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: Our data make 1t possible to explore whether overconfidence

exists in Taiwan derivative market, and trading
aggressiveness of individual traders for different age
regimes and sex over bull and bear markets are different.
We find female individuals who are in menopausal age-regime
more likely to display trading aggressiveness behavior and
incur more loss than those in other regimes. Also,
individuals lose more loss than local organizations and
tend to be more aggressive than local organizations.
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Abstract
Our data make it possible to explore whether overconfidence exists in Taiwan
derivative market, and trading aggressiveness of individual traders for different age
regimes and sex over bull and bear markets are different. We find female individuals
who are in menopausal age-regime more likely to display trading aggressiveness
behavior and incur more loss than those in other regimes. Also, individuals lose more

loss than local organizations and tend to be more aggressive than local organizations.

Keywords: Trading aggressiveness, overconfident, menopause, bear market, bull
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Introduction

As the behavioral finance literature becomes more complex and interwoven, it
promises to remain an extremely vibrant and fertile filed for exploration, as long as
researchers continue to apply equal amounts of discipline to building, testing, and
refining new theories and datasets. This study mainly explores how gender and age
affect trading behavior of traders in derivatives market of Taiwan. Depart from the
prior literature by using survey for socio-economic information and trading
performance data, the analysis in this study draws on unique real demographic data
and per-trade transaction records obtained for traders trading in Taiwan derivatives
market.

Because the physiological symptoms or psychological attribute of traders might
be important for mispricing or anomaly in a financial market, underscoring the
importance of physiological symptom or psychological attribute as a common factor
for explaining trading performance, especially for a certain trader class or gender,
might have important consequences for over-/under-reaction to past market return.
The results in this study can have potentially implications for understanding behavior

bias and sexual difference in trading decisions.

Literature Review

Regarding to age and gender findings, Barber and Odean (2001) shows that
younger respondents and male respondents trade more actively than their older and
female counterparts. Lo, Repin, and Steenbarger (2005) find older subjects tend to
perform worse, or at least more of them report mostly or consistently unprofitable
trading. Barber and Odean (2001) use gender as a proxy for overconfidence, but Dorn
and Huberman (2002) claim that it is not significantly related to portfolio turnover
once controlling for the investor’s self-reported risk tolerance. Barber and Odean
(2001) document overconfidence leads to too much trading and can explain high
trading levels and the resulting poor performance of individual investors. Daniel,
Hirshleifer, and Subrahmanyam (1998) and Gervais and Odean (2001) explore the
implications of overconfidence and the self-attribution bias for asset prices and
investor behavior. In these papers, overconfidence refers to the tendency to

overestimate the precision of one’s knowledge; the self-attribution bias refers to the
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tendency to attribute successes to self or skill and failures to others or bad luck.
Gervais and Odean (2001) further claim overconfidence diminishes with greater
experience. Glaser and Weber (2007) provide evidence that overconfidence relates to
trading volume.

Dorn and Huberman (2005) use stated perceptions and self-assessments to
develop measures for unobservable psychological attribute, such as risk aversion and
overconfidence, are central to the traditional theory of investor behavior as well as to
the behavioral approach. Dorn and Sengmueller (2009) report “trading as
entertainment” offer a straightforward explanation of the “excessive trading puzzle”
by controlling for gender and proxies for overconfidence constructed from survey
responses. Galai and Sade (2006) find investors are more willing to hold illiquid
assets and attribute this opposite preference for illiquid assets over equally risky liquid
assets to the avoidance of potentially negative or painful information. Karlsson,
Loewenstein and Seppi (2009) find that investors are more likely to monitor their
retirement portfolios following market upswings and conclude investors avoid
unpleasant information by reducing portfolio monitoring in response to news of
negative market movement when facing bad market conditions, rather like
(apocryphal) ostriches sticking their heads in the sand. Borrowing from Galai and
Sade (2006), Karlsson et al. (2009) term this pattern of information monitoring the
ostrich effect.

Consistent with the view that the ostrich effect has a psychological bais,
Sicherman, Loewenstein, Seppi and Utkus (2013) find that ostrich behavior is a
relatively stable personal characteristic over time. Gherzi, Egan, Stewart, Haisley, and
Ayton (2014) report that investors increase portfolio monitoring following both
positive and negative market returns and investors’ personality interacts with daily
market returns, that is, neurotic investors monitor their portfolios less frequently,
possibly as an anxiety controlling mechanism, but during extreme negative market

changes, they increase monitoring their portfolios more than non-neurotic investors.

Related studies for menopause and andropause

A survey done by Bureau of Health Promotion in 2005 interviewed more than
6000 people find that women from 55 to 65 years of age experience the most serious
menopausal symptoms, around 35.48% of all subjects. The mean age at menopause
for Taiwanese women is about 49.4 ranging from 48 to 52 and the menstrual cycle of
90% women remains irregular for 4 to 8 years before menopause. [HEEFS (1996)
claims that clinically concentration of FSH and Estrogen in blood is used for

examining whether menopause starts. If FSH concentration in blood higher than
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100mlU/ml or EH concentration in blood lower than 30pg/ml, menopause is defined.
Lock (1998) regards menopause as a bio-social and bio-cultural procedure. Definition
of menopause should include age, menstrual status, important life events, changing
role, menopausal symptoms and so on. Taylor (2002) finds that 90% women would
undergo cycle disturbance before menstruation is stopped completely. 7k (1993)
reports mean age at menopause for Taiwanese women is about 49.4 which is similar
to the age as defined in Chinese Ancient Medicine book B&524:##. 7E4E et al. (2000)
find women at different menopausal stage show different symptoms. Based on a
health survey in 2004 to Taiwanese women by Bureau of Health Promotion, 5E§E et
al. (2004) report 93.5% women consider menopause as a natural physiological
phenomenon, 74.9% of them disagree with menopause as a disease, and 45%
participants agree women during menopausal period tend to be mentally unstable.
Refer to Pan, Wu, Hsu, Yao, Huang (2002), Huang, Xu, Nasril, and Jaisamrarn
(2010) and Sievert, Murphy, Morrison, Reza, and Brown (2013), this study defines
menopausal regime for women ranging from 45 to 55 years old. Clapauch, Braga,
Marinheiro, Buksman, and Schrank (2008) find that aging men with low androgen
levels may experience decreased libido, with or without sexual dysfunction, as well as
low muscle strength, psychological changes, mainly depression and increased risk of
osteoporosis. This array of psycho-somatic-sexual symptoms is referred to by many
names, such as Late-onset Hypo-gonadism (LOH) or Andropause. Following
Clapauch, Braga, Marinheiro, Buksman, and Schrank (2008), this study will define
andropause from 55 to 65 years old. The information above provides a rough
benchmark distribution for the general population that is matched by age and gender

to compare with the distribution in our sample of traders.

Data

The options dataset used in this study is obtained from the Taiwan Futures
Exchange (TAIFEX). Upon opening an account, investors provide their birth date,
gender, and postal address. The data set hence consists of all TAIEX options
transaction records and demographic data obtained for traders in Taiwan derivatives
market including the following information: a unique identification number, an
account number that identifies the trader, a transaction date, a buy/sell indicator, an
order type (indicating whether an order is a limit or market order), the type of
derivatives traded (e.g. index options or index futures) and trading volume, age,
gender, trader class, account opening date, years trading, proxy for strategic trading
(No. of accounts), birthday, and mailing address. Complete transaction records from

trader’s account opening date (as early as July 21, 1998) until December 31, 2008 are
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available for over one million traders, with which their portfolios can be reconstructed

on a frequency such as daily, weekly or monthly.

Hypotheses

The heterogeneity of preference in securities trading within different stage of life
cycle implies potential differences in attitudes toward risk-taking across individuals.
The overconfidence in Barber and Odean (2001) is defined by “men trade more than
women and by trading more, men hurt their performance more than do women.” In
this study, we define overconfidence as men trade more than women, but men lose
more or gain less. If overconfidence is observed to sustain, we would examine the
following hypotheses because overconfidence might be inclined to increase

risk-taking perceptions and aggressive attitudes.

H1: Individuals tend to experience a loss than organizational investors and men tend

to lose more than women.

H2: Aggressiveness is observed for overconfident traders and the effect is different

for female and male groups.

Barber, Lee, Liu, and Odean (2009) use transaction-level data from the Taiwan
Stock Exchange to classify each trade as “passive” (liquidity-providing) or
“aggressive” (liquidity-demanding). Orders to buy with prices in excess of the most
recent unfilled sell limit order are categorized as aggressive; those with prices below
the most recent unfilled buy limit order are categorized as passive; and those with an

order price between two unfilled limit order prices are categorized as indeterminant.

We wonder traders might behave differently from normal time during a depressed
economic period owing to increased risk aversion. In addition, investors tend to sell
shares whose price has increased, while keeping shares that have dropped in value,

namely, disposition effect. We hence hypothesize:

H3: Overconfidence/disposition effect tends to be stronger in a bull market but

subdued in a bear market with a disproportional change rate in both markets.



Main findings

Motivated by Galai and Sade (2006), Karlsson et al. (2009), Sicherman et al.
(2013), and Gherzi et al. (2014), we are curious whether a psychological bias might
be caused by menopause and hence lead to a lower risk-taking propensity. Based on a
health survey to Taiwanese women from 2003 to 2004 by Bureau of Health
promotion, 45% participants agree women during menopausal period tend to be
mentally unstable.

Our dataset has order type indicator (limit / market). We hence can classify the
limit orders into 3 categories, extreme limit order, median limit order, and tradable
limit order to study the effect of trading aggressiveness and analyze whether
aggressiveness wanes during menopausal and andropausal regimes. First, traders are
split into groups based on menopausal and non-menopausal ages according to
different sex because the age at menopause/andropause for women and men is
different.

Table 0 defines the variables used in this study and Table 1 summarizes all the
participants in the Taiwan derivative market. We find the number of male traders is
50% more than that of female traders and most of traders are within the age range
from 25 to 44 for both male and female traders. The result indicates that traders under
the age of 25 trade in a higher quantity than the other age groups for male and female
traders. In Table 2, execution time seems indifferent to the trading performance. The
trading history plays a minor role on trading performance. An increase of one day
increases more than one percent of trading profit. Surprisingly, day traders lose quite
a lot and same as frequent traders. Trading with more than three accounts can make
profit more than trading with less account. The market price orders can benefit from
quick execution in Taiwan derivative market. In finance literature, market order is a
proxy for informed trades or trading aggressiveness.

In Table 3, sex represents local male, female and organizational traders to control
for the effect of sexual difference. As those previous studies, individual traders make
less profit than organizational traders and men perform better than women, a result is
different from that in Barber and Odean (2001). After controlling for sexual
difference and individual-organizational difference, day-traders begin to profit from
trading. Experienced traders start to profit than non-experienced traders. In Table 4,
the sexual effect is same as in Table 3, but we can distinguish the market-price effect
by male, female, and organizational traders. Male traders use more market price
orders to profit and gain stronger impact on trading profit than their counterparts,
female traders and organizational traders. The sexual impact on experience for male is
quite strong and even subdues the main effect of experience on profit, but the impact

for female is less. In literature, individuals lose resulting from trading too much. The
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results in this study further shows trading too much for organizations results in loss,
too.

In Table 5, age has minor effect on trading profit, but it has stronger effect on
placing market orders to profit. A one-year-old increase in age can raise 2.3% profit
from placing market orders to profit. The older people using strategy have less profit
than the younger who use strategy. In Table 6, age is included to Table 5 to examine
the interaction effect between age and sex. The other effects are similar to those
mentioned above. In Table 7, age is divided into 10 groups to explore the menopause

effect and compare the age effect across sex.

Appendix
A. Impact of overconfidence
Leverage effect
To explore life-cycle effect, our dataset is divided into five regimes based on
trader’s age (less than 25, greater than or equal to 25 and less than 45, greater than or
equal to 45 and less than 55, greater than or equal to 55 and less than 64, greater than

64) for men and women.

Ostrich effect

Owing to menopause and andropause, we suspect the traders in menopausal or
andropausal regime will refuse to face reality or accept facts than those in other
regimes. This study will follow the methodology used in Galai and Sade (2006),
Karlsson et al. (2009), Sicherman et al. (2013), and Gherzi et al. (2014) to explore
whether Ostrich effect is enforced during the menopausal and andropausal regimes

and the effect is different for female and male groups.

B. Bull/Bear market prediction

Overconfidence may wax and wane, both on an individual level and in the
aggregate according to bull or bear market. In this study, binary response models are
used to predict bear and bull markets determined by a mechanical dating rule based on
Bry and Boschan (1971) turning point dating rule and following Pagan and Sossounov
(2003) and Candelon, Piplack, and Straetmans (2008). A general property of Markov
switching models is that unobserved regimes are identified within the model, while

binary response models are observed as the values of a binary time series.

Ty = Us, + 05, & = Se(py + o160) + (1 = s¢) (o + 0pee) (1)
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where the return r; follows a different regime depending on the value of the
observable binary time series s;. In this model, the error term ¢, is identically and
independently distributed (IID) with zero mean and unit variance (i.e., E(g) =0
and Var(e.) = 1) and is assumed to be independent of s;. Throughout this study, the
value one signifies a bear market state and the value zero denotes a bull market. That
is,

)

S — {1, a bear market state at time t,
t 710, abull market state at time t.

Hence, if the market is in the bear state (si;), then the mean return generated by (1) is
w1 while in the bull market state it is u,. The market states are also characterized by

the regime-dependent variances (¢ and o¢).

B.1 Identifying bear and bull markets in real time

To construct forecasts for the state of the market, it is first necessary to determine
bear and bull market periods (2). There is no consensus in the literature on how these
periods should be identified. One possibility is to use a “naive” moving average
dating rule where the regimes are based on a mean return over the last few periods
(see, e.g., Chen 2009, Asem and Tian 2010). If the mean return is positive (negative),
the market status is bull (bear). An alternative approach is based on parametric models,
such as Markov switching models, in which the underlying unobserved state of the
market is assumed to follow a Markov process (see, e.g., Maheu and McCurdy 2000,
Chauvet and Potter 2000). Following the assumptions made by Candelon et al. (2008)
and Chen (2009), the time spent in a bear market (time from peak to next trough) or
bull market (trough to peak) must be at least 6 months. In addition, the duration of a
complete cycle from the trough to the next trough (or alternatively peak to peak) is
assumed to be at least 15 months.

B.2 Estimation

After identifying bear and bull regimes, we would estimate the results of the
regime switching model (1) to see the effects of the extracted bear and bull regimes
and then examine whether overconfidence/disposition effect increases in bull market
but risk aversion enforces in bear market. We will follow the framework shown on
Table 2 in Nyberg (2013) to compare estimation results of the regime switching model
(1) where the regimes are observed as a binary time series S;, with a linear model

without regimes (i.e., u =y = g and 6 = 62 = 62) and a Markov switching
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model similar to (1) in which the regimes are unobserved. The parameters of model (1)
are estimated using the method of maximum likelihood, assuming that the error term
& 1s Gaussian (NID).

We also will test the restriction that there is no relationship between return and
the market regimes extracted (i.e., model (1) reduces to the single-regime linear
model). We expect the estimation results of model (1) show that the mean parameter
of the bull regime (p) 1s positive while it is negative in the bear regime (1) and that
both are statistically significant. The bear market state will be clearly a much more
volatile regime. The estimated Markov switching model shares the same
characteristics as model (1) but the magnitudes of the estimated coefficients are
somewhat different. Moreover, we wonder whether the mean return during the bear
market regime can be estimated much more accurately when there is an explicit
dependence on the observed bear and bull market states. As a whole, we predict
model (1) outperforms the Markov switching model in terms of the values of the
log-likelihood function as well as Akaike (AIC) and Schwarz (BIC) information

criteria.
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Appendix : Variable Definitions

Variables Definitions

tradingyears2 Trading covered years, calculated by trading date minus the trader's first trading date
avget Average execution time

avglimit Average market-price order, limit=1 denotes market price, O for limit price.
dtrader Day traders, 1 for daytraders, O for non-daytraders

frequent Frequent traders, 1 for frequent traders, O for non-frequent traders
strategic Strategic traders, 1 for strategic traders, O for non-strategic traders
exp Experienced traders, 1 for experienced, O for non-experienced.

w W denotes trading profit, O for trading loss, and 1 for trading profit
sex0 Local organizations

sex1 Local male

sex2 Local female

sex3 Foreign organizations

sex4 Foreign individuals

gp1 1 denotes local male and age<=25, 0 otherwise

gp2 1 denotes local male and age>25 and age<=44, 0 otherwise

ap3 1 denotes local male and age>44 and age<=54, 0 otherwise

gp4 1 denotes local male and age>54 and age<=64, 0 otherwise

aps 1 denotes local male and age>64 , 0 otherwise

gp6 1 denotes local female and age<=25, 0 otherwise

ap7 1 denotes local female and age>25 and age<=44, 0 otherwise

gp8 1 denotes local female and age>44 and age<=54, 0 otherwise

ap9 1 denotes local female and age>54 and age<=64, 0 otherwise
gp10 gl to g9 all are zero
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Table 1

Vatiables Orders  Quantity %(;Ceumn Market Price  Quantity %(;Ceumn lg/iri(et Orders  Quantity ?iic;utwn g/iiacri(et
(Aggregate) (Per order) (Per person)
Total 215,719 75,427,396 137,595,481 13,637,364,886 16,111,689 1.82 181 0.21 350 638 63,218 74.69
Local Organizations 1,476 12,852,605 28,953,656  2,178,749,947 574,625 2.25 170 0.04 8,708 19,616 1,476,118  389.31
Local Male 127,344 37,327,513 62,608,832  7,303,263,085 10,225,256 1.68 196 0.27 293 492 57,351 80.30
Local Female 86,744 20,648,392 35,007,113  3,667,640,744 5,165,442 1.70 178 0.25 238 404 42,281 59.55
Intl Organizations 69 4,586,195 11,000,375 485,345,065 141,994 2.40 106 0.03 66,467 159,513 7,033,986 2,057.88
Intl Inviduals 83 12,596 19,457 2,345,603 4,350 1.54 186 0.35 152 234 28,260 52.41
Male, age<=25 5,020 1,001,070 1,931,934 176,677,290 240,113 1.93 176 0.24 199 385 35,195 47.83
Male, age>25 and age<=44 73,421 20,528,093 34,614,358  3,315,101,458 5,795,946 1.69 161 0.28 280 471 45,152 78.94
Male, age>44 and age<=54 30,595 10,801,784 18,262,029  2,562,578,834 2,845,117 1.69 237 0.26 353 597 83,758 92.99
Male, age>54 and age<=64 12,964 3,862,976 6,197,802  1,237,169,681 1,054,047 1.60 320 0.27 298 478 95,431 81.31
Male, age>64 5,344 1,133,590 1,602,709 365,090,400 290,033 1.41 322 0.26 212 300 68,318 54.27
Female, age<=25 3,402 680,152 1,224,929 50,763,822 165,271 1.80 75 0.24 200 360 14,922 48.58
Female,age>25 and age<=44 45,615 10,656,075 18,331,879  2,025,666,049 2,818,432 1.72 190 0.26 234 402 44,408 61.79
Female,age>44 and age<=54 23,861 6,103,993 10,127,919  1,030,350,663 1,425,109 1.66 169 0.23 256 424 43,181 59.73
Female,age>54 and age<=64 10,208 2,467,090 4,221,518 471,443,288 578,058 1.71 191 0.23 242 414 46,184 56.63
Female, age>64 3,058 741,082 1,100,868 190,944,565 178,572 1.49 258 0.24 203 301 52,199 48.82
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Table 2

LOGISTIC REGRESSION BACKWARD ELIMINATION
Optimization Technique : Fisher's scoring
Analysis of Maximum Likelihood Estimates

Odds Ratio Estimates

Parameter

Intercept
tradingyears2
avget
avglimit
dtrader

frequent
strategic

exp
W= 0 observations

W= 1 observations

Total observations

Estimate

0.0719

0.0107

0.000053
0.00648
-0.1692
-0.3008
0.3435

-0.062
33,943,356

41,484,040
81,172,023

Standard
Error

0.000836

0.000161

3.45E-07
0.000739
0.000559

0.00082
0.000908

0.000967

Wald
Chi-Square

7399.5841 <.0001

4408.1859 <.0001

23592.2589 <.0001
76.8298 <.0001
91716.641 <.0001
134628.947 <.0001
142945.486 <.0001

4101.0712 <.0001

Pr > ChiSq

Point

95% Wald

Estimate Confidence Limits

1.011

1.006
0.844
0.74
1.41

0.94

1.01

1.005
0.843
0.739
1.407

0.938

1.011

1.008
0.845
0.741
1.412

0.942
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Table 3

LOGISTIC REGRESSION BACKWARD ELIMINATION
Optimization Technique : Fisher's scoring
Analysis of Maximum Likelihood Estimates

Odds Ratio Estimates

Parameter Estimate Standard Wald Pr > ChiSq Point 95% Wald
Estimate
Error Chi-Square Confidence
Limits

Intercept 1.254 0.0011 1295600 <.0001
sex1 -1.1993 0.00077 2422864.21 <.0001 0.301 0.301 0.302
sex2 -1.295 0.000833 2415171.45 <.0001 0.274 0.273 0.274
tradingyears2 -0.0631 0.000176 128478.71 <.0001 0.939 0.939 0.939
avglimit 0.2626 0.000765 117668.774 <.0001 1.3 1.298 1.302
dtrader 0.0793 0.000583 18513.3829 <.0001 1.083 1.081 1.084
frequent -0.4635 0.000825 315784.908 <.0001 0.629 0.628 0.63
strategic -0.0285 0.0011 668.7547 <.0001 0.972 0.97 0.974
exp 0.0759 0.00103 5389.5307 <.0001 1.079 1.077 1.081
W= 0 observations 30,987,660
W= 1 observations 39,840,910
Total observations 70,828,570
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Table 4

LOGISTIC REGRESSION BACKWARD ELIMINATION

Optimization Technique : Fisher's scoring

Analysis of Maximum Likelihood Estimates

Odds Ratio Estimates

Parameter Estimate Standard Wald Pr> Point 95% Wald
ChiSq Estimate
Error Chi- Confidence
Square Limits

Intercept 1.2859 0.0118 11844.81 <.0001
sex1 -1.3083 0.0119 12161.058 <.0001 0.27 0.264 0.277
sex2 -1.3985 0.0119 13824.172 <.0001 0.247 0.241 0.253
tradingyears2 -0.1198 0.000331 130717.26 <.0001 0.887 0.887 0.888
avglimit -0.8401 0.00405 43031.409 <.0001 0.432 0.428 0.435
dtrader 0.0776 0.000583 17709.241 <.0001 1.081 1.079 1.082
frequent -0.1943 0.0118 269.6557 <.0001 0.823 0.805 0.843
strategic -0.0382 0.00203 355.4372 <.0001 0.963 0.959 0.966
exp 0.1833 0.00223 6761.4812 <.0001 1.201 1.196 1.206
sex1_tradingyears2 0.0809 0.000419 37353.415 <.0001 1.084 1.083 1.085
sex1_avget 0.000071 5.13E-07 19195.916 <.0001 1 1 1
sex1_avglimit 1.1863 0.00416 81315.6 <.0001 3.275 3.248 3.302
sex1_frequent -0.2578 0.0119 470.9281 <.0001 0.773 0.755 0.791
sex1_strategic 0.023 0.00261 77.2085 <.0001 1.023 1.018 1.028
sex1_exp -0.1936 0.00266 5284.1681 <.0001 0.824 0.82 0.828
sex2_tradingyears2 0.0823 0.000497 27368.935 <.0001 1.086 1.085 1.087
sex2_avget 0.000121 6.15E-07 38765.858 <.0001 1 1 1
sex2_avglimit 1.1243 0.00427 69447.503 <.0001 3.078 3.052 3.104
sex2_frequent -0.2688 0.0119 509.4539 <.0001 0.764 0.747 0.782
sex2_strategic -0.0421 0.00309 185.6378 <.0001 0.959 0.953 0.965
sex2_exp -0.1262 0.00303 1731.4879 <.0001 0.881 0.876 0.887
W= 0 observations 30,987,660
W= 1 observations 39,840,910
Total observations 70 g2g 570
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Table 5

LOGISTIC REGRESSION BACKWARD ELIMINATION
Optimization Technique : Fisher's scoring

Analysis of Maximum Likelihood Estimates

Odds Ratio Estimates

Parameter Estimate Standard Wald Pr > Point 95% Wald

Error Chi- ChiSq Estimate Confidence
Square Limits

Intercept 0.351 0.00301 13560.2 <.0001

age -0.00816 0.000068 14459.7 <.0001 0.992 0.992 0.992

tradingyears2 -0.00198 0.000163 146.563 <.0001 0.998 0.998 0.998

avget 0.000075 3.57E-07 44278.8 <.0001 1 1 1.000

avglimit -0.8312 0.00238 121767 <.0001 0.436 0.434 0.438

dtrader -0.0702 0.000571 15117.6 <.0001 0.932 0.931 0.933

frequent -0.0476 0.00304 244.467 <.0001 0.954 0.948 0.959

strategic 0.6275 0.00166 142981 <.0001 1.873 1.867 1.879

exp -0.0262 0.00144 331.281 <.0001 0.974 0971 0.977

age_avglimit 0.0231 0.000055 175866 <.0001 1.023 1.023 1.023

age_frequent -0.00758 0.000069 12211.4 <.0001 0.992 0992 0.993

age_strategic -0.0127 0.000046 74478.6 <.0001 0.987 0.987 0.988

age_exp 0.000806 0.000028 809.589 <.0001 1.001 1.001 1.001

w=0 33,043,356

observations

w=1 - 41,484,040

observations

Total 81,172,023

observations
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Table 6

LOGISTIC REGRESSION BACKWARD ELIMINATION
Optimization Technique : Fisher's scoring
Analysis of Maximum Likelihood Estimates

Odds Ratio Estimates

Parameter Estimate Standard Wald Pr > Point 95% Wald
Error Chi-Square ChiSq Estimate Confidence
Limits
Intercept 1.4945 0.0119 15685.0715 <.000
sex1 -1.6638 0.0122 18599.4793 <.000 0.189 0.185 0.194
sex2 -1.3031 0.0123 11213.9946 <.000 0.272 0.265 0.278
age -0.0171 0.000094 32891.6175 <.000 0.983 0.983 0.983
age_sex1 0.0216 0.000063 116407.974 <.000 1.022 1.022 1.022
age_sex2 0.0116  0.00007 27535.5687 <.000 1.012 1.012 1.012
tradingyears2 -0.1481 0.000415 127096 <.000 0.862 0.862 0.863
avglimit -0.6457 0.00425 23100.0475 <.000 0.524 0.52 0.529
dtrader -0.5065 0.00469 11673.4049 <.000 0.603 0.597 0.608
frequent -0.2938 0.0119 605.9394 <.000 0.745 0.728 0.763
strategic 0.0696 0.0114 37.0652 <.000 1.072 1.048 1.096
stra_freq -0.2841 0.0112 645.6709 <.000 0.753 0.736 0.769
exp 0.1058 0.00268 1558.275 <.000 1.112 1.106 1.117
age_tradingyears2 0.00147 0.000015 9963.1498 <.000 1.001 1.001 1.001
age_avglimit -0.00783  0.00007 12499.3904 <.000 0.992 0.992 0.992
age_frequent 0.0101 0.000071 20099.1722 <.000 1.01 1.01 1.01
age_strategic 0.0115 0.000092 15631.5098 <.000 1.012 1.011 1.012
age_exp 0.00492 0.00009 2987.4273 <.000 1.005 1.005 1.005
sex1_tradingyears2 0.0272 0.000588 2137.4923 <.000 1.028 1.026 1.029
sex1_avglimit 1.3038 0.00462 79724.3224 <.000 3.683 3.65 3.717
sex1_dtrader 0.5886 0.00474 15391.2549 <.000 1.801 1.785 1.818
sex1_frequent -0.5917 0.0122 2354.4099 <.000 0.553 0.54 0.567
sex1_strategic -0.3801 0.0039 9510.3699 <.000 0.684 0.679 0.689
sex1_exp -0.3214  0.00371 7511.2779 <.000 0.725 0.72 0.73
sex2_tradingyears2 0.03 0.000653 2117.8064 <.000 1.03 1.029 1.032
sex2_avglimit 1.252 0.00472 70356.0721 <.000 3.497 3.465 3.53
sex2_dtrader 0.5749 0.0048 14367.085 <.000 1.777 176 1.794
sex2_frequent -0.633 0.0122 2675.0336 <.000 0.531 0.518 0.544
sex2_strategic -0.4456 0.00431 10683.199 <.000 0.64 0.635 0.646
sex2_exp -0.2572 0.00405 4034.7786 <.000 0.773 0.767 0.779

W= 0 observations 30,987,660
W= 1 observations 39,840,910
Total observations 70,828,570
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Table 7

LOGISTIC REGRESSION BACKWARD ELIMINATION
Optimization Technique : Fisher's scoring
Analysis of Maximum Likelihood Estimates

Odds Ratio Estimates

Parameter Estimate Standard Wald Pr> Point 95% Wald
Error Chi-Square ChiSq Estimat Confidence
e Limits

Intercept -0.0541 0.0064 71.541 <.0001

gp1 -0.0901 0.00872 106.7894 <.0001 0.914 0.898 0.93
gp2 0.1011 0.00655 238.2367 <.0001 1.106 1.092 1.121
gp3 0.1005 0.00671 224.2152 <.0001 1.106 1.091 1.12
gp4 0.0525 0.00718 53.3604 <.0001 1.054 1.039 1.069
gp5 -0.0155 0.00826 3.5189 0.0607 0.985 0.969 1.001
gp6 0.0758 0.00952 63.42 <.0001 1.079 1.059 1.099
ap7 0.0248 0.00666 13.8655 0.0002 1.025 1.012 1.039
gp8 -0.0785 0.00738 113.2447 <.0001 0.924 0.911 0.938
gp9 -0.0123 0.00734 2.8007 0.0942 0.988 0.974 1.002
tradingyears2 -0.0368 0.00104 1255.8496 <.0001 0.964 0.962 0.966
avglimit 0.1519 0.00356 1818.9515 <.0001 1.164 1.156 1.172
dtrader 0.0757 0.00059 16488.627 <.0001 1.079 1.077 1.08
frequent -0.4492 0.00664 4571.9454 <.0001 0.638 0.63 0.646
strategic -0.1721 0.00307 3143.4436 <.0001 0.842 0.837 0.847
exp 0.0934 0.00254 1352.7187 <.0001 1.098 1.092 1.103
gp1_tradingyears2 -0.1259 0.00295 1822.7347 <.0001 0.882 0.877 0.887
gp1_frequent -0.3397 0.009 1424.2698 <.0001 0.712 0.7 0.725
gp2_tradingyears2 -0.061 0.0011 3048.9439 <.0001 0.941 0.939 0.943
gp2_frequent -0.0958 0.00679 199.1659 <.0001 0.909 0.897 0.921
gp3_tradingyears2 0.00228 0.00113 4.088 0.0432 1.002 1 1.005
gp3_frequent 0.1188 0.00695 292.4942 <.0001 1.126 1.111 1.142
gp4_tradingyears2 0.0572 0.00126 2062.6638 <.0001 1.059 1.056 1.062
gp4_frequent 0.1899 0.0074 657.9611 <.0001 1.209 1.192 1.227
gp5_tradingyears2 0.017 0.00174 94.5228 <.0001 1.017 1.014 1.021
gp5_frequent 0.1899 0.00846  503.7842 <.0001 1.209 1.189 1.229
gp6_tradingyears2 -0.3836 0.00289 17567.355 <.0001 0.681 0.678 0.685
gp6_frequent -0.2959 0.0101 858.566 <.0001 0.744  0.729 0.759
gp7_tradingyears2 -0.0203 0.00101  404.5425 <.0001 0.98 0.978 0.982
gp7_frequent -0.0934 0.00691 182.7319 <.0001 0.911 0.899 0.923
gp8_tradingyears2 0.3792 0.0027 19708.338 <.0001 1.461 1.453 1.469
gp8_frequent 0.3952 0.008 2442.1713 <.0001 1485 1.462 1.508
gp9_tradingyears2 0.00327  0.0011 8.8581 0.0029 1.003 1.001 1.005
gp9_frequent -0.0313 0.00772 16.4144 <.0001 0.969 0.955 0.984
gp1_avglimit 0.725 0.00734 9754.5748 <.0001 2.065 2.035 2.095
gp1_strategic -1.1916  0.0171 4832.2918 <.0001 0.304 0.294 0.314
gp1_exp -0.6335 0.0148 1826.1498 <.0001 0.531 0.516 0.546
gp2_avglimit 0.2383 0.00378 3965.5118 <.0001 1.269 1.26 1.279
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gp2_strategic
gp2_exp
gp3_avglimit
gp3_strategic
gp3_exp
gp4_avglimit
gp4_strategic
gp4_exp
gp5_avglimit
gp5_strategic
gp5_exp
gp6_avglimit
gp6_strategic
gp6_exp
gp7_avglimit

0.0964
-0.0308
0.0573
0.1534
-0.0853
-0.0589
0.0125
-0.1931
0.1282
0.1068
0.0429
0.1158
0.1497
-0.1083
0.1303

W= 0 observations 22,987,746
W= 1 observations 34,988,159
Total observations 57,975,905

0.0041
0.00326
0.00398
0.00397
0.00364
0.00461
0.00543
0.00492
0.00666

0.0103

0.0086
0.00428
0.00475
0.00441

0.004

5563.848 <.0001
89.1332 <.0001

207.2208 <.0001
1494.4494 <.0001
547.2843 <.0001

163.5889 <.0001

5.2703 0.0217

1537.9756 <.0001
369.8356 <.0001

106.6661 <.0001

24.9205 <.0001

732.2775 <.0001
993.3559 <.0001
602.0053 <.0001
1059.7936 <.0001

1.101

0.97
1.059
1.166
0.918
0.943
1.013
0.824
1.137
1.113
1.044
1.123
1.161
0.897
1.139

1.092
0.963
1.051
1.157
0.912
0.934
1.002
0.816
1.122

1.09
1.026
1.113
1.151

0.89

1.13

1.11
0.976
1.067
1.175
0.925
0.951
1.023
0.832
1.152
1.136
1.062
1.132
1.172
0.905
1.148
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