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Dynamic Decision Making in Agricultural Futuresand Options Markets

This paper investigates the dynamics of sequed&aision-making in agricultural futures and
options markets. Analysis of trading records oftre2lers identified considerable heterogeneity
in individual dynamic trading behavior. Using rigkeasures derived from the deltas and vegas
of trader’s portfolios, we find nearly half the tlars behavior is consistent with a house-money
effect and the other half with loss aversion. ®héadings correspond closely to expected
behavior inferred from elicited utility and probdiby weighting functions. The results call into
guestion more aggregate findings that discount pholity weighting to develop risk measures
which support the notion of more uniform, less twgeneous, behavior. Understanding
behavior in a prospect theory context appears tib foa investigation of both the probability
weighting and utility functions. Our findings alsoggest that strategies for loss-averse traders
who consolidate gains and avoid using gains in-sskking market activities are effective.

Keywords: loss aversion, house-money effect, fgiuoptions
INTRODUCTION

The effects of prior gains and losses on marketcehimave been the subject of recent behavioral
research. Prospect theory, which is often usedxmam individual behavior, suggests that
individuals are risk averse over gains and riskisgeover losses. Despite a reliance on one-time
decision framework (Thaler and Johnson, 1990; Acgeal., 2006), evidence exists that traders
take more risks after losses than after gains &omhd Diltz, 2004; Coval and Schumway,
2005). In contrast, Thaler and Johnson (1990) me@mnd provide evidence for an alternative
view of sequential decision making, a house-moriacein which individuals take greater risk
after gains than after losses. Weber and Zuché&l5Rargue that understanding how prior gains
and losses affect current agent activity is impuartzecause it may result in systematic market
behavior.

Only two studies have used actual trading recofdsrafessional traders to look into dynamic

decision-making in futures and options markets. &f@nd Shumway (2005) investigate the
behavior of futures traders at the Chicago BoardTfde and find that their behavior is

consistent with loss aversion, i.e. they tend ke taore risk after losses and less risk after gains
Frisno et al. (2008) conduct a similar study usiogures traders at the Sydney Futures
Exchange. In contrast, Frisno et al. (2008) findlence of a house-money effect, with traders
taking more risk after gains and less risk aftesé&s.

A fundamental issue in this area of research isaffpropriate measure of profits and risk. While
profits are relatively straightforward to measumgasuring risk in futures and options markets is
complicated because it involves expectations abhdute price changes. Coval and Shumway
(2005) and Frisno et al. (2008) measure risk byneging the expected price change for a given
moment during the trading day. The price changeefish minute of the trading day is then
multiplied by the size of a trader’s position ag theginning of each minute to calculate the risk
to which each trader is exposed. Their measuréskfdoes not allow traders to have different
expectations about price changes. Since expecteldalpitity of price changes adopted to
calculate each trader’s risk comes from the sanobgility distribution all traders have the



same expectation about price changes. As a resaliability weighting, a critical component of
prospect theory which allows traders to form pesgectations based on their own assessment
of likely occurrences, is not incorporated into tleeision-making process.

However, empirical evidence suggests that people kifferent expectations, and probability
weighting plays an important role in individual laefor. In financial settings Blavatskyy and
Pogrebna (2005), Langer and Weber (2005), and Blatoal. (2008) provide evidence that
models incorporating probability weighting show uks consistent with observed behavior.
Further, Fehr and Tyran (2005) find evidence tlvahea small amount of individual irrationality
(defined by prior outcomes affecting current demis) can have large effects in aggregate,
causing large deviations from rational aggregateb®r. Importantly, understanding individual
behavior is of value in its own right in many segs. For instance, a manager of a group of
professional traders may need to understand ingidrader behavior to properly train and
advise them.

The objective of this paper is to investigate thymainics of sequential decision-making of
agricultural futures and options traders. We usguendata from a group of 12 options traders.
They are all male, have a college degree and agdeultural contracts in the Chicago Board of
Trade. Data consist of a time series of daily gaimd losses in dollars based on the portfolios of
each trader for the period January 3, 2006 to Nd»ezr3, 2007. Daily measures of the riskiness
of their individual portfolios (i.e., delta, gammaga, and theta) have also been developed. In
addition, each trader also has patrticipated in exm@ats to elicit their utility and weighting
functions, providing information about their riskimude and degree of probability weighting.

Since trading records contain profits made by deatter and individual risk measures, we can
investigate how prior gains or losses affect curresk-taking behavior without making
assumptions about probability weighting. We useiteld utility and weighting functions to
examine the consistency between observed behasimt, to investigate how probability
weighting affects risk-taking behavior in a sequenthoice context. The results provide new
insights on how prior outcomes affect current deois and the role probability weighting plays.

THEORETICAL FRAMEWORK

Prospect theory is used to investigate trading Weharhis choice model is based on a function
V(x) with two components (equation 1): a utility furmetiU (x ) and a probability weighting
function W(p), where x is the argument of the utility function, amuis the objective
probability distribution ofx.

V(x)=2 W p)ru( ) ®

The utility function takes into account that framiaf alternatives systematically yields different
preferences, as agents react differently to gamdsl@sses. The shape of the value function that
typically arises from prospect theory is s-shapdldwing for risk-averse behavior (concavity) in
the domain of gaing«>0), and risk-seeking behavior (convexity) in the donmat losseqx<0)



(figure 1). Risk-seeking in the loss domain has ieicgd support and arises from the idea that
individuals dislike losses to such a degree (lossaon) that they are willing to take greater
risks to make up their losses.

Figure 1: Utility and weighting functions
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A second component of prospect theory is the pidbalweighting function, which was

developed from empirical observation that individualo not treat probabilities linearly.
Empirical evidence shows probabilities can be oesgived or underweighted, meaning
individuals make decisions based on perceived [mibties that are either larger or smaller than
they really are. For example, figure 1 shows thegiteng function of a person who consistently

underweighs probabilities, meaning thm@ p) < p for the whole probability scafe.

If the individual is able to clearly distinguishgtrabilities and assess them objectively, there is
no curvature in the weighting function, represerttgdhe linear dotted line in figure 1. In this

situation we haveN( p) = p in equation (1) and risk-taking behavior is deteed solely by

the risk preferences in the utility function. Howey when probabilities are not assessed
objectively, thenw( p) # p and decisions are based on transformed probabikitnd the utility

function.

The effect of the weighting function in decisionkimey depends on its structure and strength.
For instance the weighting function in figure 2 iép an individual who underestimates the
likelihood of uncertain events and thus believed grobabilities are smaller than they really are.
In this situation a person would be less willingdke risks. Now, consider the utility function in
figure 1, which shows risk aversion for gains aistt seeking for losses. In this situation the
weighting function in figure 1 will enhance thekriaversion for gains and reduce (or eliminate)
the risk seeking for losses. Consequently, actadlabior can differ from the risk attitude
observed in the utility function in the presenceudbability weighting.

Y In empirical studies, a variety of shapes haventiéentified.



This framework can also be used to investigate alynidehavior. While previous outcomes can

affect behavior, the nature of the response caly d@pending on how decision makers

incorporate previous outcomes and whether riskudits change. When decision makers
integrate the outcomes of sequential risky choittes structure hypothesized by Kahneman and
Tversky (1979) that prior losses increase riskrtgkiand prior gains reduce it, holds. In effect,

the structure of the utility function in figure ¢onvex in the loss domain and concave in the gain
domain) leads investors to gamble and seek risknvieed with possible losses, and to avoid

risk when gains are anticipated.

However, losses or gains may also change decisaers’ willingness to take risks. Based on
experimental observations, Thaler and Johnson (189@ evidence that initial gains cause an
increase in risk seeking. The intuition is thatvovas gains make losing in the next period
somewhat less painful particularly, while previdasses make losing in the subsequent period
more painful. They argue that this can occur bezaniggration of subsequent outcomes is not
necessarily sequential or automatic. In an experiaiebusiness context, Keasey and Moon
(1996) also find prior gains shift behavior towark seeking, but no evidence that prior losses
shift risk aversion. Barberis et al. (2001) useséhindings to develop a model to explain the size
of equity premiums and volatility, arguing that yics gains reduce investors’ sensitivity to risk
while previous losses, by making new losses moigafyda increase risk aversion. Recently,
Massa and Simonov (2005) in an analysis of actuadstor behavior find empirical support for
the notion that prior gains increase risk taking prior losses reduce it.

PREVIOUS STUDIES

Only two studies have used actual trading recofdsrafessional traders to examine dynamic
decision making. Coval and Shumway (2005) invettiglhe behavior of futures pit day-traders
in the T-Bond market at the Chicago Board of Trddeng 1998 and find that their behavior is
consistent with loss aversion, a willingness teetadore risk after losses and less risk after gains.
Frisno et al. (2008) conduct a similar study udurgres pit day-traders in the Share Price Index
(SPI) market at the Sydney Futures Exchange betdalgnl 997 and October 1999. In contrast,
Frisno et al. (2008) find evidence of a house-moefkgct, with traders taking more risk after
gains and less risk after losses.

Both studies use day-traders who do not carry qquesitions overnight. They are investigating
traders with a short trading horizon, who open elode their positions within the same trading
day. Therefore they split the trading day into magnand afternoon, and explore how morning
profits affect the amount of risk taken by tradershe afternoon. A critical step in this research
is the measurement of profits and risk. Profits raatively straightforward to measure since
they are the amount of money made or lost by eaclet during a certain period. Measuring risk
in futures and options markets is more complich@chuse it involves expectations about future
price changes. Coval and Shumway (2005) and Fesrad. (2008) measure risk by estimating
the expected change in the value of a trader'dipasat a given moment during the trading day.
Using a logit function, they examine the probapilitf potential price changes over the next
minute as a function of the magnitude of price gesnin the preceding 5 minutes and dummy
variables for each 5-minute period during the mgdday. The fitted values then are used to



construct an expected price change for each mifutiee trading day. They note that their risk
measure “roughly corresponds to a one standardati@vi measure of price change risk
associated with each 1-minute interval” (Coval &mimway, 2005, p.10). The expected price
change for each minute of the trading day is midiipby the size of a trader’s position at the
beginning of each minute to calculate the risk tucl each trader is exposed. They call this
measure the “total dollar risk”.

Since expected probability of price changes adofiechiculate each trader’s risk comes from

the same probability distribution the measure ioifhi assumes that all traders have the same
expectation about price changes. Consequentlyrlyedifference between the each trader’s risk

measure is the size of their positions. The “tdtalar risk” also assumes that no trader exhibits
probability weighting, i.e. they form expectatiombout future price change based on its

objective probability distribution rather than dreir own assessment of probabilitfes.

Empirical evidence suggests that probability weights an important determinant of individual

behavior. In financial investment settings Blavgtskand Pogrebna (2005) and Langer and
Weber (2005) show how it can lead to patterns bBb®r which differ from those based solely
on risk and loss aversion. These authors also geoevidence that models incorporating
probability weighting yield results consistent witiibserved behavior. In a hedging context,
Mattos et al. (2008) show that probability weightiplays a major role in hedging decisions with
futures contracts and has relatively more influertban loss aversion or risk aversion.

Probability weighting always has an impact on hedgiecisions, while risk and loss aversion
only affects hedge ratios in the presence of pritibatveighting.

DATA

There are 12 traders in our sample, and all are,nhalve a college degree and trade agricultural
contracts at the Chicago Board of Trade. Theirragges from 25 to 54 years old, the average
being 33.4 years old and the median being 32.5.nMb&t experienced subject has been trading
for 30 years, while the less experienced has ontgoiths of experience in the market. The

average trading experience is 8.6 years and theamesl6 years.

Among the 12 traders, 11 trade futures and optmas1 trades only options. In terms of trading
platform, 8 trade only in the pit, and 4 trade bpithand electronic. Finally, 6 subjects trade only
corn, 2 trade only soybeans, 2 trade only soybdaara 2 trade corn and soybeans. They trade
independently and only for their own portfolios,dado not make trades for other people.
Therefore they keep all the profits for themsehbsch are used to pay transaction and overhead
costs.

Data consist of a time series of daily gains arsgds in dollars based on the portfolios of each
trader for the period January 3, 2006 to Novemi3er2B07. Daily measures of the riskiness of
their individual portfolios (i.e., delta, gamma,ge and theta) have also been developed. In

2 Coval and Shumway (2005) and Frisno et al. (2@0&) adopt other risk measures, namely the avérade size
and the number of trades executed by each tratleir Tesults in terms of dynamic decision makingndb change
with these alternative risk measures.



addition, each trader also has participated in ex@nts to elicit their utility and weighting
functions, providing information about their riskimude and degree of probability weighting.

Delta, gamma, vega and theta denote how an optaine change with respect to changes in the
price of the underlying contract, volatility of tladerlying contract, and time to maturity of the
option. If these measures are equal to zero it m#zat the value of the option will not change
regardless what happens to the price and volatitthe underlying contracts, or to time of
maturity. The delta, gamma, vega, and theta ofrdglo can be calculated by adding the deltas,
gammas, vegas, and thetas of all individuals agsetse portfolio. Ideally options traders try to
keep the delta, gamma, vega, and theta of theifgtios equal to zero, which denotes that their
aggregate position has no risk. Therefore theyetat rebalance their portfolios trying to keep
their risk measures as close to zero as possildeder to reduce their risk. On the other hand, if
they want to take more risk in the market they samply incorporate options with higher delta,
gammas, vegas and thetas in their portfolios.

We investigate whether traders take more or lesls aifter gains and losses using two risk
measures: delta and vega. They represent the fisthanges in the underlying price and
underlying volatility, respectively, and are seésttbecause they are considered the most
important measures by the traders in our samples@uple is composed of relatively long-term
traders (as opposed to day traders used in presgtodges) and hence they carry open positions
for several days. Therefore we adopt a weekly tiorézon in our empirical analysis and look at
risk measures on Friday and cumulative profits @a/Bfonday-to-Friday period.

RESEARCH METHOD

Following Coval and Shumway (2005) and Frisno e{2008), profits are standardized and risk
measures are normalized to account for trader dggeeity. The intuition is that different
magnitudes of profits and risks are perceived wbfidy by each trader. For example, a delta of
20 is probably seen as a large risk for a trader wgually keeps his delta around 10, but is likely
to be perceived as a small risk for a trader whoms&olio’s delta is often close to 30. This data
transformation should not affect the results imtgiof risk-taking behavior, and allows for more
meaningful comparison across traders.

Sample means and standard deviations for profisasland vegas are calculated for each trader.
Then deltas and vegas are subtracted by tradeifispeeans and divided by trader-specific
standard deviations, while profits are divided kgder-specific standard deviations. Profits are
standardized rather than normalized based on therggion that any positive profit is perceived
as a gain and any negative profit is perceived Bssa Alternatively, profits could have been
normalized following the argument that traderserefhce point is greater than zero in order to
account for overhead and opportunity costs. CondlShumway (2005) and Frisno et al. (2008)
conducted their analyses using both normalized stahdardized profits which vyielded
qualitatively similar findings.



The effect of prior gains and losses on currekttaging decisions are examined in two steps. In
the first step delta and vega are regressed ootktee risk measures (gamma and theta), changes
in price and implied volatility of the underlyingtract, and their lagged values (equations (1a)
and (1b)). The intuition behind this procedurehattthe four risk measures may be interrelated
and are also affected by changes in price andiltylaif the underlying contract, meaning that
they can fluctuate even if the trader does not ghahnis portfolio. For example, even if a
portfolio is not rebalanced its delta and vega change as long as the underlying price and
volatilities change. So the first step consistsenfioving the “market effect” from delta and vega
by estimating equations (1a) and (1b). This proceds particularly important for our sample
period, which includes recent sharp increasesigeprand volatilities in commodity markets.

delta =a + B, gammat B, veqa B, thetaBA . pBLA | iv
+y,0amma, + )y, vega, + y, theta+y A . p+y 4Ly v+ gtdelta (1a)

vega =a+ [ gammar S, delia f; theta SA  pLA IV
vega

i (1b)
+y,gamma, +y, delta, +y; thefa+y A \p+y A iviteg

where Ap is the price change of the underlying contract @md is the change in implied

volatility of the underlying contract. The priceatge and implied volatility are also trader-
specific, e.g.Ap and Aiv for an individual who trades soybean oil refemptace changes and

implied volatility of soybean oil. If the individlias in the corn and soybeans markéys and
Aiv refer to price changes and implied volatilities dorn and soybeans.

In the second step the residuals of (1a) and (&bich represent the “net” delta and vega, are
regressed on their lagged values and lagged p@duations (2a) and (2b)). I, >0 in

equations (2a) and (2b) traders tend to take mekeafter gaingprofit>0) and less risk after
losses(profit<0), which is consistent with the idea of loss aversitom standard prospect
theory. On the other hand, §, <0 it means that traders tend to take less risk af@ms and

more risk after losses, which is consistent witftbase-money effect.

‘E‘tde'ta =a+ lglgt(iilta-" B,profit_, +v, (2a)
& =a+ e B,profit_, +v, (2b)

Equations (1a), (1b), (2a) and (2b) are estimatedetich trader based on their specific risk
measures and profits. In order to discuss and explee presence of loss aversion or house-
money effect we will rely on the set of estimatgd coefficients which indicate the effect of

prior profits on delta and vega for each trader.

The second part of the analysis focuses on utditg weighting functions elicited through a
computer experiment conducted with each trader. ffadeoff method was adopted in the
experiment, and the details of the procedure aptaged and discussed in Mattos et al. (2007).



This experiment provides a set of utility and weiighy functions for gains and losses for each
trader, which contains information about the ritkude and degree of probability weighting for
each trader when they are faced with gains an@$oss

RESULTS

Trading records show mixed results in terms of behmgtable 1). There is evidence of a house-
money effect (a willingness to take more risk affains and less risk after loss¢s,> 0) for six

traders (1, 3, 4, 6, 7, 10), and evidence of legssaon (less risk after gains and more risk after
losses, 5, <0) for five traders (2, 8, 9, 11, 12). Results areonclusive for trader 5 since the

estimated coefficients of profit in the delta and vega equations were both stlbti
significant but with opposite signs. Note that geofare standardized and risk measures are
normalized. Thus the estimated coefficients forfilgshow the change in risk in number of
standard deviations for a 1-standard deviation glan profit. For example, in table 1 the
estimated coefficient for profit for trader 1 in the delta equation is 0.0828, Whiteans that if
profit in t-1 increases (decreases) by 1 standard deviatiotratier will increase (decrease) his
delta by 0.0828 standard deviationg.in

Table 1. Estimated coefficients for delta and vega equation

Trader Delta equation Vega equation

constant delta profit, ; constant vega profit.,
1 0.4356 * -0.1777 * 0.0828 ** 0.1147 * .60226 * -0.0087
2 0.6528 * -0.0374 0.0042 0.3644 * 0.2873* 0.0531 **
3 0.4064 * 0.1425 ** 0.1064 ** 0.4509 * 0.3043 ** -0.0543
4 0.0793 * 0.5218 * 0.0508 ** 0.1453 * 0.6022 * 0.1491 *
5 0.4940 * 0.1690 * 0.0956 * 0.1242 * 095B * -0.0378 *
6 0.7832 * -0.0228 -0.0723 0.4190 * 0.2609 * 0.1934 *
7 0.1579 * 0.4338 * 0.1564 * 0.0885 * 863 * -0.0020
8 0.1286 * 0.5439 * -0.1411 ** 0.2617 * .5078 * -0.1125 **
9 0.6750 * 0.0224 -0.1372 ** 0.6077 * 0.1439 0&04
10 0.1745 * 0.3936 * 0.0125* 0.1870 * 6659 * -0.0482
11 0.5062 * 0.0449 -0.1230 ** 0.1497 * 0.681 0.0277
12 0.6334 * 0.0696 ** -0.0636 0.4362 * 0.0098 -0.0559 **

* statistically significant at 1%, ** statisticallgignificant at 5%, *** statistically significanttd0%

Estimated coefficients for profit in both equations in table 1 suggest that the madm of
house-money effect and loss aversion differ sulisinacross traders. For example, trader 4

increases (reduces) his delta by 0.0508 aftertaridard deviation increase (decrease) in profits.
Trader 7 shows the same type of behavior in tefmrega, but his change in vega is much larger
(0.1934). Similarly, trader 12 reduces (increases)vega by 0.0559 after an increase in profits.
Traders 8 and 9 do the same with their deltas,ifowit much larger magnitude (0.1411 and
0.1372, respectively).

Behavior inferred from trading records indicatesajrheterogeneity across traders. Next, we
compare these findings with the utility functiorigieed from the computer experiments. First
we focus on the risk attitudes implied by the &hdi utility functions. The results of the
experiments suggest that 10 traders exhibit utifitpctions consistent with loss aversion



(concave for gains and convex for losses), 1 traonibits utility function consistent with
house-money effect (convex for gains and concaréogses), and 1 trader shows risk aversion
for the whole range (concave for gains and losg&=)avior inferred from the regression model
based on trading records is consistent with belnavierred from utility elicitation for only 4 out
of 12 traders (table 2).

Table 2: Characteristics of traders, profits and behavior

Can weighting

Trader trading utility weighting function . .
records (¥)  function (*) _ | function help exp_laln
gans 0SSes observed behavior?

1 HM risk aversion less risk-taking more risk-takin only for losses

2 LA LA less risk-taking less risk-taking yes

3 HM LA more risk-taking  more risk-taking only fgains

4 HM LA more risk-taking  more risk-taking only fgains

5 inconclusive LA less risk-taking less risk-taking -

6 HM LA more risk-taking less risk-taking yes

7 HM LA less risk-taking more risk-taking no

8 LA LA more risk-taking less risk-taking yes

9 LA LA less risk-taking more risk-taking yes

10 HM LA less risk-taking less risk-taking only flasses

11 LA LA less risk-taking more risk-taking yes

12 LA HM less risk-taking more risk-taking yes

(*) HM = house-money effect (risk seeking for gainsk aversion for losses), LA = loss aversiosK(i
aversion for gains, risk seeking for losses)

A partial explanation for this apparent inconsistems the weighting function. The effect of
probability weighting on behavior can offset thekriattitude implied by the utility function,
which would explain why trading records for someders show a behavior that is distinct from
their risk attitudes. Consider trader 12, tradiegords suggest a loss-averse individual (risk
aversion for gains and risk seeking for losses}, s elicited utility function suggests the
opposite behavior since it is convex for gainsk(rseeking) and concave for losses (risk
aversion). The findings can only be consistenhd elicited weighting function indicates that
this trader tends to underweight probabilities gains (making him less willing to take risks)
and overweight probabilities for losses (making Inirare willing to take risks). Figure 2 depicts
the weighting functions for trader 12 in the gamddoss domains, which indeed shows a high
degree of probability underweighting for gains amobability overweighting for losses. In effect
the risk-seeking attitude for gains implied by thigity function is offset by the high degree of
probability underweighting, and trader 12 behavssaarisk-averse individual for gains. In
addition, his weighting function for losses indesitlarge probability overweighting which
makes him more willing to take risks when losingg @onsistent with his trading records.
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Figure 2. Weighting functions for trader 12
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Similar patterns are found for other traders, bot m all cases (table 2, last column).
Nevertheless, it is clear that when weighting fiord are considered together with utility
functions the experimental results are more comstisind able to explain to a greater degree
individual behavior inferred from trading records.

Finally, there seems to be no clear relation betwearkets (corn, soybeans, and soybean oil),
trading platform (pit or electronic), and behavas can be seen in table 2. However, traders
whose trading records show evidence of loss averappear to be more profitable than their
colleagues whose trading records show evidencewu$dimoney effect. The cumulative profit
of 4 out of 5 loss-averse traders is positive, @/fuhly 3 out of 6 house-money traders make
money. Furthermore, gains of loss-averse trader9,(21 , 12) are larger than gains of house-
money traders (1, 3, 4), while losses of the lossse trader 8 is smaller than the losses of
house-money traders 6, 7 and 10. These compartsonige seen more clearly in figure 3, which
essentially shows that traders with larger gainsikeixloss aversion while traders with larger
losses exhibit a house-money effect. In effects-lngerse traders lose relatively less among
losing traders and gain relatively more among wigriraders.
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Table 3. Characteristics of traders, profits, and behavior

Trader Market Trading Cumulative profit Behavior from
platform (US$ thousand) trading records

1 corn pit/electronic 207 HM effect
2 corn pit/electronic 1,637 LA
3 soybeans pit 142 HM effect
4 corn pit/electronic 384 HM effect
5 soybean oll pit 1,225 inconclusive
6 corn pit -1,129 HM effect
7 corn/soybeans pit -159 HM effect
8 corn pit -93 LA
9 soybeans pit 569 LA
10 corn pit / electronic -950 HM effect
11 soybean oll pit 3,324 LA
12 corn/soybeans pit 1,282 LA

Figure 3: Traders’ behavior and profits
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CONCLUSION AND DISCUSSION

This paper investigates the dynamics of sequedgaision-making in agricultural futures and
options markets. Analysis of trading records of ttaders suggests that there is great
heterogeneity in individual trading behavior. Thé&eevidence of a house-money effect for 6
traders and loss aversion for 5 traders, whilelt®sue inconclusive for 1 trader. The magnitude
of these effects also varies substantially, i.erdtcan be large differences in the amount of risk
taken among the same type of traders. Estimateffiaents of how prior profits affect current
risk-taking range from 0.0125 to 0.1934 among heuseey traders, and from —0.0378 to —
0.1411 among loss-averse traders. These numbegesutpat there are house-money traders
who would take about 15 times more (less) risk thdners after gains (losses), while there are
loss-averse traders who would take about 4 tinsss(lmore) risk than others after gains (losses).
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Individual behavior inferred from utility functionslicited in the experiment is not consistent
with behavior inferred from trading records for masders, suggesting that risk attitudes by
themselves cannot explain behavior observed inngagkcords. But when weighting functions

are considered together with utility functions tHeshavior is more consistent with the results
obtained from the trading records. The heteroggmeitrading behavior found in our sample and
the importance of the weighting function in detarmg behavior call into question the results of
the aggregate analyses reported in previous stutheparticular, assuming traders possess
similar expectations about price changes to devalageasure of risk may be inappropriate and
yield misleading results about dynamic behavior.

Discrepancies between experimental findings andirtgarecords can also be explained by the
distinct nature of experiments and real-world chsién terms of dynamic decision making.
While the experiment was designed to mimic the actlecision environment of futures and
options traders, it relies on a prospect theomnéwaork. Prospect theory was developed for one-
shot gambles and thus it does not directly incafodynamic decision making allowing past
results to affect later decisions. This doesn'taiidate the relevance of experiments to the
analysis of dynamic decision making as suggestedubyesults which identify the importance
of probability weighting in explaining trading behar. Since the idea that prior profits affect
current decisions in a dynamic context can be sbtaisi with a prospect theory framework
(Ackert et al., 2006), a challenge remains to dgveincompassing experimental designs that can
be readily applied to understand actual trader alyadehavior.

In contrast to previous studies (Heisler, 1994;Keoand Mann, 2005; Frisno et al., 2008), there
appears to be evidence that loss-averse traders make (lose less) money than house-money
traders among the winners (losers). Even though bgtes of traders gain or lose money, it

seems that loss-averse traders are relatively suceessful than house-money traders. While
the exact reason for this is difficult to determihess-averse traders may be more willing to

consolidate gains and be less likely to use gaimsk-seeking market activities.

Finally the importance of probability weighting tEghly consistent with recent work by
Blavatskyy and Pogrebna (2005), Langer and Wel@#5R and Davies and Satchell (2005) that
also suggest behavior can change considerablyg présence. Using a risk measure that does not
require assumptions about probability weighting,find mixed results in terms of house-money
effect and loss aversion, and individual behavwiat is consistent with probability weighting and
risk attitude for most traders. Behavior and it¢edminants need to be explored using these
measures to gain deeper insights into how trademsond. Such investigations would be in the
spirit of Blavatskyy and Pogrebna (2005) and Laraget Weber (2005), who find that behavior
can change dramatically when probability weightisgonsidered in decision-making models,
and also consistent with Barberis and Thaler's 82Gfll for a more integrated assessment of
behavioral phenomena.
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