several points emerge

from Table I that are worth noting. First, our panel of local trading days contains 82,595

observations. In 67 percent of the observations, the given local traded profitably during the

morning. This is supported by the overall average of locals’ standardized morning profit,

which at 0.137 is significantly positive. Since this number is scaled by the trader-specific

standard deviation, it means that each trader earns on average 14 percent of one standard

deviation in his morning returns per morning. Afternoon profits are also positive on average,

but at 0.077 are slightly lower.7

Next, we turn to our three measures of risk. Since we have demeaned our risk measures

by their trader-specific averages, the overall averages are equal to zero by construction. How-

ever, when we take averages of observations associated with profitable and losing mornings,

notice that the afternoon risk measures are far higher following losing mornings than follow-

ing profitable mornings. Traders with losing mornings place more trades (0.124 vs. -0.066),

place trades with larger average size (0.086 vs. -0.046), and assume greater total dollar risk

(0.204 vs. -0.098) than those with profitable mornings.

However, we can also see from Table I that traders with losing mornings are not otherwise

equivalent to traders with profitable mornings. They enter the afternoon having assumed

far greater morning risk, on average, and they enter the afternoon with significantly larger

outstanding inventories. For instance, traders with losing mornings have placed 6.6% of one

standard deviation more trades during the morning than average. Also, traders with losing

mornings begin the afternoon with 21.7% of one standard deviation larger outstanding

inventories than average. Thus, it is quite important that we control for these factors in a

regression setting.8

Looking at afternoon returns, we see that they are only slightly lower following losing

6While these normalizations allow for a more sensible economic interpretation, they are not necessary for
our main set of results.

7The standardized morning and afternoon profit measures correspond to average dollar profits of $1599
and $871, respectively.

8Of course, it is possible that the morning measures of inventory and risk are large for traders with
morning losses because they have already become risk-seeking. Consistent with this, our results are far
stronger when when the morning risk and inventory controls are omitted.
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mornings than following profitable mornings (0.078 vs. 0.076). This suggests that the

additional afternoon risk traders assume following losing mornings is not terribly costly

from an expected return standpoint. Moreover, to the extent that traders seek to increase

the spread in their afternoon returns following morning losses (e.g. due to loss aversion),

we see that they are successful in achieving this objective, as the standard deviation of

their overall afternoon return is significantly larger following losing mornings than following

winning mornings (1.22 vs. 0.88). Now we turn to the regression setting to see whether

these results are significant and robust to controlling for other factors.

B. Morning Losses Lead to Afternoon Risk-taking

In Table II, we present results of regressions of afternoon risk-taking on morning profits.

Included in the regression is the absolute value of each trader’s outstanding morning (11:00

a.m.) inventory, demeaned, and normalized by each trader’s standard deviation of out-

standing morning inventory. We include normalized inventory for three reasons. First, as

noted above, traders with losing mornings tend to have larger outstanding positions heading

into the afternoon, and we would like to control for the additional afternoon risk introduced

by this position. Second, if traders do not begin each day with zero inventory, including

each trader’s absolute inventory may attenuate the bias that results in our measurement of

profit and risk. Finally, in order to account for the possibility that traders unwind losing

and winning positions in different ways,9 we include a term interacting morning profits and

morning inventory. Specifically, our regression takes the following form:

RISKA
i,t = α+ βππ

M
i,t + βI |INVM

i,t|+ βπIπ
M
i,t · |INVM

i,t|+ βRRISK
M
i,t + εi,t, (1)

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

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

outstanding position (measured in thousands of contracts) 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.

We estimate our regression in a variety of ways. First, we estimate a simple pooled-OLS

regression. We also conduct Fama-MacBeth style regressions in which we conduct trader-

9This possibility is suggested by the findings of Shefrin and Statman (1985), Odean (1998), and Locke
and Mann (1999).
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by-trader regressions and average the coefficients across traders, and we conduct day-by-

day regressions and average the coefficients across days. The Fama-MacBeth regressions

serve two purposes. First, they check whether our results are driven by cross-sectional or

time-series correlation in residuals. Also, they test whether our results are driven more by

particular traders or by particular days. We also conduct the panel regression with fixed

effects for both traders and days and panel-corrected standard errors.10 In Panel A, we

report the results of these regressions with the number of afternoon trades as the measure

of afternoon risk-taking. Panel B reports results of regressions using average trade size as

the dependent variable. Finally, in Panel C, we document the results using total dollar risk.

As we can see, consistent with the results presented in Table I, our regressions indicate

that traders are significantly loss-averse. The results are highly significant across the most of

the different specifications. The regressions indicate that a one-standard deviation decrease

in morning profits leads the average trader to place 11% to 23% more afternoon trades

than normal (Panel A), place afternoon trades which are 5% to 11% larger than normal

(Panel B), and assume total dollar risk which is up to 1.5% larger than normal (Panel

C). The significance of morning profits in explaining afternoon total dollar risk (Panel C)

is only significant in one of the four specifications (the Fama-MacBeth average of daily

cross-sectional regressions) and is of lower economic significance than that using other risk

measures. The regressions using average afternoon trade size (Panel B) include somewhat

fewer observations than the others because they only include traders who place at least

one afternoon trade. The fact that traders with profitable mornings place afternoon trades

which are of smaller size than average suggests the results are not entirely driven by a

“framing effect” similar to the taxi cab findings of Camerer et al. (1997). Traders with

profitable mornings are not only more likely to stop trading in the afternoon — those that

remain tend to trade less aggressively (in lower sizes) than normal.

As expected, the inventory terms are highly significant, indicating that traders with

large midday positions assume additional afternoon risk as they unwind them (or that

losing traders are already expanding their positions in order to assume greater afternoon

risk). The morning risk variables come in highly significant as well, indicating that traders

who assume significant morning risk tend to continue to do so in the afternoon. To make

10Our panel-corrected standard error estimates adjust for contemporaneous correlation and heteroskedas-
ticity across traders.
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sure our results are not driven by outliers or by the behavior of traders facing margin

constraints, we rerun our regressions on the subset of traders whose morning profits did not

deviate from zero by more than two standard deviations. Under this specification, which we

do not report due to space considerations, the results are considerably stronger in economic

and statistical terms. For instance, the regressions using total dollar risk all become highly

significant when the outliers are removed.

As an additional robustness check of our results, in Table III we conduct logit regressions

to see whether a trader’s likelihood of assuming greater-than-average afternoon risk depends

on whether the trader incurred morning losses. Specifically, we estimate the logit model

defined by

Prob(RISKA
i,t > 0) =

expX
0
β

1+ expX 0β
, (2)

where

X
0
β = α− βπI(πMi,t < 0) + βI |INVM

i,t|+ βπII(π
M
i,t < 0) · |INVM

i,t|+ βRRISK
M
i,t,

and where I(πMi,t < 0) is an indicator variable which is equal to one if trader i’s morning

profit on date t is negative. Note that the term −βπI(πMi,t < 0) enters the regression equation
with a negative sign in order to make the expected sign of the coefficients negative under

loss aversion.

Again, the morning losses enter significantly in almost all regressions. The fact that the

Fama-MacBeth regression by date yields consistently stronger estimates than the regression

by trader (as was the case in Table II), implies that our results are being driven more

by the profits/risk-taking relation across traders on particular days than by the relation

across days for particular traders. Our binary results also offer an alternate estimate of the

economic significance of our results. Using the pooled logit regressions of Table III, and

evaluating them with dependent variables at their means, traders that lose money in the

morning increase their probability of assuming above-average afternoon risk from 26.9 to

31.3 percent. This represents an increase in likelihood of slightly more than 16 percent.

Overall, Tables II and III make a strong case that market makers at the CBOT behave in

a loss-averse manner.
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C. Semi-Parametric Regressions

In their calibrations of loss-averse utility functions, Kahneman and Tversky (1979) estimate

that individual utility functions have a kink at zero and convexity over losses that is roughly

equal to their concavity over gains. To investigate whether the afternoon responses of traders

with morning losses aresymmetric to those with morning gains, we conduct a series of semi-

parametric regressions that permit a non-linear relationship between morning returns and

afternoon risk-taking. Specifically, we rank traders each day according to their normalized

morning profit and assign them to one of twenty profitability groups.11 We then conduct

daily cross-sectional regressions of the following form:

RISKA
i,t = α+

20X
j=1

βπ,jDi,j,t + βI |INVM
i,t|+

20X
j=1

βπI,jDi,j,t · |INVM
i,t|+ βRRISK

M
i,t + εi,t, (3)

where Di,j,t is a dummy variable which is equal to one if trader i’s morning profit ranks in

group j on date t. We then average the cross-sectional regression coefficients across time and

calculate the corresponding standard errors. Figure I plots the average of the morning profit

regression coefficients for each of the twenty profit percentile groups when total afternoon

dollar risk is used as the dependent variable. A kernel-smoothed line is plotted across these

coefficients and two-standard error bands are included to reflect significance.

The figure highlights a significant asymmetry between the responses of traders with

profitable mornings and those with losing mornings. Consistent with the above results,

traders with losing mornings increase their afternoon risk-taking significantly. Moreover,

the smaller the morning losses, the smaller the increase in afternoon risk-taking. The

relationship holds up to the until around the 30th percentile of morning profitability. Given

that this is the point in the ranking where the traders earn zero profits, it is highly consistent

with the findings of Kahneman and Tversky (1979), who estimate that utility functions shift

at zero from convex to concave with a kink.

As we move into the positive range of trader morning profitability, the picture changes.

Traders with profitable mornings all take on relatively similar, below-average, levels of

afternoon risk. Only traders who experience extremely high profits differ at all in their

11To ensure the zero-profit level does not move around across the year, we create the profitability bins
using the entire year of morning profit observations.
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afternoon risk-taking. Traders in the final few percentiles exhibit a slight increase in their

afternoon risk-taking, though the increase is not statistically significant, and is economically

much smaller than the increased risk-taking of traders with losing mornings. Thus, it

appears that the relationship between morning profitability and afternoon risk-taking is

not a symmetric one, with losing trader behavior more sensitive to the level of their losses

than winning traders to the level of their gains.

D. Profits and Risk-Taking across Days

As we have argued, there are compelling institutional and behavioral factors which justify

a one-day horizon for our traders. However, it is likely that all traders do not exclusively

evaluate their profits at the daily horizon and that other horizons are important. One of

the important aspects of testing at a daily horizon in our setting is that, because traders

seldom enter the trading day with outstanding positions, our traders can attribute their

performance during the morning entirely to trades executed that morning. Although this

possibility disappears if we test at an hourly horizon, it does not if we move to the multi-day

setting — profits earned during a particular day can be attributed entirely to decisions made

that day. Thus, to see whether our findings are exclusive to the one-day horizon, or whether

they are detectable at lower frequencies, we examine the relationship between profits and

risk-taking across trading days.

To examine profits and risk-taking across days, we compare overlapping pairs of trader-

days. Specifically, we ask whether profits on one day explain a trader’s level of risk-taking

the next. An attractive feature of the multi-day setting is that, unlike the morning-afternoon

tests, we do not need to worry about a trader having an outstanding position following a

losing day which influences our measurement of his risk-taking activity on the following

day. Since we assume that traders hold no position overnight, inventory is always zero

at the beginning of each day and traders must enter trade to incur risk. We estimate the

regressions employed above without the inventory controls, simply regressing a trader’s level

of daily risk on his previous day’s profit and previous day’s risk. As in the earlier tests, we

again normalize the profit and risk measures by traders, though we now use daily averages

and standard deviations.
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Daily regressions of risk-taking on profits corresponding to those presented in Tables II

and III were conducted. When we use continuous measures of risk and profits (as in Table

II), no detectable relationship exists between profit and risk across trading days, whether

we run pooled OLS, panel, or Fama-MacBeth style regressions, and regardless of whether

we remove outliers. To conserve space, we do not report the results of these regressions. In

Table IV, we report the results using logit regressions (as in Table III) and risk measured

by total dollar risk. As we can see, the results are consistently insignificant (similarly

insignificant results obtain using other risk measures). This suggests that horizon effects

can be quite important in identifying loss-averse behavior and that, for our set of traders,

loss-aversion is only pronounced at the daily horizon.

E. Morning Profits and Afternoon Price Leadership

Having documented strong evidence of loss aversion among our traders, we now turn to the

question of whether this loss aversion matters for prices. We begin by identifying trades

placed by locals that move the price in a direction consistent with their trade. In a futures

pit, traders do not post bid and ask prices as market makers do on an exchange floor. Rather,

a group of traders stands ready to buy at a particular price, and a group stands ready to sell

at a different, higher price. When large buy orders arrive from customers outside the pit,

the orders generally are filled at the higher price. Large sales orders similarly go through

at the lower price. The posted futures price therefore oscillates between the effective bid

and ask price throughout the day. We identify trades that cause the posted price to change

from bid to ask (or from ask to bid) because of the purchase or sale of a local trader for his

own account. Specifically, we compare the price of a given local trade to the price of the

previous trade. If the local purchases at a price that was higher than the previous price, we

identify the trade as responsible for having raised the price. Likewise, if the local sells at a

price that is lower than the previous price, we identify the trade as responsible for lowering

the price. Although the actual bid and ask prices at a given point in time are not recorded

by the CBOT, under conditions when they are well-defined for market participants, price-

setting trades will resemble market orders. Locals do not execute price-setting trades very

frequently. In order to be certain that an identified price move is caused by local, we drop all

trades that occur during the same second. Across all locals and days, the average number of
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price-moving trades per afternoon is 0.218 per trader, for a total of around 93 price-moving

trades executed by locals on a given afternoon.

Having identified trades that have moved the price, we then ask whether traders place

more price-moving trades following losing mornings than following profitable mornings.

Specifically, we regress the number of price-setting trades placed by a trader on a given af-

ternoon (relative to his average) on the trader’s morning returns and his morning inventory.

Our regressions take the following form:

∆A
i,t − ∆̄A

i = α+ βππ
M
i,t + βI |INVM

i,t|+ βπIπ
M
i,t · |INVM

i,t|+ εit, (4)

where ∆A
i,t is the number of price-setting trades placed in the afternoon of day t by trader

i, ∆̄A
i is trader i’s average number of price-setting trades per afternoon, and other variables

are as defined earlier.

The results of pooled OLS, fixed effects, and Fama-MacBeth style cross-sectional and

time-series regressions are reported in Table V. In all specifications the results are highly

significant. A trader who experiences a one standard deviation loss in the morning is

between two and five percent more likely to place a price-setting afternoon trade than he

is on an average afternoon. Since traders only place price-setting trades approximately 22

percent of the time, even a two percent increase in likelihood is economically significant.

Experiencing morning losses makes a trader between 10 and 20 percent more likely to be

a price setter than an equivalent trader with morning gains. Again, the results are highly

significant across all the regression specifications, and appear strong both in the time-series

and the cross-section. The results also obtain if binary specifications of morning profit and

afternoon risk-taking replace the continuous variables used in Table V, or if an ordered

logit model with trader-specific fixed effects replaces the demeaned regression specification

reported. The results are markedly stronger when traders with large morning losses or gains

are removed from the sample.

Consistent with the earlier results on average afternoon trade size, these results suggest

that traders who incur morning losses are not passively assuming more afternoon risk. To

obtain the additional risk, they appear to be frequently hitting existing limit orders at prices

that are less favorable than those of previous trades. This implies that traders with morning
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losses cannot easily assume the additional afternoon risk they desire and must give up an

“edge” to obtain the additional exposure. Although one might suspect that losing traders

are only giving up an edge to unwind existing positions and not to open new positions, the

results remain highly significant if we focus only prices set by inventory expanding trades

and ignore trades that are closing out existing positions.

While a subset of the afternoon trades of traders with losing mornings appear to move

prices, if they are motivated by loss aversion, the price impact of such trades should be

less permanent than that of trades which are information-based. Moreover, given that

these traders are likely to unwind their positions as the day progresses, we should expect

the price impact of position-initiating trades to disappear as the day moves forward. We

investigate these issues in the following section.

F. Loss Aversion and Price Permanence

The price-setting trades we identify in the previous section appear to be motivated by loss-

averse traders eager to assume additional afternoon risk to improve their odds of recovering

morning losses. If this is indeed the case, and the trades are not based on information

about the fundamental value of the futures contract, we should expect them to have a more

transitory impact on prices than trades based on information. Moreover, an examination of

the quality of price-setting trades placed by loss-averse traders will give us a further idea of

their afternoon trade performance in relation to their morning profitability. To pursue this,

we compare the price permanence of price-setting trades placed by traders with morning

losses to those placed by traders with morning profits. If afternoon trades placed by traders

with profitable mornings are more likely to be informed trades than those placed by traders

with losing mornings, we should expect the prices set by profitable traders to be far more

permanent than those set by traders trying to recover their losses.

To examine price permanence, we regress the price change which takes place during the

ten minutes following the price-setting trade on the price change caused by the trade, the

previous two price changes, and the interaction of all three price changes with a dummy

variable indicating whether the trader experienced a morning loss. As a robustness check,

we add the interaction of price changes with the time between each price change to the
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specification. The regression takes the following form:

Pj+n − Pj = α+
3X
l=1

n
[Pj−l+1 − Pj−l] ·

h
βP,l + βM,lI(π

M
i,t < 0) + βT,l(τj−l+1 − τj−l)

io
+ εj ,

(5)

where Pj+n is the first price that is different from the previous transaction price at least

ten minutes after the transaction at price Pj, and where τj − τj−1 is the number of minutes
that transpire between the first transaction at price Pj and the first transaction at Pj−1.

The results appear in Table V.

Table V actually reports estimated coefficients from three different regression models.

Model 1 simply relates the price change over ten minutes to the current and two previous

price changes by constraining βM,j and βT,j to equal zero for j = 1, 2, 3. The regression

coefficient for the current price change is remarkably close to negative one (-0.9540) and the

coefficient for the previous price change is very close to negative one half (-0.5137). Given

the nature of trading in the CBOT futures pit, these coefficients are very economically

sensible. They capture the short-term mean reversion of second-by-second futures prices.

As mentioned previously, most of the price movement in the futures pit can be considered

bid-ask bounce. The effective bid-ask spread of the CBOT T-Bond futures pit is generally

less than one price tick. This implies that when the price moves, it almost always does

so by just one tick. Large purchases move the price up one tick while large sales move it

down a tick. Therefore, short-run prices are extremely mean reverting. It can be helpful

to illustrate with an example. One common price series might be 24, 25, 24, 25, 24, 25,

where 24 and 25 represent thirty-seconds of a percentage of the face value of a $100,000

bond. Clearly the true price is somewhere between 24 and 25 in the preceding example.

At the end of this price series, the expected price change over the next ten minutes is

−0.9540(1)+−0.5137(−1)+−0.1888(1) = −0.63, implying an expected price of 24.37. The
point of this calculation is simply to illustrate that the negative coefficient estimates for

βP,j , j = 1, 2, 3, represent predictable, extremely short-term mean reversion.

Examining the coefficient estimates of Models 2 and 3, we see that the price-setting

trades of traders with morning losses are reversed much more forcefully than the price-

setting trades of traders without losses. While the estimates of βM,1 are relatively small

and statistically only marginally significant in the two models, the estimates of βM,2 are
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large and significant in both models. This has intuitive appeal. Because the price change

over the next ten minutes is driven almost exclusively by bid-ask bounce, conditioning

on information beyond the current price change does not improve our forecast. However,

conditioning on the previous price change adds a great deal of explanatory power to our

forecast because the previous price change indicates whether the current price change is

part of a short-term trend or simply bid-ask bounce.

To see the importance of the penultimate price change, compare the price series 24, 25,

24, 25, 24, 25, to 23, 24, 23, 24, 25, 26. Note that the only difference in price changes is

that the penultimate price change is negative in the first case (24 - 25) and positive in the

second case (25 - 24). Thus, the price change that immediately precedes the current price

change differentiates between true movements in the price and a change from bid to ask or

from ask to bid price. Given the coefficients in Model 2 of Table VI, if a trader that made

money in the morning is responsible for moving the price up in our second example price

series, the expected price in ten minutes reverts back to 24.45. However, if a trader that

lost money in the morning is responsible for moving the price, the expected price in ten

minutes is just 24.20. Similar numbers can be calculated for a price decline.

The results of Table VI make it clear that the prices set by traders with losses in

the morning are reversed much more dramatically than those set by traders with gains in

the morning. This implies two important inferences. First, because the trades of losing

traders have only temporary price impact, other traders in the pit appear to regard them

as “noise” trades, and appear comfortable trading aggressively against them. Any impact

of the traders’ behavioral biases on prices appears to be eliminated rapidly by other market

participants. Second, because the prices set by losing traders are reversed so dramatically,

trading to make up morning losses appears to be costly. Thus, Table VI provides strong

evidence confirming that loss aversion is driving the behavior documented in Tables II and

III.

G. Aggregate Morning Losses and Afternoon Price Volatility

In our final set of tests, we ask whether the price-setting trades executed by locals with

morning losses cause afternoon prices to be more volatile than they would be if locals had no
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behavioral biases. Our measure of price volatility is the standard deviation of price changes

measured at one-second, one-minute, five-minute, ten-minute, and half-day frequencies.

Similar to our other regressions, we demean each measure of price volatility and normalize

it by its standard deviations. To investigate our volatility hypothesis, we regress normalized

afternoon volatility on the volatility in the corresponding morning and several measures of

the prevalence of morning losses among local traders. Specifically, our regressions are as

follows:

σAh,t = α+ βσσ
M
h,t + βΠΠ

M
t + εt, (6)

where σAh,t measures the abnormal volatility of afternoon price changes on date t measured

at frequency h, σAh,t measures the abnormal volatility of morning price changes on date t

measured at frequency h, and ΠM
t measures aggregate morning losses on day t.

Measuring aggregate morning losses is not a simple task because it is not clear how

losses should aggregate. Therefore, we pick three different ways to aggregate losses. First,

we simply calculate the fraction of locals with losses at 11:00 a.m. Second, we calculate the

average of πMi,t across traders each day. Finally, to measure the prevalence of losses among

traders who are particularly loss-averse, we sum the product of an indicator variable that is

one when morning profits are positive, I(πMi,t > 0), and trader i’s βπ coefficient in the OLS

regression,

I(RISKA
i,t > 0) = α− βπI(πMi,t < 0) + βI |INVM

i,t|+ βπIπ
M
i,t · |INVM

i,t|+ βRRISK
M
i,t + εi,t, (7)

where the measure of risk employed, RISKi,t, is the total dollar risk. Since our regression

relates aggregate risk to aggregate losses, the sample size is limited to the 236 trading

days in our data. Also, because serial correlation may be a problem in our sample, all the

estimates we report are adjusted to account for first-order autocorrelation. The results are

reported in Table VII for each of the loss measures and at a number of frequencies.

Table VII contains evidence suggesting that afternoon price volatility is related to morn-

ing market maker profitability. Consider first the coefficient on the fraction of losses (times

negative one) and on normalized morning profits (πMi,t). We see that while they are both of

the correct sign — indicating that mornings with a high fraction of locals experiencing losses

and mornings with high average trader losses precede afternoons that are more volatile than
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usual — neither of the coefficients is statistically significant. The final measure of morning

losses, the fraction of traders with morning profits weighted by the trader-specific mea-

sure of loss aversion, yields stronger results. At the one-second frequency, the coefficients

are negative and significant in statistical and economic terms. A one-standard deviation

decrease in the weighted average of morning profitability (0.0048) leads to a 12.2 percent

increase in expected afternoon second-by-second volatility. This is consistent with the re-

sults of Table V, as traders with morning losses place additional price-setting afternoon

trades to assume additional risk. As we move to the one and five-minute frequencies, the

statistical and economic significance of the results declines slightly. When volatility is mea-

sured over ten minutes or over the entire afternoon, the results lose much of their economic

significance and, as a result, all statistical significance. A one-standard deviation decrease

in the weighted average of morning profitability now leads to only a 5.2 percent increase in

overall afternoon volatility. Thus, although loss-averse traders appear to have a short-term

influence on prices, consistent with the results of Table VI, their influence largely disappears

during the ten minutes following their trades. However, it is important to note that while

there appears to be a relationship between morning losses and afternoon volatility that

is consistent with our earlier findings, the results are far from conclusive. Since our tests

employ only a single observation per day, the power of our regressions is somewhat limited.

IV. Conclusion

Although behavioral finance has recently become an extremely popular area of asset pricing

research, relatively little empirical evidence exists in direct support of behavioral theories.

This is due, in part, to the fact that behavioral models cannot be tested as easily as

traditional asset pricing models. Because aggregate consumption data or market returns

data reflects the decisions of both rational and behaviorally biased traders, the standard

tests of restrictions imposed by the Euler equations of rational, utility-maximizing agents

are inapplicable. Proper assessment of behavioral theories require detailed information on

the trading strategies of various market participants, and, until recently, such information

has been difficult to come by.

This paper offers a detailed look at the trading behavior of a set of professional market
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makers and directly tests both for biases in their behavior and the consequences such biases

may have for prices. Our traders are highly proximate to the price-setting process and they

generally close out their positions by the end of each trading day, making the horizon over

which they evaluate their performance quite clear. These factors provide us with significant

power to identify conditions under which behavioral biases are likely to be important in

influencing prices.

We find strong evidence that our traders are highly loss-averse. They assume signifi-

cantly more afternoon risk following morning losses than following morning gains. In their

eagerness to assume greater afternoon risk, they place price-setting trades more frequently,

purchasing contracts at higher prices, and selling contracts at lower prices. However, after-

noon prices set by traders with morning losses reverse substantially more than those set by

traders with morning gains. This suggests that any price impact resulting from the traders’

behavioral biases dissipates extremely quickly. Consistent with this, we find that mornings

with widespread losses lead to increases in short-run afternoon volatility but no increase in

volatility measured over longer intervals.

Unfortunately, because of the nature of the data, market, and trader horizons, most

of our power to detect effects on prices is concentrated at the microstructure frequency.

However, considering that this is one of the most competitive markets in the world, it

is reasonable to expect our results to apply at lower frequencies in markets where trader

horizons are longer and prices are set less efficiently. Future work should investigate the

extent to which this is the case.
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Table I
Summary Statistics

Table I reports a number of summary statistics for the sample. The sample consists
of the trading experience of 426 local traders at the Chicago Board of Trade’s Treasury
Bond Futures pit over the 236 full trading days during 1998. The variable LA Coefficient
·I(πMi,t > 0) represents the daily fraction of traders with morning gains, weighted by a
trader-specific loss aversion coefficient as described in Table VII.

Panel A: Statistics by Trader-Day

Morning Afternoon
Variable Mean St. Dev. Mean St. Dev.

All Trader-Days (N = 82595)

Profits 0.137 1.009 0.077 1.003
Number of Trades 0.000 0.997 0.000 0.997
Average Trade Size 0.000 0.997 0.000 0.997
Total Dollar Risk 0.000 0.997 0.000 0.997
Absolute Inventory 0.000 0.997 0.000 0.997

Traders with Profitable Mornings (N = 55877)

Profits 0.500 0.760 0.078 0.881
Number of Trades -0.035 0.986 -0.066 0.980
Average Trade Size -0.063 0.967 -0.046 0.989
Total Dollar Risk -0.114 0.879 -0.098 0.887
Absolute Inventory -0.104 0.867 -0.065 0.924

Traders with Losing Mornings (N = 26718)

Profits -0.620 1.046 0.076 1.219
Number of Trades 0.066 1.013 0.124 1.016
Average Trade Size 0.119 1.040 0.086 1.006
Total Dollar Risk 0.238 1.173 0.204 1.170
Absolute Inventory 0.217 1.197 0.123 1.110

Panel B: Statistics by Day

Variable Mean St. Dev. Minimum Maximum

Afternoon Price Changes 621.8703 215.383 195.00 1582.00
Fraction with πMi,t < 0 0.3238 0.049 0.20 0.50

Average πMi,t 0.1350 0.115 -0.52 0.56

LA Coefficient ·I(πMi,t > 0) 0.0224 0.0048 0.0094 0.0361
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Table II
Morning Profits and Afternoon Risk-Taking

Table II reports the results of a number of different regressions relating morning profits
to afternoon risk-taking by locals at the CBOT. 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|+ βRRISK
M
i,t + εi,t.

T-statistics are in parentheses. Risk is measured in three different ways, as the number
of afternoon trades, the average size of afternoon trades, or the cumulative risk-weighted
inventory of each trader. The sample contains 82,595 local-days. The standard errors of
the fixed-effects PCSE results are allowed to be heteroskedastic and concurrently correlated
across locals.

Panel A: Dependent Variable: Afternoon Number of Trades
Method α βπ βI βπI βR
Pooled OLS 0.0187 -0.1281 0.0528 0.0167 0.2509

(5.55) (-30.5) (15.6) (16.2) (74.3)
FM by Trader 0.0320 -0.1530 0.0588 0.0361 0.2433

(13.9) (-15.8) (9.72) (9.51) (30.2)
FM by Date 0.0187 -0.2322 0.0577 0.0488 0.1880

(0.73) (-28.3) (13.1) (10.5) (28.9)
Fixed Effects PCSE - -0.1148 0.0309 0.0155 0.1406

- (-25.6) (9.17) (15.4) (27.6)

Panel B: Dependent Variable: Afternoon Average Trade Size
Method α βπ βI βπI βR
Pooled OLS -0.0015 -0.0481 0.0523 0.0047 0.2162

(-0.40) (-10.1) (13.7) (4.13) (54.4)
FM by Trader -0.0528 -0.1076 -0.0205 0.0175 0.2088

(-1.06) (-3.14) (-0.23) (4.26) (25.1)
FM by Date 0.0032 -0.0995 0.0539 0.0187 0.1724

(0.22) (-10.5) (8.91) (2.98) (27.9)
Fixed Effects PCSE - -0.0540 0.0540 0.0037 0.1514

- (-11.1) (13.6) (3.26) (31.0)

Panel C: Dependent Variable: Afternoon Total Dollar Risk
Method α βπ βI βπI βR
Pooled OLS 0.0001 0.0001 0.6150 0.0013 0.2703

(0.04) (0.05) (208.0) (2.26) (91.3)
FM by Trader -0.0001 -0.0061 0.6281 0.0069 0.2354

(-0.09) (-1.26) (58.8) (2.38) (25.7)
FM by Date -0.0004 -0.0142 0.5934 0.0153 0.0273

(-0.06) (-2.99) (59.0) (3.11) (36.6)
Fixed Effects PCSE - -0.0011 0.6123 0.0016 0.2693

- (-0.45) (179.9) (3.07) (78.0)
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Table III
Binary Results for Morning Profits and Afternoon Risk-Taking

Table III reports the results of a number of different logit and regression models relating
morning profits to afternoon risk-taking by locals at the CBOT. All models measure both
morning profits and afternoon risk in a binary form, and the logit models have the basic
form,

Prob(RISKA
i,t > 0) =

expX
0
β

1+ expX 0β
,

where

X
0
β = α− βπI(πMi,t < 0) + βI |INVM

i,t|+ βπII(π
M
i,t < 0) · |INVM

i,t|+ βRRISK
M
i,t.

T-statistics are in parentheses. The sample contains 82,595 local-days.

Panel A: Prob(Afternoon Number of Trades > Mean Trades)
Method α βπ βI βπI βR
Pooled Logit -0.4785 -0.4446 0.1161 -0.0887 0.4119

(-53.7) (-28.8) (11.4) (-6.07) (54.4)
FM by Trader -0.7460 -0.5560 0.1232 -0.0913 0.5075

(-3.58) (-13.5) (3.92) (-1.82) (6.89)
FM by Date -0.5764 -0.5084 0.1413 -0.1110 0.3962

(-10.5) (-21.1) (7.92) (-3.66) (24.1)

Panel B: Prob(Afternoon Average Trade Size > Mean Size)
Method α βπ βI βπI βR
Pooled Logit -0.4722 -0.1518 0.0818 -0.0030 0.4281

(-46.5) (-8.80) (7.01) (-0.18) (45.7)
FM by Trader -0.5605 -0.1637 -0.1153 0.1865 0.4916

(-4.56) (-1.34) (-0.82) (1.70) (15.2)
FM by Date -0.5302 -0.1993 0.1036 0.0126 0.3660

(-15.9) (-8.77) (5.42) (0.44) (26.3)

Panel C: Prob(Afternoon Total Dollar Risk > Mean Risk)
Method α βπ βI βπI βR
Pooled Logit -0.9625 -0.2087 2.0650 -0.4847 1.3770

(-70.6) (-9.62) (67.0) (-11.2) (59.1)
FM by Trader -0.7379 -0.0831 4.5221 0.9834 1.6630

(-14.7) (-1.30) (11.6) (1.19) (20.2)
FM by Date -0.0972 -0.1937 2.5306 0.4702 1.4885

(-31.1) (-6.71) (30.1) (5.21) (34.8)
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Table IV
Binary Results for Day’s Profit and Subsequent Day’s Risk-Taking

Table IV reports the results of a logit model relating a given day’s profits to the subse-
quent day’s risk-taking by locals at the CBOT. The model measures both morning profits
and afternoon risk in a binary form, and the model has the basic form,

Prob(RISKi,t+1 > 0) =
expX

0
β

1+ expX 0β
,

where
X

0
β = α− βπI(πi,t < 0) + βRI(RISKi,t < 0).

T-statistics are in parentheses. The sample contains 82,169 local-days.

Dependent Variable: Daily Total Dollar Risk
Method α βπ βR
Pooled OLS 1.0792 -0.0073 -0.4752

(10750) (0.18) (778.34)
FM by Trader 1.0749 0.0210 -0.3911

(55.90) (1.00) (-13.75)
FM by Date 1.1426 0.0105 -197.24

(34.27) (0.51) (-20.55)
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Table V
Morning Profits and Afternoon Price Leadership

Table V reports the results of a number of different regressions relating afternoon risk-
taking to afternoon price leadership by locals at the CBOT. All regressions have the basic
form,

∆A
i,t − ∆̄A

i = α+ βππ
M
i,t + βI |INVM

i,t|+ βπIπ
M
i,t · |INVM

i,t|+ εi,t.

where ∆A
i,t is the number of price-setting trades made by trader i on the afternoon of

date t. This is compared to its average level for trader i, ∆̄A
i , and then regressed on

the explanatory variables used above. T-statistics are in parentheses. Regressions on an
indicator variable that is equal to 1 when morning profits are positive result in qualitatively
identical inferences, as do ordered logit regressions with fixed effects by trader.

Dependent Variable: Afternoon Price Leadership (∆A
i,t − ∆̄A

i )

Method α βπ βI βπI
Pooled OLS -0.0086 -0.0233 0.0148 0.0027

(-4.9) (-10.8) (8.7) (5.1)
FM by Trader -0.0084 -0.0285 0.0155 0.0071

(-6.6) (-7.6) (7.1) (4.8)
FM by Date -0.0049 -0.0454 0.0134 0.0095

(-1.1) (-11.4) (5.8) (3.3)
Fixed Effects PCSE - -0.0263 0.0126 0.0032

- (-11.8) (7.3) (6.5)
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Table VI
Price Permanence Regressions

Table VI reports the results of several time-series regressions that relate the change in
price over the next ten minutes, conditional on a current change in price, to the profitability
of the local trader that executes the price-setting trade. All regressions have the basic form,

Pj+n − Pj = α+
3X
l=1

n
[Pj−l+1 − Pj−l] ·

h
βP,l + βM,lI(π

M
i,t < 0) + βT,l(τj−l+1 − τj−l)

io
+ εj

where Pj+n is the first price that is different from the previous transaction price at least
ten minutes after the transaction at price Pj, and where τj − τj−1 is the number of minutes
that transpire between the first transaction at price Pj and the first transaction at Pj−1.
All estimates are corrected for fifth order autocorrelation, and T-statistics are reported in
parentheses. The sample size is 42,906, which corresponds to the number of price-setting
trades executed by locals during the year. The dependent variable has a mean of 0.00184,
with a standard deviation of 0.1244.

Dependent Variable: Price Change over Ten Minutes (Pj+n − Pj)
Estimate Model 1 Model 2 Model 3

α 0.0022 0.0022 0.0022
(3.49) (3.49) (3.49)

βP,1 -0.9540 -0.9221 -0.9558
(-72.21) (-49.56) (-50.70)

βP,2 -0.5137 -0.4550 -0.4984
(-25.86) (-17.50) (-18.80)

βP,3 -0.1888 -0.1696 -0.1948
(-11.02) (-7.98) (-8.80)

βM,1 - -0.0658 -0.0342
- (-2.49) (-1.29)

βM,2 - -0.1396 -0.1040
- (-3.44) (-2.54)

βM,3 - -0.0484 -0.0304
- (-1.34) (-0.84)

βT,1 - - -0.0030
- - (-10.31)

βT,2 - - -0.0009
- - (-1.51)

βT,3 - - -0.0003
- - (-2.78)
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Table VII
Aggregate Morning Losses and Afternoon Price Changes

Table VII reports the results of a few time series regressions relating aggregate morning
losses to the volatility of afternoon price changes. All regressions have the basic form,

σAh,t = α+ βσσ
M
h,t + βΠΠ

M
t + εt

where σAh,t measures the volatility of afternoon price changes on date tmeasured at frequency
h, σAh,t measures the volatility of morning price changes on date t measured at frequency h,
and ΠM

t measures aggregate morning losses on day t in one of three different ways: (a) the
fraction of locals with losses at 11:00 a.m.; (b) the average of πMi,t across traders; and (c) the
sum of the product of the indicator variable that is one when morning profits are positive,
I(πMi,t > 0), and trader i’s βπ coefficient in the OLS regression,

I(RISKA
i,t > 0) = α− βπI(πMi,t < 0) + βI |INVM

i,t|+ βπIπ
M
i,t · |INVM

i,t|+ εi,t.

The sample size is 236 trading days, all estimates are corrected for first order autocorrelation,
and T-statistics are in parentheses.

Dependent Variable: Abnormal Afternoon Volatility (σAh,t)

Loss Measure Frequency α β∆ βΠ
Fraction with Losses · -1 One Second -0.48 0.41 -1.47

(-1.24) (6.82) (-1.25)
Average Normalized Profit One Second 0.04 0.43 -0.32

(0.40) (6.97) (-0.61)
LA Coefficient ·I(πMi,t > 0) One Second -0.57 0.39 -25.43

(-2.09) (6.66) (-2.13)
LA Coefficient ·I(πMi,t > 0) One Minute -0.57 0.19 -25.23

(-1.96) (3.08) (-2.02)
LA Coefficient ·I(πMi,t > 0) Five Minutes -0.53 0.30 -24.01

(-1.90) (5.00) (-1.97)
LA Coefficient ·I(πMi,t > 0) Ten Minutes -0.34 0.22 -15.13

(-1.17) (3.65) (-1.21)
LA Coefficient ·I(πMi,t > 0) Half-Day 0.64 0.11 -10.78

(2.27) (1.48) (-0.78)
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Figure 1: Morning Profit Percentile and Afternoon Risk-Taking

This figure plots the time-series averages of 236 daily cross-sectional semi-parametric
regressions of afternoon total dollar risk on morning profit percentile. The regressions are
kernel-smoothed and the dashed lines reflect two-standard error bands of the time
series-averaged regressions.
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