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ABSTRACT:

This paper analyzes whether do V-shape disposition effect and rank
effect exist in Chinese stock market. We use a sample of 5,000 individual
investors with more than 2 million transactions from January 2007 to
May 2009, which enable us to compare individuals’ trading behavior
during the booming, crashing, and recovering period. After controlling
for firm-specific information, holding period or the level of returns
itself, we find that V-shape disposition does not exist in our result. Rank
effect is also different in Chines market. Compared with investors in the
US market, Chinese investors are more likely to sell a position with
extreme good (the best) performance, and followed by the 2™ best
position, but reluctant to sell the salience of extreme bad portfolio
positions. This result is robust under different specifications, for
example, different modelling method, extreme portfolio situation,
measurement of rank and limit-down limitation, etc., and consistent in
different time periods.
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1. Introduction

In traditional economics and finance, the majority of the research have been built on
the assumption that human beings are rational, which means they are unbiased and
efficient processors of relevant information and that their decisions are consistent with
utility maximization. Markowitz (1952) describes how to choose a portfolio with the
minimum possible risk for the given expected return but assumes that all investors are
rational and risk adverse. However, a large number of empirical studies growing over
the last twenty years indicate that investors do not behave the way that is predicted.
They suffer from many behavioral biases, for example, they fail to behave rationally in
even quite simple situations (Elton, et al., 2004), using too simple diversification
portfolio (Benartzi and Thaler, 2001; Goetzmann and Kumar, 2008), buying stocks they
are familiar with (Massa and Simonov, 2006), influenced by limited attentions
(Seasholes and Wu, 2007; Barber and Odean, 2008), using mental accounting to
evaluate stocks (Thaler, 1985), trading too much due to overconfidence (Barber and
Odean, 2000), keeping loser and selling winner — known as disposition effect (Shefrin
and Statman, 1985; Odean, 1998). All these biases contribute to the over-performance
or under-performance of investors in the real world than in the ideal model.

Among all the researches of disposition effect, Ben-David and Hirshleifer (2012)
exam the relationship between the magnitude of gain or loss and disposition effect.
They find no evidence of a jump for short-term prior holding periods. The probability
of selling as a function of profit is V-shaped, and investors are more likely to sell big
losers than small ones. Meanwhile, by using data from Finnish market, Kaustia (2010b)
get similar result.

Hartzmark (2015) further develops these theories and find a new stylized fact about
how investors trade assets, named rank effect. It shows that investors compare the
returns of stocks in their portfolio when consider selling and they are more willing to
sell stocks with extreme winning and extreme losing positions. The most crucial
contribution of rank effect is that it considers the comparison within one’s portfolio

when he/she is making decision of selling. In previous studies, although most



researches successfully explain investors’ behavior to some extent, but most of them
suffer from a stock-by-stock bias, which they assume that investors consider stocks
one-by-one and ignore the comparison between stocks in the portfolio. However, it has
been proven in psychology that people consider what they have as a whole in the
decision-making process. Therefore, comparison in one’s own portfolio should be
added as a factor when analyzing the decision making of an investor. Furthermore, rank
effect causes damage to the profit of investors since both stocks with large unrealized
gains and losses outperform other stocks (An, 2017).

In this paper, we explore V-shape disposition effect and rank effect in Chinese stock
market. Based on a very unique and large database, we test whether rank effect exists
in Chinese stock market. If yes, we further examine to what extent do investor
characteristics affect rank effect, in different overall market condition and in different
selling-orders.

The data is collected from a large brokerage firm in China'. It contains more than 3
million accounts and 2 billion daily stock dealing records over the period of January
2007 to May 2009. Due to the consideration on the cost of computation, we use a
sample of 5,000 investors in this paper. Both the market and the time period of the
dataset are worth noting. China is an ideal laboratory to study behavioral finance among
investors. Due to its successful economic transition in the last three decades, Chinese
market has become the world’s second largest stock market in value since 2014 and has
been added to MSCI Emerging Markets Index since 2017, indicating its increasing
importance in global economy. However, Chinese stock market starts later (only from
1990s) and has generally been viewed as under-developed market with high degree of
asymmetric information, due among other things to its unsound financial system and
its weak shareholders’ protection, as well as its weak corporate governance system. The
time period of the dataset in this research is from 2007 to 2009, which cover the
financial crisis period. In China, although not mainly caused by the world financial

crisis, there was also a huge bubble in 2007 and experiencing significant stock price
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falling in 2008. The changes of the investor emotion and behavior when they face large
profits and losses along with risks are interesting to research. This adds more value to
the dataset and this research.

In this paper, we significantly update the time period of researches in disposition and
rank effect. We find that from 2007 to 2009, in Chinese stock market, disposition effect
exists among individual investors. However, V-shape disposition does not appear in
our result. Investors tends to sell a close-to-zero stock when it is a loss. In gain side, the
relationship between magnitude of gain and probability of selling is not significant.
When consider the comparison of stocks in one portfolio, for rank effect, Chinese
investors are more likely to sell a position with better performance. Best positions
(position with largest return) have the largest probability of being sold. 2™ best
positions follow. The probability of selling among middle, 2™ worst and worst positions
have no significant difference. The rank effect in Chinese market is not the same as it
is in US market. Surprisingly, investors do not trade very differently before, during or
over financial crisis. The extreme risk market condition in financial crisis does not
change the behaviour of individual investors a lot. Our results are the same under
different time periods and market conditions.

The rest of this paper is organized as follows. Section 2 reviews the relevant
literatures. Section 3 introduces the dataset, data processing and Chinese stock market
during this period. Section 4 discusses the main empirical results, while robustness tests

are presented in Section 5. Section 6 concludes.

2. Literature Review

In the early stage, expected utility (also known as von Neumann-Morgenstern utility)
theory dominates the analysis of investors’ decision making under uncertainty. It states
that the expected utility of any decision may be expressed as a linear combination of
the utilities of the outcomes, with the weights being the respective probabilities. This
theory has a normative interpretation which researchers particularly used to think

applies in many situations, for example, stock investment, to rational agents and



individuals. However, investors are generally viewed as irrational when they make
decisions and this violates the axioms of this theory, and therefore invalidate expected
utility model. Among all the critiques, Kahneman and Tversky (1979) develop an
alternative model, called prospect theory, to describe decisions making under risk.
Prospect theory states that the propensity to sell a stock declines as its price moves
away from the purchase price in either direction. Since then, the biases of the investor
behavior have been widely discussed. Among these, disposition effect (the tendency to
hold losers too long and sell winners too soon), pioneered by Shefrin and Statman
(1985), is the most well-known one.

Odean (1998) is the first to provide empirical result of disposition effect. The result
demonstrates that investors realize their gains more readily than their losses. These
investors demonstrate a strong preference for realizing winners rather than losers. After
his findings in US market, disposition effect is widely examined in many countries and
areas, for instance, Israel (Shapira and Venezia, 2001), Finland (Grinblatt and Keloharju,
2001a), China (Feng and Seasholes, 2005; Sumway and Wu, 2005), Taiwan (Barber, et
al., 2009), Germany (Lukas, et al., 2017), Korea (Choe and Eom, 2009), etc. These
papers show that investor’s behavior bias occurs in a wide range of markets. Prospect
theory is most commonly used to explain the disposition effect. Barberis and Xiong
(2009) model the trading behavior of an investor with prospect theory preferences and
show that, if gains and losses are evaluated when they are realized, a disposition effect
obtains. Therefore, a S-shaped curve in the probability of selling as a function of profit
is expected. However, Ben-David and Hirshleifer (2012) find that the curve is actually
V-shaped. They also document that gains or losses is not the only issue when analyze
disposition effect. How much is the gains or losses is a question as well. Meanwhile,
using the data from Finnish market, Kaustia (2010b) supports this result. Attention
trading (Barber and Odean, 2008) provides a possible reason for the V-shape disposition

since stocks with large gains or losses catch more attention of investors.

(Insert Figure 1)



However, most of the findings on V-shaped disposition effect are based on the data
from developed countries. Ben-David and Hirshleifer (2012) use the same dataset as
Odean (1998) which is from U.S. stock market and the period is from January 1990
through December 1996. Kaustia (2010b)’s data source is from Finish market from
December 27, 1994 through May 26, 2000. The relationship between the selling
behavior and the magnitude of gains (losses) in emerging market is under researched.
In addition, investors trading behavior under an updated time period, especially under
extreme market conditions such as financial crisis, is still ambiguous and lack of
research. In this paper, we use a dataset from Chinese stock market from 2007 to 2009

to discuss these questions.

Research Question 1: What is the relationship between the selling behavior and the
magnitude of gains (losses) in Chinese market? Is it a V-shape relation similar as US
market?

Research Question 2: Does V-shape disposition effect behave differently before,
during and after financial crisis? Do Chinese investors trade differently under different

market situation?

Rank effect (Hartzmark, 2015) further develops these findings into a new investor
trading bias effect that individuals are more likely to sell the extreme winning and
extreme losing positions in their portfolio. He criticizes that the previous studies have
considered investor trading preliminary on a stock-by-stock bias and ignore the
portfolio problem in its entirety. Using data from a large retail brokerage in US stock
market from 1991 to 1996, Hartzmark (2015) shows that on a day an investor sells a
position in their portfolio, the investor has a 31% chance of selling the stock with the
highest return in the portfolio and a 26% chance of selling the stock with the lowest
return, after controlling for a number of factors. Hartzmark (2015) also fits Logit
regression model used by Ben-David and Hirshleifer (2012) with adding the rank
dummy variable. The best-ranked stock (Best) is 15.7% more likely to be sold, and the

worst-ranked stock (Worst) is 10.7% more likely to be sold, both significant with large
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t-statistics. After including the two dummy variables for rank, the Loss*Return and
Gain*Return coefficients, which indicate the disposition effect, are becoming
insignificant and the Gain dummy coefficient decreases. This means that rank effect is
at least as strong as disposition effect. After these, An (2016) finds asset pricing value
based on V-shape disposition effect and rank effect by showing that stocks with both
large unrealized gains and large unrealized losses outperform others in the following
month.

In this paper, we significantly update the time period of the data to 2007 to 2009. We
also discuss the rank effect in a brand-new market, Chinese market, which is a large
and emerging market in a developing country. Since the year 2007 to 2009 cover the

financial crisis, we also analyze rank effect in the extreme market condition.

Research Question 3: Does rank effect exist in Chinese market? Do Chinese
investors evaluate a given stock differently based on what else is in their portfolio?
Research Question 4: Does rank effect behave differently before, during and after

financial crisis?

3. Background and the Dataset

2.1 Chinese Stock Market in 2007-2009

The year of 2008 saw a sequence of adverse financial news in the world and triggered
the US credit crunch and market crisis. And it soon became the worldwide financial
crisis. This poor external financial environment should have a great impact on Chinese
stock markets. However, although there was indeed an extreme volatility of stock prices
that signified a market bubble appearing and bursting in Chinese market, the story
began at the start of 2007 before the financial crisis.

Due to the Split-Share Structure Reform® in China, the entire year of 2007 is a crazy

year of Chinese stock market (see Fig.2). The biggest bull market came to Chinese

% Liao, et al (2014) and Lehkonen (2010) introduce the reform in detail.



stock markets in the beginning of 2007. The Shanghai Composite Index surged over
3,500 points from 2715.72 at the start of the year to 6,124 on October 16, which reached
the peak, with the rise of 140%. And then it plunged all the way, felling back to roughly
2000 points in November 2008, with the loss near to 70%. On 4™ November 2008, it
got the lowest point, which is 1706. Then the index got back to steady growth till the
end of 2009. In sharp contrast, during the same time period, the Chinese real economy

grew at average more than 10% per year.

(Insert Figure 2 here)

Chinese stock market provides an interesting and unique research environment in
terms of the market emotion and investor behavior. At the start of the bubble, with the
extreme bullish market, both domestic and foreign investors were enticed to buy
whatever shares were on offer without carefully analyzing the real performance and
growth potential of the listed firms. The whole market was under the emotion of over-
confidence and over-optimistic. Then when the bubble burst, all investors were facing
extraordinary loss and risk. The overall emotion turns to fear and lack of confidence.

We also introduce some criteria related to our research in Chinese stock market
during 2007 to 2009. In that time, one investor can only open one trading account in
agent. Therefore, our data for one investor is the entire trading behavior of this investor
in the market which helps us to get a more comprehensive understanding of the investor.
There is a limit up and limit down restriction, in the magnitude of 10% as well. In
Chinese market, the short sale constraint existed until 2010. There are no short-selling

records in our data.

3.2 The Data
This paper is based on a very large database collected from a large nationwide

brokerage firm in China, with more than 3 million accounts and 2 billion daily dealing



records over the period of January 2007 to May 2009°. Due to the computational
capacity limitations, we use a random sample of 5,000 investors and 2 million records
sub-data to build our model. The dataset is formed with 4 sub-datasets that are customer
file, account file, stock file and transaction file. Customer file contains the information
of each customer. Account file contains balance information of customer’s account on
daily basis. Stock file contains information of each stocks held by each customer on
daily basis. Transaction file contains each deal’s information. Customer ID is used to
merge all files. We also get the stock price information from CSMAR (China Stock
Market & Accounting Research Database).

Each row in the stock file indicates the holding record of one investor for one stock
at the end of one trading day and it composes our main data table. The transaction file
provides us the trading amount and price of each trades. There is also a column shows
“selling” when the transaction record is a sell. The customer file shows the gender,
account open date and birthday. All investors are individual investors and there is no
foreign investor. Since all data is based on the ending data of each trading day, the
trading sequence of multiple trades of one investor in one day cannot be observed.

There are totally 2,264,950 holding records in stock file from the 5000 customers
sample. After deleting duplicated records, 2,234,204 records remain in dataset. Some
of the records have a very small numbers of shares holding by one person one day. We
think it is caused by mistake. We keep holding records with more than (equal to) 100
shares per investor per day and 2,152,700 remain in the dataset. Since the data is based
on the shares one investor hold at the end of one trading day, if investor sells all his
shares that day, there is no record for him in that day. However, these records should be
involved in our model. We add these rows by finding corresponding records from
transactions record file. We only add roughly less than 1% data.

The current price is the stock price at the end of a trading day when investor keeps
this stock or sells part of his holding shares of that stock. And it is the stock price at the

last trade when investor liquidated. Since the stock price in one day does not change

? There are three missing months, which are April 2007, May 2007 and March 2008.



too much, this setting is reasonable in our data. The cost price is calculated as the share
weighted average buying price for multiple buying behavior for one stock. The return
is current price minus cost price.

We drop positions with unclear buying price. This is because the buying behavior is
before the start date of our data. We accomplished this by deleting positions that are
holdings in the first day. This drop roughly 8.8% of all records. The initial dataset
includes some records from HK market and other market. We only keep records from
Chinese stock market. This drops no more than 1%. There are also little records with 0
purchase price or current price. It is from some recording error. We drop this part and
it is a little more than 1%.

In rank effect theory, investors are more likely to sell best-performance stock and
worst-performance stock. Therefore, if one holds too few stocks one day, these records
should not be included since there is no best, worst and comparison. We follow
Hartzmark’s (2015) method to keep records with at least 5 stocks in one’s portfolio one
day. Since our data size is very large, we still have enough data to build the model. Also,
since investors with more number of stocks in their portfolio are thought to be more
sophisticated, this is a question to discuss further.

Also following the method of Hartzmark (2015), we only consider portfolios in days
that investors do sell at least one stock that day (a sell day). Since we discuss the
comparison of stocks in one’s portfolio when he considers selling a position, if the
investor does not sell any position one day, he is considered to be inactive that day.

After all the cleaning process, there are 67,288 records remain in our data.

4. V-shape Disposition in Chinese Market

4.1 The Model
To test the impact of on selling by the magnitude of the gain and loss in Chinese
market during financial crisis, we estimate a similar model as Ben-David and

Hirshleifer (2012) and Hartzmark (2015) do:
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Sell = Constant + a,(Gain) + a,(Gain * Return) + as(Loss * Return)

+ a,(Rank Variables) + as(Control Variables)

The model is on day-investor-stock level. Each observation is a position that one
investor holds one stock in one day. The model is fitted as a Logit model by maximum
likelihood. The dependent variable is a dummy variable, equals to 1 if the stock is sold
that day by that investor and 0 otherwise. Both partial selling and liquidation are
involved. Return is the unit share return of position which is calculated based on the
buying price (trading cost involved and is weighted average price by shares in case of
multiple purchase) and the current price of that stock at that day. Gain is a dummy
variable that takes the value of 1 if the unit return of the position is positive and 0
otherwise. Loss is the opposite of Gain. Including the interaction terms of Gain (Loss)
and Return allows us to analyze the relationship between the probability of selling and
the magnitude of gain and loss separately. To further test rank effect, we add 5 rank
variables into the model. The details of these 5 rank variables will be introduced in
chapter 5.2.

For control variables, since our data is not continuous, it is hard to get the exact
holding period of a position. We do not introduce holding period as control variable in
our model. Gender is a dummy variable that takes value of 1 for female and 0 for male.
Root_age is the square root of the investor’s age”. To control the experience of investor,
we introduce a dummy variable New investor, which equals to one if the investor
opened account in this brokerage after the start of our data period and zero otherwise.
It is worth noting that at that time, in Chinese market, one individual can only open one
account in the whole market. This makes our experience more powerful.
Root tradetimes is the square root of times of trading an investor made in our data
period. It can indicate the activation of an investor in some degree.

Since our data cover the financial crisis in China, we further introduce two dummy

* We use the date difference between investor’s birthday and May 31% 2009, which is the last day of our dataset.
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variables to control the time and market condition. We divide our data period, Jan 2007
to May 2009, into three parts, from Jan 1* 2007 to Oct 16™ 2007 as bull market, from
Oct 17" 2007 to Nov 4™ 2008 as bear market, from Nov 5™ 2008 to May 31* 2009 as
steady growth market. We define the three sub time period by the value of Shanghai
Composite Index, which has been discussed in detail in the early part of this paper (part
2.1). We introduce dummy variable Bull mar, equals to 1 if the position is in bull
market period, and Bear mar, equals to 1 if the position is in bear market period. We

set the steady period as benchmark.

(Insert table 1 here)

In table 1, we present the summary statistics of variables we use in our model. After
all cleaning, there are total 67,288 records (positions). For dummy variable (binomial
variable), we present the number of 1. For dependent variable Sold, there are 11,779
positions that are sold in the end of the day. Since we only include positions that at least
one stock in the portfolio is sold in that day. This number is reasonable. As for
independent variables, the numbers of 1 in Best, 2" best, 2" worst, Worst are the same
(8,548). By the definition of rank variables, there should be 1 best position, 1 2" best
position, 1 2™ worst position and 1 worst position in 1 portfolio. So, the numbers of 1
are the same for these variables. This also shows that there are 8,548 portfolio-day in
our model. 1 portfolio can include more than 1 middle rank positions. And the number
of 1 in Middle variable is 33,096. Since our data cover financial crisis, there are more
loss positions than gains in our model. The number of positions held by new investors
is 12,783. Our data is also balance in gender and in all three sub-market conditions. For
numerical variables, due to financial crisis, the average of loss per loss position is larger
than gain per gain position. The average age is 49.87 and Root age is 7.0219. The

average Root tradetimes is 27.9682.

4.2 Empirical Results of the Impact of Magnitude of Gain and Loss
Table 2 presents the marginal effect of the Logit regression model. Since then
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observations are related to each other, we apply the clustered standard error instead of
the simple standard error. Ben- David and Hirshleifer (2012) suggest clustering the
standard error by investor. In our data, clustering in investor level or date level are both

reasonable. Therefore, we fit the model in both method and compare the performance.

(Insert Table 2 here)

Table 2 presents the marginal effect of a logit regression model to examine the impact
of magnitude of gain and loss on selling. As it is shown in column 1, a position is 9.32%
more likely to be sold if it is a gain with a very large t-statistics value. It confirms the
disposition effect in Chinses stock market. Since the marginal effect of Gain*Return is
in negative sign and insignificant, the increase of magnitude of gain does not lead to an
increase probability of selling in Chinses market, as it does in US market. The
relationship between the magnitude of gain and probability of selling is still unclear.
The marginal effect of Loss*Return is significant in our result, but the sign is positive.
Since all of the Loss*Return terms should be nonpositive, this means that in loss case,
the probability of selling is increasing when the return is close to zero. An increase of
magnitude of loss does not lead to an increase of probability of selling. It is contrary to
the result of Ben- David and Hirshleifer (2012) in US market. The V-shape disposition
is not suitable in Chinese market from 2007 to 2009.

Column 2 shows the results when the standard errors are clustered by date. By
comparing with results in column 1 which the standard errors are clustered by investor,
most of the t-statistics in column 2 are larger than column 1, but the differences are not
large, and all of the significant levels of our main variables stay the same. This indicate
that both method suggest a similar result. Since the relation between positions from one
investor is more reasonable than the relation between dates, we follow the method from
Ben- David and Hirshleifer (2012) and use standard error clustered by investor in the
rest of this paper.

To consider the performance of investors’ characteristics control variables, in column

1, all of these variables are insignificant, New_investor is insignificant in column 2 as
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well. The investors’ heterogeneity may not play an important role in individuals’
decision of selling. However, since our dataset is large, we do not suffer from a luck of
degree of freedom by adding these variables. Adding them benefits to the robustness

level of our results.

4.3 The Impact of Magnitude of Gain and Loss in Different Market Condition
Since our data covers the financial crisis, analyzing how individual investors
performance under financial crisis and extreme market condition adds more value to
our data and research. Chinese market did not suffer seriously from the worldwide
financial crisis in 2008. However, there is an extreme volatility of stock prices that
signified a market bubble appearing and bursting in Chinese market during 2007 and
2008°. The Shanghai Composite Index was around 2700 at the beginning of 2007. It
surged and reached the peak at 6124 on 16™ October 2007. And then it went all the
down to 1706 on 4™ November 2008, which is the lowest point in 2008. After that the
Shanghai Composite Index enter a steady growth period in 2009. Based on this we split
our dataset into 3 subsets: 1* January 2007 to 16™ October 2007, called bull market,
17" October 2007 to 4™ November 2008, called bear market, and 5™ November 2008
to 31° May 2009, called steady market. We fit the same model in table 2 in these time
periods separately to test the impact of magnitude of gain and loss on selling in Chinese

market before, under and over financial crisis.

(Insert Table 3 here)

In table 3, since the observations of these time periods are on the same level our data
is balance to this split. In column 1, under bull market, Chinese individual investors are
8.41% (with t-statistics 6.839) more likely to sell a gain position, which shows a
significant disposition effect. However, the relationship between magnitude of gain and

the probability of selling is weak since Loss*Return is insignificant. Gain*Return has

5 We discuss in detail in part 2.1 of this paper.
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a significant and positive result. This means that if the position is a gain, investors are
more likely to sell it if it is close to zero. However, this tendency is not strong since the
result is less than 0.1%. What is unexpected is that the bear market condition shares the
same result with bull market condition. In column 2, the power of disposition effect is
9.82%. In the gain part, the impact of return on selling is also insignificant. And in the
loss part, investors are more likely to sell a close-to-zero stock with less than 1%
tendency. The results in steady growth period is slightly different. In column 3, in steady
market condition, disposition effect is still significant and in loss part, investors are still
slightly more willing to sell a stock with a small loss. However, Gain*Return is negative
and significant, which indicate that investor is also more likely to sell a close-to-zero
position when it is a gain. This shows a slightly reverse V-shape in the relation of
probability of selling and return.

Individual investors in Chinese market performance similarly before, under and over
financial crisis. The difference is very small. They show a strong disposition effect in
all three market conditions. And they also performance the same when a position is a
loss, which they are more slightly likely to sell it if it is a small loss. When a position
is a gain, in bull and bear market conditions, there is no impact of magnitude of gain
on probability of selling. But in steady growth market condition, inventors are more
willing to sell a gain position when it is close to zero. As a conclusion, disposition effect
is all strong before, under and after financial crisis. However, the V-shape do not exist
in all three market conditions. In Hoffmann, et al. (2013) and Gerrans, et al. (2015),
both of them state that although individual investors change their expectation of return
and risk tolerance during financial crisis, their trading behavior do not change

significantly. Our result support their argument in Chinese market.

5. Rank Effect

5.1 The Univariate T-test Result
By a similar method with Hartzmark (2015), we rank the positions in one’s portfolio

by the unit share return as best, ond best, worst, 2" worst and middle. A position is
y p
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ranked best if it has the highest unit share return in the portfolio of that particular
investor in that particular day. 2" best, worst and 2" worst are defined in a similar way.
Middle includes all positions not ranked in the top or bottom two positions. For
investors, only days that at least one stock is sold are included as sell day (active day).

The observations are at day-investor-stock level. We define Best% as:

#Best Sold
#Best Sold + #Best Not Sold

Best% =

#Best Sold is the number of best stocks that had their number of shares decreased.

#Best Not Sold is the number of best stocks that had their number of shares increased
or remained the same. 2" Best%, Middle%, 2"* Worst% and Worst% are defined in a
similar way. To calculate the t-statistics, we cluster the data by investor and date and

calculate the average.

(Insert Table 4 here)

In Table 4, we present the result in this large whole dataset. In Chinese stock market,
the order of probability of selling from large to small is the same order of the rank of
return. A best position with a 32% probability of selling is 7.05% more likely to be sold
than a 2" best position, with a very large t-statistics. In a similar way, a 2™ best position
is more likely to be sold than a middle one, a middle position is more likely to be sold
than a 2™ worst one and the worst position has the lowest probability to be sold.
However, when we compare the difference between ranks, although all differences pass
statistic test, the difference between best and 2™ best is 7.05% and the difference
between 2™ best and middle is 6.89%. These two differences are more than 2 times
larger than the rest two differences. In further results, when control variables are added,
the differences among middle, 2" worst and worst become insignificant. The best stock
is the one that is most likely to be sold by Chinese investors, and the 2™ best stock

follows. The rest stocks, middle, 2™ worst and worst, are treated similarly. As a
Yy
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conclusion, Chinese investors during financial crisis are more likely to sell a position
with better performance. In Hartzmark (2015), the US investors are more likely to sell
best and worst positions than the middle one. Our result in Chinese market is
significantly different.

To compare with results from Hartzmark (2015), the average probability of selling
for all stocks is 12.1%. Our result is 19.67%. All other selling percentage is larger as
well. This is not because that Chinese investors are more likely to trade. This is because
both of the papers only include selling day position, which means on each day that is
included, at least one position is sold. Since the average portfolio size of Chinese
investor is significant smaller than US investor and at least one stock is sold in one
portfolio one day, the average selling probability in Chinese market is of course larger

than it is in US.

5.2 Rank Effect in Regression Models

To test the rank effect in Chinese market with control variables, we run a similar logit
model with Hartzmark (2015) which is similar to our model in Section 4. We add 5 rank
variables into the model in Section 4.2. Best is a dummy variable that equals to 1 if the
position is in 1* rank in one’s portfolio on a particular day when we rank the positions
in portfolio by the unit share return’ since purchase. This means the best stock has the
largest unit share return in the portfolio. 2" Best, 2" Worst and Worst are defined
similarly to indicate the 2" best, 2™ worst and worst position in one’s portfolio on a
particular day. If one position is not Best, 2" Best, 2" Worst nor Worst, it is defined as
middle, which has a value of 1 in dummy variable Middle.

Hartzmark (2015) states a rank effect in US market, which is investors are more
likely to sell best and worst positions rather than middle positions. Therefore, he uses
Middle as his benchmark in his model. Based on our result in chapter 4.1, we find out
that worst position has the least probability to be sold. This means Worst is another
benchmark that is suggested ton be chosen. In our model, we compare the result when

Middle or Worst is the benchmark.

® The method of calculation unit share return is discussed in part 3.1
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(Insert Table 5 here)

Table 5 presents the results of rank effect from the logit model. In column 1, best, worst
and middle positions are included, and worst is chosen as the benchmark. Best positions
are 6.33% more likely to be sold than worst positions with a very large t-statistics
(6.578). Middle positions are 4.37% less likely to be sold than worst positions. However,
when changing the benchmark to middle, as it is shown in column 2, best positions are
still significantly more likely to be sold but the probability of selling a worst position
is not significantly difference with the probability of selling a middle one. To further
discuss this question, we introduce 2" Best and 2" Worst in column 3 and 4. In column
3, a best position is 10.12% more likely to be sold than a worst one and a 2™ best
position is 6.41% more likely to be sold than a worst one. These are the top 1 and 2
positions to be sold. The difference of probability of selling is insignificant between
middle positions and worst positions and between 2" worst positions and worst
positions. In column 4, when middle is the benchmark, the results of best and 2" best
positions are similar to they are in column 3. The difference of probability of selling
between middle and worst positions is insignificant and the difference between 2™
worst and worst positions is significant in 5% confidence level but insignificant in 1%.
Therefore, when adding 2™ best and 2™ worst positions into our model, we find that
there is no significant difference among the probability of selling of middle, 2™ worst
and worst positions. How to choose the benchmark position does not change this result.
We will use worst positions as benchmark in further results of this paper.

Based on these result, we can conclude that in Chinese market during 2007 to 2009,
The best position, the position that has the largest return in one’s portfolio, has the
largest chance to be sold and the 2™ best position follows. The results of probability of
selling of middle, 2" worst and worst positions may need more evidence. But based on
the result for now, we can infer that Chinese individual investors do not treat them in a

large magnitude of difference. The performance of Chinese investors during 2007 to
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2009 is difference to the performance of US investors as it is in result of Hartzmark

(2015). Chinese investor does not follow the rank effect.

5.3 Rank Effect in Different Market Conditions

Since the particularity of our data period, we test rank effect before, during and
after financial crisis. The market condition changed dramatically during financial
crisis. Under financial crisis, when all investors are facing extreme loss and risk, the
mind and selling choice of investors may change. Similar to chapter 3.3 and 4.2, we
depart data time period into three parts that represent three market conditions: bull

market, bear market and steady market.

(Insert Table 6 here)

Table 6 shows the marginal effect of rank effect in different market conditions. In
table 6 column 1, under bull market, individual investors are 10.34% more likely to
realize best-ranked positions than worst-ranked (benchmark in this model) positions.
They are also 7.04% more likely to realize 2" best-ranked positions. The probabilities
of realizing middle and worst positions do not appear a significant difference. But the
probability of selling 2" worst positions is larger than selling worst positions. Results
during financial crisis are shown in column 2. Best and 2™ best ranked positions still
get the largest and second largest probability of being sold. There is no significant
difference among 2™ worst and worst positions. However, for middle positions,
individual investors are 3.48% less likely to sell them than worst positions. This is
different from column 1. In column 3, after financial crisis, investors in Chinese market
are 10.08% more likely to sell best positions and 8.34% more likely to sell 2™ best
positions. They treat middle, 2™ worst and worst positions similarly when considering
the selling choice. Based on these results, the behaviors of individual investors before,
under and after financial crisis are similar. Rank effect in Hartzmark (2015) does not
appear in Chinese market. Chinese investors are more likely to sell best and 2™ best
positions. But in general, they do not discriminate middle, 2™ worst and worst positions
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when they consider selling a position. Their selling behavior before, during and after
financial crisis do not change very much. This result is similar as it is in chapter 4.3 of
this paper and also support the result from Hoffmann, et al. (2013) and Gerrans, et al.

(2015).

6. Robustness Test

In addition of many control variables we include in our model, we also to several

robustness test to empower our result.

6.1 V-shape Disposition Test by Probit Regression

To further control for the influence of methodology, we run the same model as in
table 2 but based on a probit regression method. Table 7 presents the marginal effect of
the probit model. The results are similar to the results in logit model. If the position is
a gain, the probability of selling this position by Chinese individual investor is increased
by 9.59%, which indicate a significant disposition effect. The Gain*Return term is also
negative and insignificant, which is the same as it is in logit model in table 2. The
magnitude of gain does not impact the probability of selling. In the loss side,
Loss*Return is positive and significant, which means that when a position is a loss and
close to zero, it is more likely to be sold. The V-shape disposition is not suitable in
Chinese market from 2007 to 2009. This result is consistent with the result in logit

regression. Our result is robust with different modeling methodology.

(Insert Table 7 here)

6.2 V-shape Disposition Test Measured by Rate of Return

Investor may consider the magnitude of gain or loss in other measurement rather than
unit stock return. In this part, we consider the rate of return, which equals to (current
price per share — purchase price per share) / purchase price per share. This measurement
is commonly used in stock analysis. In table 8, we show the result of our logit regression.
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When using rate of return to measure the magnitude of gain or loss, investors are 7.35%
more likely to sell a gain position. The Gain*Rate_return term is insignificant, so there
is no significant relationship between magnitude of gain and probability of selling.
Loss*Rate_return term is positive and significant, which indicate that when a position
is a loss, investors are more likely to sell in when it is close to 0. This result also shows

that V-shape disposition effect does not appear in Chinese market.

(Insert table 8 here)

6.3 Rank Effect by Probit Model

For rank effect, in order to control the influence of modeling methodology, we run a
test similar with our model in rank effect by probit model. Table 9 presents the result
from probit model. In Chinese market, a best rank position is 10.51% more likely to be
sold than a worst position (benchmark). A 2™ best position is 6.60% more likely to be
sold than a worst position. The differences among middle, 2™ worst and worst positions
are insignificant. The disposition effect is significant (coefficient of Gain is positive
and significant) and the V-shape disposition is insignificant (coefficient of Gain*Return
is insignificant, and Loss *Return is positive). The results from porbit model is the same

as results from logit model. Our results are robust with the choice of model.

(Insert Table 9 here)

6.4 Rank Effect in All Gain/ Loss Portfolios

In order to research rank effect in extreme condition and the relation between rank
effect and disposition effect, we estimate a similar logit model that restricts the
portfolios into all gain portfolios and all loss portfolios. In all gain portfolios, all
positions in this portfolio at that day are gain. These positions are at very good situation
and may lead investors to overconfidence. In all loss portfolios, everything is the
opposite. This test provides a more precise control for the disposition effect and
contributes to explain the disappear of V-shape disposition effect in Chinese market.
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(Insert Table 10 here)

Table 10 shows the results of rank effect in all gain/loss portfolios in logit model.
When all positions in a portfolio is gains, in column 1, investors are 13.74% (with
significant t value 5.524) more likely to sell a best position than a worst one and 12.23%
more likely to sell a 2™ best position. The probabilities of selling middle and 2™ worst
positions are slightly large with t values significant in 5% confidence level but not
significant in 1%. The differences among middle, 2" worst and worst positions are not
strong. When all positions come to a loss, in column 2, the probabilities of realizing
best and 2™ best positions are still significantly larger than the probability of worst
positions. The differences among middle, 2™ worst and worst positions are insignificant.
Our result that Chinese investors are more likely to sell best and 2™ best positions and
treat other positions equally is found in both all gain and all loss portfolios. Since in all
loss portfolios, this result is stronger, it leads to an interpretation of our result in V-
shape disposition effect. The magnitude of loss influences the decision of selling more
than magnitude of gain. And for a loss position, investors are more likely to sell it if it

1s close to zero.

6.5 Rank Effect in No Limit-Down Portfolios

The influence of government policy is strong in Chinese stock market. The limit-
down policy was established 1996. A limit-down stock is a stock that decrease more
than 10% in one day, which means (today’s price — yesterday’s price) / yesterday’s price
is less than -10%. If a stock becomes a limit-down stock in a particular day, the policy
limits the lower bound of its price by -10% rate of return, so it cannot be traded in a
lower price. Therefore, the possibility of selling limit-down positions is limited and it
may influence the probability of selling bad-performance positions in our model. Thus,

it can affect how investors sell their portfolios.

(Insert table 11 here)
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To control this, we use portfolios with no limit-down stocks in our data. In table 11,
when a portfolio has no limit-down position, a best-ranked position is 10.57% more
likely to be sold than a worst one, with a very large t-value (7.611). The probability of
selling a 2™ best position is also significantly larger than selling a worst position. The
probabilities of selling middle, 2" worst and worst positions have no significant
difference. This result is similar to our result in rank effect model. Our result is

robustness to the policy of limit-down stock.

6.6 Rank Effect Measured by Rate of Return

In this paper, we use return of a position per share to measure the rank effect. In the
real world, there are many factors that may draw investors’ attention. Thus, these
factors can lead investors to rank positions in their portfolio by other measurements.
To test this, we change the measurement of rank into rate of return. We use the same

calculation method as in chapter 6.2.

(Insert table 12 here)

When using rate of return as the measurement of rank, in table 12, we find that the
result is robust to our main result. Best rank stock has the largest probability to be
sold, which is 12.15% more likely than worst with t-value 10.424. 2™ best stock
follows with a 9.23% more likely to be sold than worst stock and also large t-value.
The probability of selling a middle stock is not significantly different than a worst
one. However, for 2™ worst stock, the result is slightly different from the main result,
Instead of insignificant difference, 2" worst stock is 2.35% more likely to be sold
than worst stock with a t-value 3.243. But 2.35% is much smaller than 12.15% and
9.23%. This indicate that we can still say our result is robust when we change the

measurement of rank from return to rate of return.
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7. Conclusions

In this paper, we test V-shape disposition effect and rank effect among individual
investors in Chines stock market before, during and after financial crisis. We find that
disposition effect is significant in China, but V-shape disposition effect is not. If the
position is a gain, the relationship between probability of selling and magnitude of
gain is not significant. While in loss part, investors are more likely to sell a position if
it is close to zero. We also indicate that except the slightly difference, this result is
similar before, during and after financial crisis. Investors do not behave differently in
different market conditions.

The rank effect in Chinese market is different from US market. The positions with
best performance in one’s portfolio have the largest probability to be sold. The 2™
best on follows. However, the probabilities of selling middle, 2™ worst and worst
positions are not significantly different. In general, investors want to sell positions
with better return. This result is also similar in different market conditions.

In our study, we want to discover how investor choose which position to sell when
they want to sell their stocks. We find investors are more willing to sell positions with
better performance. However, how they treat bad positions has not been discovered
totally. In addition, since investors do not behave significant differently before, during
and after financial crisis, how to explain this and how to explain the tiny difference in

different market conditions are also good questions.
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Figure 1: S-shape Disposition and V-shape Disposition
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Figure 2: S&P500 v.s. SEE Composite Index
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Table 1

Summary Statistics of Variables

Observation 67,288
Dummy variable Number of 1 in data
Sold 11,779
Best 8,548
2" best 8,548
Middle 33,096
2" worst 8,548
Worst 8,548
Gain 25,880
Gender 33,875
New_investor 12,783
Bull_mar 21,443
Bear _mar 25912
Steady mar 19,933
Numerical variable Average
Gain*Return 0.8624
Loss*Return -2.2745
Root_tradetimes 27.9682
Root_age 7.0219

Note: This table presents the summary statistics of variables in our model. The data contains daily holding records of 5,000
investors from a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which
is at investor-stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be

included in the model. All variables are defined in part 3.1 in this paper.
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Table 2

The Impact of Magnitude of Gain and Loss on Selling

Dependent Variable: Dummy of Selling the Position

Clustering standard error by: Investor Date
M @
Gain 0.0932%%*%* 0.0932%**
(t-statistics) (11.667) (21.947)
Gain*Return -0.000002 -0.00002
(-0.032) (-0.019)
Loss*Return 0.0066*** 0.0066***
(5.041) (9.776)
Root_tradetimes 0.0003 0.0003**
(0.599) (2.343)
Gender -0.0152 -0.0152%**
(-1.042) (-5.954)
Root_age -0.0055 -0.0055%***
(-0.797) (-3.382)
New_investor 0.0037 0.0037
(0.225) (1.133)
Bull_mar -0.0153 -0.0153%**
(-1.419) (-3.808)
Bear_mar 0.0198** 0.0198*%**
(2.315) (4.451)
Observations 67,288 67,288
Pseudo R* 0.02713 0.02713

Note: This table presents the marginal effect from logit regressions. The data contains daily holding records of 5,000 investors

from a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which is at

investor-stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be

included in the model. The dependent variable is a dummy variable equal to one if a stock is sold. Gain (Loss) is a dummy variable

indicating a positive (non-positive) return. Return is the unit share return since purchase. Other variables are control variables and

are defined in part 3.1 in this paper. The top number is the marginal effect, and the lower number in parentheses is the t -statistic.

Clustered standard error is applied. The first column shows the results with standard errors clustered by investor. The second

column shows the results with standard errors clustered by date. ***, ** * indicate statistical significance at the 1% level, 5% level

and 10% level respectively.
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Table 3

The Impact of Magnitude of Gain and Loss on Selling in Different Market Condition

Dependent Variable: Dummy of Selling the Position

Market Condition: Bull Bear Steady
(@) @ 3)
Gain 0.0841%** 0.0982%** 0.1260%**
(t-statistics) (6.839) (9.981) (12.114)
Gain*Return 0.0002%* -0.0007 -0.0131**
(1.981) (-0.915) (-2.209)
Loss*Return 0.0025 0.0062%** 0.0068***
(0.487) (3.757) (3.839)
Root_tradetimes 0.0014*** 0.0005 -0.0095**
(2.772) (0.979) (-2.364)
Gender -0.0169 -0.0183 0.0019
(-0.748) (-1.319) (0.155)
Root_age -0.0122 -0.0077 0.0057
(-1.374) (-0.918) (0.849)
New_investor 0.0287** 0.0108 -0.0183
(2.180) (0.572) (-1.186)
Observations 21,443 25,912 19,933
Pseudo R* 0.01422 0.03131 0.04597

Note: This table presents the marginal effect from logit regressions. The data contains daily holding records of 5,000 investors

from a large nationwide brokerage in the period from January 2007 to May 2009. Column 1 is from data from bull market and the

time period is from Jan 1% 2007 to Oct 16" 2007. Column 2 is from bear market condition and the time period is from Oct 17"

2007 to Nov 4™ 2008. Column 3 is the steady market condition and the time period is from Nov 5™ 2008 to May 31 2009. Each

position is an observation which is at investor-stock-day level. Only days in which a stock is sold are included, and an investor

must hold at least five stocks to be included in the model. The dependent variable is a dummy variable equal to one if a stock is

sold. Gain (Loss) is a dummy variable indicating a positive (non-positive) return. Return is the unit share return since purchase.

Other variables are control variables and are defined in part 3.1 in this paper. The top number is the marginal effect, and the lower

number in parentheses is the t -statistic. The standard error is clustered by investor. ***, ** * indicate statistical significance at the

1% level, 5% level and 10% level respectively.
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Table 4
The Univariate Test of Rank Effect

O]
Best% 0.3189
2" Best% 0.2484
Middle% 0.1795
2" Worst% 0.1404
Worst% 0.1194
All 0.1967
Best% - 2" Best% 0.0705%%**
(10.3105)
2" Best% - Middle% 0.0689%%**
(12.4040)
Middle% - 2" Worst% 0.0391 %%
(8.1051)
2" Worst% - Worst% 0.0210%**
(4.1094)
Observations 8,625

Note: This table presents the t-test result of rank effect. The data contains daily holding records of 5,000 investors from a large
nationwide brokerage in the period from January 2007 to May 2009. Best% is calculated as the ratio of best positions that are sold
divided by all best positions. Others are defined in a similar method. The data is clustered by investor and date. Only days in which
a stock is sold are included, and an investor must hold at least five stocks to be included. In the second half of this table, the top
number is the difference in average, and the lower number in parentheses is the t -statistic. ***, ** * indicate statistical significance

at the 1% level, 5% level and 10% level respectively.
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Table 5

The Test of Rank Effect
Dependent Variable: Dummy of Selling the Position
benchmark: Worst Middle Worst Middle
M @ ©) 4
Best 0.0633%** 0.0894%** 0.1012%** 0.1128%**
(t-statistics) (6.578) (10.256) (7.286) (12.166)
2ndbest 0.0641%** 0.0757%**
(6.103) (11.817)
Middle -0.0437%** -0.0120
(-6.684) (-1.155)
2ndworst 0.0079 0.0192%%*
(1.135) (2.355)
Worst -0.0046 0.0089
(-0.512) (0.905)
Gain 0.0733%* 0.0708*** 0.0614%** 0.0611%**
(7.934) (7.581) (6.939) (6.907)
Gain*Return -0.0005 -0.0004 -0.0007 -0.0007
(-0.159) (-0.141) (-0.221) (-0.221)
Loss*Return 0.0065%** 0.0057%** 0.0052%** 0.0052%**
(5.378) (4.445) (4.204) (4.152)
Control Variables Yes Yes Yes Yes
Observations 67,288 67,288 67,288 67,288
Pseudo R* 0.03807 0.03520 0.04021 0.04018

Note: This table presents the marginal effect from logit regressions. The data contains daily holding records of 5,000 investors
from a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which is at
investor-stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be
included in the model. The dependent variable is a dummy variable equal to one if a stock is sold. 5 dummy rank variables are
included to test rank effect. Gain (Loss) is a dummy variable indicating a positive (non-positive) return. Return is the unit share
return since purchase. Other variables are control variables and are defined in part 3.1 in this paper. The top number is the marginal
effect, and the lower number in parentheses is the t -statistic. Clustered standard error is by investor. ***, ** * indicate statistical

significance at the 1% level, 5% level and 10% level respectively.
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Table 6
Rank Effect in Different Market Conditions

Dependent Variable: Dummy of Selling the Position

Market Condition: Bull Bear Steady
M @
Best 0.1034%** 0.1049%** 0.1080%**
(t-statistics) (6.416) (6.475) (5.026)
2ndbest 0.0704%** 0.0486%** 0.0834%%**
(4.610) (3.265) (4.584)
Middle 0.0124 -0.0348*** -0.0010
(0.758) (-2.626) (-0.063)
2ndworst 0.0357%** -0.0079 0.0015
(3.320) (-0.701) (0.100)
Gain 0.0589%** 0.0616%** 0.0946%%**
(5.327) (7.116) (10.896)
Gain*Return 0.000006 -0.0030%** -0.0232%**
(0.468) (-2.620) (-5.506)
Loss*Return 0.0002 0.0045%** 0.0053%**
(0.040) (3.080) (2.914)
Control Variables Yes Yes Yes
Observations 21,443 25,912 19,933
Pseudo R* 0.02241 0.05060 0.05943

Note: This table presents the marginal effect from logit regressions. The data contains daily holding records of 5,000 investors
from a large nationwide brokerage in the period from January 2007 to May 2009. Column 1 is from data from bull market and the
time period is from Jan 1% 2007 to Oct 16" 2007. Column 2 is from bear market condition and the time period is from Oct 17"
2007 to Nov 4™ 2008. Column 3 is the steady market condition and the time period is from Nov 5™ 2008 to May 31 2009. Each
position is an observation which is at investor-stock-day level. Only days in which a stock is sold are included, and an investor
must hold at least five stocks to be included in the model. The dependent variable is a dummy variable equal to one if a stock is
sold. 5 dummy rank variables are included to test rank effect. Gain (Loss) is a dummy variable indicating a positive (non-positive)
return. Return is the unit share return since purchase. Other variables are control variables and are defined in part 3.1 in this paper.
The top number is the marginal effect, and the lower number in parentheses is the t -statistic. Clustered standard error is by investor.

*HE Kk ¥ indicate statistical significance at the 1% level, 5% level and 10% level respectively.
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Table 7
The Impact of Magnitude of Gain and Loss on Selling by Probit Model

Dependent Variable: Dummy of Selling the Position

Modeling Method: Probit
()
Gain 0.0959%**
(t-statistics) (12.174)
Gain*Return -0.000003
(-0.038)
Loss*Return 0.0056%**
(5.209)
Root_tradetimes 0.0002
(0.512)
Gender -0.0162
(-1.109)
Root_age -0.0057
(-0.814)
New_investor 0.0032
(0.192)
Bull_mar -0.0147
(-1.355)
Bear_mar 0.0194%**
(2.325)
Observations 67,288
Pseudo R? 0.02689

Note: This table presents the marginal effect from probit regressions. The data contains daily holding records of 5,000 investors
from a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which is at
investor-stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be
included in the model. The dependent variable is a dummy variable equal to one if a stock is sold. Gain (Loss) is a dummy variable
indicating a positive (non-positive) return. Return is the unit share return since purchase. Other variables are control variables and
are defined in part 3.1 in this paper. The top number is the marginal effect, and the lower number in parentheses is the t -statistic.
Clustered standard error is by investor. *** ** * indicate statistical significance at the 1% level, 5% level and 10% level

respectively.
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Table 8
The Impact of Magnitude of Gain and Loss (Measured by Rate of Return) on Selling

Dependent Variable: Dummy of Selling the Position

Measurement: Rate of return
()
Gain 0.0735%**
(t-statistics) (8.772)
Gain*Rate_return -0.0114
(-1.103)
Loss*Rate_return 0.2361%**
(9.710)
Root_tradetime -0.000006
(-0.013)
Gender -0.0135
(-0.977)
Root_age -0.0039
(-0.593)
New_investor 0.0026
(0.165)
Bull_mar -0.0244**
(-2.198)
Bear_mar 0.0135
(1.521)
Observations 67,288
Pseudo R? 0.03199

Note: This table presents the marginal effect from logit regressions. The data contains daily holding records of 5,000 investors
from a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which is at
investor-stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be
included in the model. The dependent variable is a dummy variable equal to one if a stock is sold. Gain (Loss) is a dummy variable
indicating a positive (non-positive) return. Rate_return is the unit share rate of return since purchase. Other variables are control
variables and are defined in part 3.1 in this paper. The top number is the marginal effect, and the lower number in parentheses is
the t -statistic. Clustered standard error is by investor. ***, ** * indicate statistical significance at the 1% level, 5% level and 10%

level respectively.
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Table 9
Rank Effect by Probit Model

Dependent Variable: Dummy of Selling the Position

Modeling Method: Probit
(@)
Best 0.1051%**
(t-statistics) (8.619)
2ndbest 0.0660***
(6.574)
Middle -0.01116
(-1.176)
2ndworst 0.0074
(1.115)
Gain 0.0620%**
(9.054)
Gain*Return -0.0001
(-0.695)
Loss*Return 0.0044***
(4.326)
Control Variables Yes
Observations 67,288
Pseudo R? 0.04020

Note: This table presents the marginal effect from probit regressions. The data contains daily holding records of 5,000 investors
from a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which is at
investor-stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be
included in the model. The dependent variable is a dummy variable equal to one if a stock is sold. 5 dummy rank variables are
included to test rank effect. Gain (Loss) is a dummy variable indicating a positive (non-positive) return. Return is the unit share
return since purchase. Other variables are control variables and are defined in part 3.1 in this paper. The top number is the marginal
effect, and the lower number in parentheses is the t -statistic. Clustered standard error is by investor. ***, ** * indicate statistical

significance at the 1% level, 5% level and 10% level respectively.
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Table 10
Rank Effect in All Gain/Loss Portfolios

Dependent Variable: Dummy of Selling the Position

Portfolios: Gain Loss
M @
Best 0.1374%** 0.1227%**
(t-statistics) (5.524) (7.271)
2ndbest 0.1223%*%* 0.0901%**
(5.496) (6.014)
Middle 0.0468%* 0.0124
(2.308) (0.762)
2ndworst 0.0491 0.0047
(2.413) (0.342)
Control Variables Yes Yes
Observations 3,772 12,814
Pseudo R* 0.02249 0.02143

Note: This table presents the marginal effect from logit regressions. The data contains daily holding records of 5,000 investors
from a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which is at
investor-stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be
included in the model. If the whole portfolio of one investor in one day are gain positions, the data is included in column 1. If the
whole portfolio of one investor in one day are loss positions, the data is included in column 2. The dependent variable is a dummy
variable equal to one if a stock is sold. 5 dummy rank variables are included to test rank effect. Gain (Loss) is a dummy variable
indicating a positive (non-positive) return. Return is the unit share return since purchase. Other variables are control variables and
are defined in part 3.1 in this paper. The top number is the marginal effect, and the lower number in parentheses is the t -statistic.
Clustered standard error is by investor. *** ** * indicate statistical significance at the 1% level, 5% level and 10% level

respectively.
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Table 11
Rank Effect from Portfolios with No Limit-Down Stocks

Dependent Variable: Dummy of Selling the Position

Subsample: No limit-down stocks in portfolio
(@)
Best 0.1057***
(t-statistics) (7.611)
2ndbest 0.0695%**
(6.728)
Middle -0.0086
(-0.854)
2ndworst 0.0100
(1.397)
Gain 0.0609%**
(6.973)
Gain*Return -0.0005
(-0.146)
Loss*Return 0.0051%**
(4.025)
Control Variables Yes
Observations 62,987
Pseudo R? 0.04057

Note: This table presents the marginal effect from logit regression. The data contains daily holding records of 5,000 investors from
a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which is at investor-
stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be included in the
model. If the whole portfolio of one investor has no limit-down stock, the data is included. The dependent variable is a dummy
variable equal to one if a stock is sold. 5 dummy rank variables are included to test rank effect. Gain (Loss) is a dummy variable
indicating a positive (non-positive) return. Return is the unit share return since purchase. Other variables are control variables and
are defined in part 3.1 in this paper. The top number is the marginal effect, and the lower number in parentheses is the t -statistic.
Clustered standard error is by investor. *** ** * indicate statistical significance at the 1% level, 5% level and 10% level

respectively.
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Table 12
Rank Effect Measured by Rate of Return

Dependent Variable: Dummy of Selling the Position

Subsample: No limit-down stocks in portfolio
(@)
Rate best 0.12]15%**
(t-statistics) (10.424)
Rate 2ndbest 0.0923%**
(8.716)
Rate_middle 0.0081
(0.831)
Rate 2ndworst 0.0235%**
(3.243)
Gain 0.0551%**
(7.817)
Gain*Return -0.0001
(-0.146)
Loss*Return 0.0051%**
(4.323)
Control Variables Yes
Observations 67,758
Pseudo R? 0.04318

Note: This table presents the marginal effect from logit regression. The data contains daily holding records of 5,000 investors from
a large nationwide brokerage in the period from January 2007 to May 2009. Each position is an observation which is at investor-
stock-day level. Only days in which a stock is sold are included, and an investor must hold at least five stocks to be included in the
model. The dependent variable is a dummy variable equal to one if a stock is sold. 5 dummy rate_rank variables (measured by rate
of return instead of return) are included to test rank effect. Gain (Loss) is a dummy variable indicating a positive (non-positive)
return. Return is the unit share return since purchase. Other variables are control variables and are defined in part 3.1 in this paper.
The top number is the marginal effect, and the lower number in parentheses is the t -statistic. Clustered standard error is by investor.

*HE k¥ indicate statistical significance at the 1% level, 5% level and 10% level respectively.

38



References

An, L. (2016), “Asset Pricing When Traders Sell Extreme Winners and Losers”, The Review of Financial
Studies 29:823-861

Bailey, T., Berg, P., and Sandy, C. (2001). The effect of high-performance work practices on employee
earnings in the steel, apparel, and medical electronics and imaging industries. Indust. Labor
Relations Rev. 54-2A 525-543.

Barber, B.M. and T. Odean (2000), “Trading Is Hazardous to Your Wealth: The Common Stock
Investment Performance of Individual Investors,” Journal of Finance 55:773- 806.

Barber, B.M. and T. Odean (2008), ”All that Glitters: The Effect of Attention on the Buying Behavior of
Individual and Institutional Investors,” Review of Financial Studies, 21: 785-818.

Barber, B.M., Y. Lee, Y. Liu, and T. Odean (2007), “Is the Aggregate Investor Reluctant to Realize Losses?
Evidence from Taiwan,” European Financial Management 13:423- 447.

Barber, B.M., Y. Lee, Y. Liu, and T. Odean (2009), “Just How Much Do Individual Investors Lose by
Trading?c Review of Financial Studies 22:609-632.

Barberis, N. and W. Xiong (2009), “What Drives the Disposition Effect? An Analysis of a Long-Standing
Preference-based Explanation,c Journal of Finance 64:751-784.

Bazerman, M. H., G. F. Loewenstein, and S. Blount White. (1992). Reversals of preference in allocation
decisions: Judging an alternative versus choosing among alternatives. Administrative Science
Quarterly 37:220-40.

Ben-David, 1., and D. Hirshleifer. 2012. Beyond the disposition effect: Do investors really like realizing
gains more than losses Review of Financial Studies 25:2485-532

Bernartzi, S., and Richard Thaler. 2001. Naive diversification strategies in defined contribution savings
plans. American Economic Review 91:79-98.

Chang, T. Y., Solomon, D. H. and Westerfield, M. M. 2016. Looking for Someone to Blame: Delegation,
Cognitive Dissonance, and the Disposition Effect. The Journal of Finance, 71, 267-302.

Chen, G., K. Kim, J. Nofsinger, and O. Rui (2007), “Trading Performance, Disposition Effect,
Overconfidence, Represenativeness Bias, and Experience of Emerging Market Investors,” Journal
of Behavioral Decision Making 20:425-451.

Cheng, T., Lee, C. and Lin, C. (2013)"An examination of the relationship between the disposition effect
and gender, age, the traded security, and bull-bear market conditions." Journal of Empirical
Finance 21: 195-213.

Choe, H. and Y. Eom (2009), The Disposition Effect and Investment Performance in the Futures Market,”
Journal of Futures Markets 29:496-522.

Da Z., J. Engelberg, and P. Gao (2010), “In Search of Attention,” Journal of Finance, 5:1461-1499

Dhar, R., Kumar, A. (2002). A non-random walk down the main street: Impact of price trends on trading
behavior of individual investors. Working paper, International Center for Finance, Yale University,
New Haven, CT.

Dhar, R., Zhu, N., (2006). Up close and personal: investor sophistication and the disposition effect.
Manag. Sci. 52, 726-740.

Elton, E., M. Gruber, and J. Busse. 2004. “Are Investors Rational? Choices among Index Funds.” Journal
of Finance, vol. 59, no. 1 (February):261-288.

Feng, L. and M. Seasholes (2005), “Do Investor Sophistication and Trading Experience Eliminate

Behavioral Biases in Financial Markets?”, Review of Finance 9:305-351.

39



Frazzini, A. (2006), “The Disposition Effect and Underreaction to News,” Journal of Finance
61:2017:2046.

Frydman, C., N. Barberis, C. Camerer, P. Bossaerts, and A. Rangel. (2014). Using neural data to test a
theory of investor behavior: An application to realization utility. Journal of Finance 69:907-46.

Gerrans, P., Faff, R. and Hartnett, N. (2015). Individual financial risk tolerance and the global financial
crisis. Accounting and Finance 55:165-185

Goetzmann, W. N., and A. Kumar. (2008). Equity portfolio diversification. Review of Finance 12:433—
63.

Goetzmann, William, M. Massa. (2002). Daily momentum and contrarian behavior of index fund
investors. J. Finance Quant. Anal. 37 375-390.

Grinblatt, M. and M. Keloharju (2000), “The Investment Behavior and Performance of Various Investor
Types: A Study of Finland's Unique Data Set,c Journal of Financial Economics 55:43-67.

Grinblatt, M. and M. Keloharju (2001a), “What Makes Investors Trade?” Journal of Finance 56:589-616.

Hallahan, T., Faff, R., McKenzie, M., (2004). An empirical investigation of personal financial risk
tolerance. Financ. Serv. Rev. 13, 57-78.

Hartzmark, S. M. 2015. The worst, the best, ignoring all the rest: The rank effect and trading behavior.
Review of Financial Studie 28:1024-59.

Hauser, J. R. Forthcoming. Considerationset heuristics. Journal of Business Research.

Hoffmann, A., Post, T. and Pennings, J. (2013). Individual investor perceptions and behavior during the
financial crisis. Journal of Banking & Finance 37(2013):60-74

Hsee, C. K. (1996). The evaluability hypothesis: An explanation of preference reversals between joint
and separate evaluations of alternatives. Organizational Behavior and Human Decision Processes
66:122-9.

Hsee, C. K., G. F. Loewenstein, S. Blount, and M. H. Bazerman. (1999). Preference reversals between
joint and separate evaluations of options: A review and theoretical analysis. Psychological Bulletin
125:576-90.

Itzkowitz, J., Itzkowitz, J. and Rothbort, S. (2016), “ABCs of Trading: Behavioral Biases affect Stock
Turnover and Value”, Review of Finance, 2016, 663-692

Jacobs, H., and A. Hillert. (2016), “Alphabetic Bias, Investor Recognition, and Trading Behavior”.
Review of Finance, 2016, 693-723

Kahneman, D. (2003). Maps of bounded rationality: Psychology for behavioral economics. American
Economic Review 93:1449-75.

Kahneman, D. and A. Tversky (1979), “Prospect Theory: An Analysis of Decision under Risk,”
Econometrica, 47:263-291.

Kaustia, M. (2010b). Prospect Theory and the Disposition Effect. Journal of Financial and Quantitative
Analysis 45:791-812.

Krueger, A., and Rouse, C. (1998). The effect of workplace education on earnings, turnover, and job
performance. J. Labor Econom. 16(1) 61-94.

Lehkonen, H. Bubbles in China (2010). International Review of Financial Analysis, 19: 113-117

Liao, L., Liu, B. and Wang, H. (2014), China's secondary privatization: Perspectives from the Split-Share
Structure Reform. Journal of Financial Economics, 113: 500-518.

List, J. A. (2002). Preference reversals of a different kind: The ‘more is less’ phenomenon. American
Economic Review 92:1636-43.

List, J. A. (2003). Does market experience eliminate market anomalies? Quart. J. Econom. 118(1) 41—

40



71.

Locke, P., and S. C. Mann. 2005. Professional trader discipline and trade disposition. Journal of Financial
Economics 76:401-44.

Lukas, M., Eshraghi, A. and Danbolt, J. (2017), “The Disposition Effect in Social Trading: Influence of
Transparency on Investment Decision”, working paper.

Markowitz, H. 1952. Portfolio selection. Journal of Finance 7:77-91.

Odean, T. 1998. Are investors reluctant to realize their losses? Journal of Finance 53:1775-98.

Meng, J. 2010. The Disposition Effect and Expectations as Reference Point. Working Paper, Guanghua
School of Management, Peking University.

Seasholes, M.S., and G. Wu (2007), “Predictable Behavior, Profits, and Attention," Journal of Empirical
Finance, 15:590-610.

Shapira, Z. and 1. Venezia (2001), “Patterns of Behavior of Professionally Managed and Independent
Investors,” Journal of Banking and Finance 25:1573-1587.

Shefrin, H.M. and M.S. Statman (1985), “The Disposition to Sell Winners too Early and Ride Losers too
Long: Theory and Evidence,” Journal of Finance 40:777-790.

Shi, Y., Li, Z. and Chen, W. (2009), A empirical study of trading behavior in Chinese security markets.,
Financial Research, 11: 129-142, in Chinese.

Shumway, T., and Wu. G., "Does disposition drive momentum?." AFA 2006 Boston Meetings Paper.

Strahilevitz, M., T. Odean, and B. M. Barber. (2011). Once Burned, Twice Shy: How Naive Learning,
Counterfactuals, and Regret Affect the Repurchase of Stocks Previously Sold. Journal of
Marketing Research 48:102-20.

Thaler, R., (1985), “Mental Accounting and Consumer Choice,” Marketing Science, 3:199-214.

Tversky, A., and D. Kahneman. (1992). Advances in prospect theory: Cumulative representation of
uncertainty. Journal of Risk and Uncertainty 5:297-323.

Weber, M. and C.F. Camerer (1998), “The Disposition Effect in Securities Trading: An Experimental
Analysis,” Journal of Economic Behavior and Organization 33:167-184.

Yao, S., and Luo, D. (2009), The Economic Psychology of Stock Market Bubbles in China . The World
Economy, 32 (8): 667-690

41



Appendix:

This list contains items in the data given by a brokerage firm from January 2007 to September 2009,
which are stored in four sub-datasets. Customer file contains the information of each customer. Account
file contains balance information of customer’s account on daily basis. Stock file contains information
of each stocks held by each customer on daily basis. Transaction file contains each deal’s information.
All files are linked by Customer Id and Datadate.

ITEM NAME | ITEM EXPALANTION
KEYS
CUSTOMER ID | Unique series number for each investor
DATADATE | Date of each record
CUSTOMER FILE
SEX | 0 for male and 1 for female
BIRTH | Birthday
CITY | City where the personal id issued
BRANCH | Branch where account was opened and held
CORPORATE IDENTIFIER | 0 for individual investor, 1 for corporate investor
NATIONALITY | O for china, and 1 for other countries
CURRENCY TYPE | 0 for RMB, 1 for USD
ACCOUNT FILE
ACCOUNT OPEN DATE | The first date of account opening
CASH | Cash balance in customer account
STOCK COST | Historical total stock value that customer paid
STOCK VALUE | Current total stock value that customer holds
STOCK VOLUME | Total amount of shares that customer holds
STOCK FILE
STOCK PRICE(COST) | Historical stock price that customer paid at purchase
STOCK VOLUME | Current number of shares of each stock that customer holds
STOCK VALUE (CURRENT) | Market value of each stock that customer holds

TRANSACTION FILE

STOCK CODE

Stock code, which is 6-digit used in Chinese stock markets

STOCK PRICE(COST)

Stock price (cost) is the stock price that customer actually paid or sold

STOCK VOLUME

Amount of shares that customer traded, positive value for purchase and negative

value for sale

STOCK VALUE(COST)

Stock value (cost) equals stock price (at transaction) times stock volume(cost)

COMMISSION FEE

Commission fees that customer paid to broker. As this data is acquired from one

broker, the commission is 0.0033 for all transaction

STAMP DUTY

Stamp duty is tax that customer paid to the government and stock exchange, equals

0.0033 for all deals

PROFIT

Profit is realized gains from a sale, equals the stock value of sale minus historical

stock value (cost) of initial purchase.
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