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Abstract

Every investor in the market has access to the stock names, making it the
most popular information. However, this piece of information is often ig-
nored by people and considered insignificant in the decision process. In fact,
it is almost always the stock names that give investors the first impression of a
stock, and thus psychologically speaking, should in turn impact the decision
process. In this paper, we score the (Chinese) stock names according to the
meaning and the efficiency of passing information, so that we can work out a
quantitative analysis of the stock names. Theoretically we derive the relation-
ship between the stock name scores and the expected stock returns. Practical-
ly we build up an imaginary market-neutral portfolio and analyze its return
by historical data. From both the theoretical and the practical aspects we dis-
cuss the two hypotheses—the liking theory and the information theory, and
we show that in the Chinese stock market, the liking theory dominates, which
is opposite to the result from the US stock market.

Keywords

Behavioral Finance, Emerging Market, Stock Returns, Irrational Investors,
Arbitrageurs

1. Introduction

In the framework of traditional microeconomics and finance, investors are as-
sumed to be rational decision makers, whose activities are directed by public in-
formation and the profit/risk calculated from mathematical models. The famous
efficient market hypothesis is an example of such stock evaluation models. In
recent years, as the concept of behavioral finance being accepted, the irrational
behavior of investors starts to be taken seriously. Robert C. Shiller’s [1] (2000)
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research shows the collective impact from a large number of irrational investors
on the US stock market, and proposes that the irrational investors’ behavior
caused multiple violent stock market fluctuations. Allen M. Poteshman and Vi-
taly Serbin [2] (2003) distinguish the rational and irrational investment activi-
ties. They study the stock future market in the United States and identify many
irrational investment decisions and discuss the pricing mechanism. In J. Brad-
ford De Long’s [3] (1990) research paper, the behavior of noise traders is de-
scribed, and they discuss the situation when the market participants are just the
irrational investors and arbitragers who make strategies against those irrational
investors.

When considering the stock names, it is very interesting to think about
whether or not rational investors should take it as a meaningful input when
making decisions. In the paper of van den Assem [4] (2018), the impact of stock
names on the expected stock returns is discussed in detail. Two models—the
“liking” theory and the “information” theory—competing with each other are
examined according to the US stock market data, and the conclusion supports
the so-called “information” theory, which indicates that stock names contain
useful information and the use of stock names comes from rational and sophis-
ticated investors rather than irrational and noise traders.

In our research, we want to re-examine the two theories by the data of the
Chinese stock market. The reason is that we see two important differences be-
tween the Chinese and the US stock market. First, the proportion of individual
investors (relative to institutional investors) is much larger in China than that in
the US. Second, the arbitrageurs’ activity is limited by the Chinese stock market
rules, especially from the short side. Moreover, compared to the English letters,
the Chinese characters of the Chinese stock names can potentially pass more in-
formation or indication to investors. All these factors make it a meaning job to
check the Chinese stock market, which is a good representative of all emerging
markets.

Before expanding our discussion, we present an example that shows the stock
names in Chinese making impact on the stock price. In 2016, the trading day
following the US presidential election, two stocks in China behaved specially.
“Chuan-Da-Zhi-Sheng” (002253), which pronounced like “trump win” in Chi-
nese raised in price and hit the up-limit. Meanwhile, another stock “Xi-Yi-Gu-Fen”
(002265), which pronounced like “Aunt Hillary”, plunged and hit the
down-limit. While the two stocks have no financial connection to either presi-
dent candidate, we can only track the reason to the stock names and the imagi-
nation of investors.

The research about Chinese stock names is not a popular topic and need fur-
ther exploration. Some relevant papers are L. Liu [5] (2004), Y. Liu [6] (2008), G.
Li [7] (2011), and Z. Chen [8] (2011). The similarity of these papers is that re-
searchers think mainly about the correlation between stock names and the actual
returns, and there is little theoretical discussion about how this correlation is
built up.
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In our paper, we apply the method of van den Assem [4] (2018) to the reality
of the Chinese stock market, and analyze how the stock names affect the ex-
pected stock returns. The results show that the Chinese stock market data sup-
port the liking theory, which indicates that the stock names play a purely psy-
chological role in the decision process of investors, and that the noise traders
dominates in the Chinese stock market. This result is opposite to the result from
the US stock market, and in the following sections we will discuss the reasons in
detail.

This paper shows its novelty by setting up a new rating system for stock
names so that we can quantify the goodness of each stock name. Then the use of
an imaginary market-neutral portfolio gives the readers a clear view of the effect

by the stock names.

2. Models and Hypothesis

2.1. Scoring of Stock Names in Chinese

To quantify our problem, we need to score the stock names. For each stock, we
assume the basic score to be zero, and we set up three conditions for one bonus
point each. So every stock name can have a score ranging from 0 to 3.

Condition 1: the stock name accurately describes the main business of the
company.

Condition 2: the stock name contains a territory name.

Condition 3: the stock name implies some good implications.

Among these three conditions, the first one considers the effectiveness of in-
formation transfer. If the stock name shows the main business of the company
accurately, it helps investors learn the background of the company quickly,
which can contribute in the decision process. The second one focus on the terri-
tory of a stock and company, which we believe could attract the attention of
some investors, especially individual investors. Notably speaking, the word
“China” is also considered a territory description and affects potential investors.
Relative discussion can be found in Y. Qiao’s [9] (2012) paper. This also makes
sense when we see that no stock name contains both “China” and another terri-
tory name, so there is no stock gaining two bonus points by this condition. The
third condition comes from the psychological aspect, saying that some investors
may have faith in good-meaning words and rely partially on the good luck. L.
Zhang [10] (2016) studies this effect in the paper and proves that such investors
do exist. Some examples of good-meaning Chinese characters are “fu” (happi-
ness), “tai” (safety), and “jin” (gold). For this reason, the management of some
companies may purposely add these good words into the stock names to attract
investors.

The full list of stock name scoreboard is shown in Appendix III.

2.2. The Theories of Stock Pricing

About the mechanism of how stock names impact on stock price, we think and
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compare the two theories. The first one is called the “liking” theory, which is
discussed in multiple papers (Alter, Adam L., and Daniel M. Oppenheimer, [11]
2006; Alter, A.L. & Oppenheimer, [12] 2008; Adam L. Alter, Daniel M. Oppen-
heimer, [13] 2009). The core idea is that ordinary investors like the stock names
and thus have the preference of buying the corresponding stocks without deep
research, which causes an overpricing of stocks and low long-term returns. The
second theory is called the “information” theory, which is discussed in a paper in
2013 [14] (T. Clifton Green and Russell Jame, 2013). This theory chooses the as-
pect that a good stock name indicates good operation skills of the management,
and thus the long-term growth of the company is promising. However, this piece
of information can only be captured by those sophisticated investors, while or-
dinary investors tend to overlook it due to lack of research. Then the corres-
ponding stocks have both good fundamental data and “low-key” position, gene-
rating good returns.

The two theories reach completely opposite conclusions. There is already a
paper [4] (van den Assem ef al, 2018) that uses the data from the US stock mar-
ket to check both theories and conclude that the “information” theory matches
the reality. In our paper, however, we want to examine the two theories with the
Chinese stock market data, as it is a representative of the emerging market and
varies from the US market in many important aspects.

Now we briefly go through the mathematical model mentioned in Assem’s
paper [4] (van den Assem et al, 2018). Consider an economic process that a
company is operating one and only one risky project with a one-time income f at
the end of the project. Assuming there are only two types of investors in the
market who can invest in this company. One is the arbitrageurs, who are sophis-
ticated and rational investors and make investment decisions based on the anal-
ysis of the company’s fundamental data. The other is ordinary investors, or
sometimes called noise traders, who are affected heavily by their personal prefe-
rence and emotion and do not have a good understanding of the public informa-
tion. These are irrational investors. We assume the proportion of noise trader in
the market is A.

Using the method proposed by Hong and Sraer [15] (2013), the investors

make decisions by maximizing the following function.

In this function,

S the volume the investor 7 trades (either long or short)
stock j. p; is the price of stock j, E; (V].) is the subjective estimation of the
stock value by the investor j and J is the trading cost. Here we assume the
discount rate is zero, which does not affect our discussion. The investor’s index
can be either 7= A (arbitrageur) or 7= N (noise trader), and the sub index jcan
be either j= H (high-score stock names) or j=L (low score).

Taking the first-order derivative and we get the equation to calculate the equi-

librium price as shown in Equation (1).
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n, :7(Ei (vj)—pj) (1)

Now we discuss the liking theory and the information theory respectively.

In the liking theory, there is no correlation between the stock names and the
companies’ operation, but a “good” (or high-score) stock name can attract many
irrational investors. Those noise traders believe that a high-score stock name
means a higher project income f+b,,, and a low-score stock name means a
lower project income f —b, . This variation of income is purely the subjective
judgment of the investors without any rational foundation, so the real project
income is still f, which the rational investors (arbitrageurs) know correctly.

Recall that the proportion of irrational investors is A. Then for a high-score stock
name, the stock value estimation is E, (vj) =(1-2)f+A(f +b,)=f+Ab,. Si-
milarly for a low-score stock, the value estimation is f —Ab, . Assuming the
stock number outstanding is ¢, and using Formula (1) we can get Formula (2)
and (3)

P;—PZZA(bHerL) (2)
E(r)-E(n) =2 (b, +b,) 3)
q

In Formula (2) we get the difference in balance price between high-score
stocks and low-score stocks, and we can see that under the assumption of the
liking theory the balance price of high-score stocks are higher than that of the
low-score stocks, and the difference is proportional to the number of noise trad-
ers.

In Formula (3) we get the difference in the expected stock return, obviously
the expected return of the high-score stocks is lower as they are overpriced. The
difference in returns is also proportional to the number of noise trades.

Generally speaking, the irrational demand from the noise traders push up the
trading price of the high-score stocks, while the real value of the companies do
not change. In turn it leads to a lower expected stock return.

Under the assumption of information theory, the stock name reflects the abil-
ity of the company’s management, because a good manager would deliberately
select a good stock name to attract the attention of investors. This piece of in-
formation can only be revealed by those sophisticated investors, who have de-
tailed and deep research about the company. Those investors (arbitrageurs)
realize that companies with good names could have high income from the oper-
ating project because of the good management. We label the higher income as
¢/, where ¢>1.On the other hand, the noise traders do not recognize the in-
formation and still treat all the stocks equally. Assuming the companies with
good stock names (and thus good management) has a proportion of 7 then av-
erage price of all the stocks in the market is 7¢/ +(1-7) f = f(1+7r(¢—1)),
which is also the subjective value estimation for noise traders. Meanwhile, the
arbitrageurs correctly estimate the value of good-name stocks to be ¢f, and

that of other stocks to be £ Again we assume the proportion of noise traders is A.

DOI: 10.4236/jmf.2019.93021

372 Journal of Mathematical Finance


https://doi.org/10.4236/jmf.2019.93021

S. Song, R. Li

Then investors’ (arbitrageurs and noise traders together) subjective evaluation of
a good-name stock is E, (vj ) =Af(1+7(p-1))+(1-2)4/, and that of other
stocks is E, (V‘/.) = /1f(1+7z'(¢—1))+(1—/1)f .

Now we can use Formula (1) to get the balance price and the expected return

of stocks with either high-score names or low-score names.

pu—r.=/(¢-1)(1-2)>0 (4)
E(rH)—E(rL):f§(¢—l)>0 5)

In Formula (4), we see that the balance price of high-score stocks is higher
than that of low-score stocks, similarly to the conclusion of the liking theory.
However, from Formula (5) we find that the expected stock return for
high-score stocks is now also higher than that of the low-score stocks. This is
because that in the information theory, the companies with good stock names
indeed have a better future income (¢ >1). The difference in returns is propor-
tional to the number of noise traders.

As a summary of this section and as a direction of our data analysis, we write
three hypotheses here for verification.

Hypothesis 1: If the liking theory works, then the stock returns are negatively
related to the stock name scores; if the information theory is correct, then the
stock returns are positively related to the stock name scores.

Hypothesis 2: The correlation between the stock names and the stock returns
increase as the number of noise traders increasing.

Interestingly, the first hypothesis tries to show the difference of the two theo-
ries, while the second hypothesis shows a similarity of the two theories.

In Assem’s paper [4] (van den Assem ef al, 2018) he concludes that the in-
formation theory wins by checking out the US stock market data. So to verify if
the assumption of the information theory is indeed correct, we have the third
hypothesis.

Hypothesis 3: the score of stocks names has a positive correlation to the value

of a company.

3. Data Analysis

In this paper, all the stock price and volume data come from the RESSET data-
set, and all the fundamental data come from the compustat data by the S & P
GLOBAL. In our data analysis, we refresh the fundamental data on a yearly ba-
sis.

Specifically, we use the component stocks of (China) CSI300 index for the re-
search and choose the time slot from 2011 to 2013. The reasons for the selection
are: first, component stocks in the CSI300 index have good volatility; second, the
three years from 2011 to 2013 is a period when the Chinese economy developed
in a steady way. The impact from the 2008 financial crisis has almost disap-
peared, which means a stable and healthy macroeconomic environment; third,
in April 2010, the CSI300 index future started to trade, so we choose the data af-
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terwards; fourth, starting from the second half of 2014, the Chinese stock market
underwent a long-run bull market, and individual stocks performance con-
verged, and thus we select the data before 2014.

We score every stock in the CSI300 index according to the method mentioned
above and summarize the result in Table 1. For the detailed results please refer
to Appendix IIIL.

In Table 1, higher scores mean better stock names. We can see that nearly half
of the 300 stocks have 1 point, and only 1 stock has 3 points. The three-point
stock does not make statistical significance, so we will simply ignore it. For the
zero-point stocks, the stock names fail to covey enough information about either
the company’s business or location, and we label them as bad stock names
(low-score). For the two-point stocks, the stocks names give investors a good
first impression by providing some information, and we label them as good
stock names (high-score).

Imagine an arbitrage portfolio in which we long the high-score stocks and
short the low-score stocks. We call it a name-arbitrage portfolio, as it tries to
profit from the difference in stock name scores. The net position is zero, and the
money is evenly distributed among all stocks. We observe the monthly returns of
this portfolio and get the risk-adjusted return by subtracting the risk-free rate
r,=r_ —1,. The analysis is done with real history data from Jan 2011 to Dec
2013, and we decompose the risk-adjusted returns by the following three ways.

First we use the simple CAPM model:
r=a+p -MKT +e¢, (6)

In Equation (6) MKT, is the risk-adjusted market return, and in practice we
use the average return of all the stocks in the China A stock market, subtracting
the risk-free rate. &, is the regression error term.

We also use the more detailed Carhart [16] (1997) four-factor model.
r.=a+p,-MKT, + f,-SMB, + §,-HML, + , - UMD, +¢, (7)

Again MKT, is the market return. SMB (small minus big) is the small com-
pany extra return, HML (high minus low) is the high book value company’s ex-
tra return, and UMD is the momentum return of the portfolio. This model de-
composes the total return into four factors, and the residual return can be taken
as the part from our name-arbitrage portfolio.

At last we use the Fama-French [17] (2015) five-factor model.

r=a+p,-MKT, + S, -SMB, + 5, -HML, + 8, -RMW, + 5, -CMA, +¢, (8)

Table 1. Summary of stock name scores.

Score Number of scores
0 97
1 130
2 72
3 1
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In Equation (8) the MKT, SMB, HML terms have the same meaning as in Eq-
uation (7). RMW is the extra return by the company’s profitrate, and CMA is the
extra return due to the company’s investment activity.

In practice, we calculate the factor returns by building up the corresponding
portfolios. For example, to get the data for SMB, we rank the CSI300 component
stocks by asset, and then long the smaller 30% and short the larger 30%, which
gives us a portfolio that arbitrages from the small company preference. We then
use the history data to get the monthly risk-adjusted return of this portfolio and
take it as the SMB factor return. Similarly we get the HML factor returns by
ranking the asset/cap ratio, and CMA by ranking the liability/asset ratio. The
UMD (momentum factor) comes from the past year performance of the

name-arbitrage portfolio.

3.1. The Test of Hypothesis 1

With Hypothesis 1, a is the extra return brought by the name-arbitrage portfo-
lio. If the liking theory is correct, we should have a <0, and if the information
theory is correct, we should have « >0 . We make the regression to the monthly
data between 2011 and 2013 according to Formulas (6), (7), and (8), respectively.
The results are summarized in Table 2.

From the results we see that the a values are all negative for the three regres-
sion models. The CAPM model is simple as it only separates the market factor,
and the monthly arbitrage return of our portfolio is as high as —0.563%, or
—6.97% annually. The latter two models both separate multiple factors and the
monthly returns due to the name-arbitrage portfolio are still —0.307% and
—-0.351% respectively. According to the t-stats, the three regression analysis are
significant at the 2.5% significance level. The negative a values support the liking
theory.

Notably, the total return of the name-arbitrage portfolio between 2011 and
2013 is positive, but this positive return comes from the market and the funda-
mental factors, while the arbitrage activity to the stock names gives negative re-
turns. This is shown in more details in Appendix II.

3.2. The Test of Hypothesis 2

In the second hypothesis, no matter with the liking theory or the information
theory, the price deviation caused by the stock names becomes more significant
with higher number of noise traders. To verify this hypothesis, we apply the
method described in the paper of Baker and Wurgler [18] (2006), and classify

Table 2. Regression results to test the first hypothesis.

model a t-stats P
CAPM —0.005-63 -5.10 0.0000111
Carhart four-factor —-0.00307 -2.54 0.0159
Fama five-factor —-0.00351 -3.11 0.00390
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the CSI300 component stocks by the technical indicators. Specifically, we select
the book size/capitalization (B/P) ratio and the earning/price (E/P) ratio, which
we believe are interesting to individual investors and more likely to attract the
attention of noise traders. We rank the stocks according to the two ratios and
divide each to three subgroups—the upper 30%, the middle 40%, and the lower
30%. Then we have six subgroups in total. We build up the name-arbitrage
portfolios for each of the six sub-samples and repeat the process of regression
with CAPM, Carhart-four-factor, and Fama-five-factor models. The results are
summarized in Table 3.

We make the following observations from Table 3.

1) All the a values in the regressions (6 subgroups, 3 models for each grouping
methods) are negative, which again supports the liking theory.

2) The CAPM models give significant a values in all the subsamples at the 1%
significance level. This is similar to the observation from the big sample. How-
ever, we should also keep in mind that the CAPM model is too simple to effec-
tively separate different risk factors.

3) In the Carhart-four-factor and Fama-five-factor models, only the two “up-
per 30%” subgroups have significant a values, while the other four subgroups do
not. This result agrees with the second hypothesis, as the “upper 30%” subgroups
correspond to the stocks with more noise trader attention. In these two sub-

groups, the impact of the name-arbitrage strategy is more obvious.

Table 3. The regression results of subgroups.

model H t-stats P Sub-sample
CAPM —-0.00396 —4.25 0.000144
Carhart four-factor —0.00616 —4.44 9.52e-5 B/P grouping, upper 30%
Fama five-factor -0.00631 —4.11 0.000257
CAPM —-0.00480 -3.70 0.000723
Carhart four-factor -0.00229 -1.40 0.172 B/P grouping, middle 40%
Fama five-factor —-0.00089 -0.603 0.551
CAPM —-0.00878 -5.32 5.69e—-6
Carhart four-factor -0.00267 -1.09 0.284 B/P grouping, lower 30%
Fama five-factor —0.00206 —-0.978 0.336
CAPM —-0.00510 —4.38 9.95e-5
Carhart four-factor -0.00759 —4.05 0.000288 E/P grouping, upper 30%
Fama five-factor —-0.00917 -5.19 1.14e-5
CAPM —-0.00356 -3.17 0.00311
Carhart four-factor —-0.00202 -1.29 0.205 E/P grouping, middle 40%
Fama five-factor —0.000510 —-0.346 0.732
CAPM —0.00892 -3.68215 0.000754
Carhart four-factor -0.00147 -0.384 0.704 E/P grouping, lower 30%
Fama five-factor —0.00149 —0.449 0.658
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3.3. More Details on the Regression Results

In the previous sections we focus on a values, because we mostly care about the
extra returns brought by the stock names. Meanwhile, the goodness-of-fit of the
regression models are also important, as we want to know whether it is reasona-
ble to use the model for analysis. We summarize the result on the total sample in
Table 4.

From Table 4 we see that a simple CAPM model does not explain the returns
of the name-arbitrage portfolio very well, as neither the F-stats nor the R? is sig-
nificant. This is why we rely mainly on the Carhart-four-factor model and the
Fama-five-factor model in our previous discussions. With the Car-
hart-four-factor model and the Fama-five-factor, the F test are significant at the
0.1% level, and R* are as high as 68%.

3.4. The Test of Hypothesis 3

The third hypothesis points out a fundamental question: is the stock name re-
lated to the company value? The answer to this question decides the nature that
how stock names affect the stock price. In other words, if the stock name has no
correlation to the company value, then it is a purely behavior issue and the stock
name only works on the investors psychological status. The test of Hypothesis 3
works as an independent judgment of the liking theory and the information
theory.

We apply the cross-sectional data as in the paper of Mueller, Ouimet and Si-
mintzi [19] (2017), and do regression analysis to the following equation.

Vi=a+pF +yZ +s, )

In Equation (9), V; is the Tobin’s q ratio, which was proposed by James To-
bin in 1969 to measure the value of a company. F, is a dummy index, which
takes the value 0 for low-score stocks (name score = 0) and value 1 for
high-score stocks (name score = 2). Z, is the logarithm of the company’s rev-
enue. The sub-index i goes through the component stocks of CSI300 index with
either 0 or 2 stock name scores. If Hypothesis 3 is correct, we should have a pos-
itive coefficient .

A company’s asset, revenue, and market value change every year, but the stock
names do not change very frequently. To keep the consistency, we make the re-
gression for each year from 2011 to 2013, and the results are shown in Table 5.

From Table 5, we observe that none of the [ values are significantly larger

than zero and the residual return (a) has a big absolute value. This result does

Table 4. The goodness-of-fit results to the whole sample.

model F-stats Level of Significance R? Adjusted R?
CAPM 0.529 0.472 0.0145 —0.0129
Carhart four-factor 17.5 8.29¢-8 0.680 0.641
Fama five-factor 14.0 2.87e=7 0.686 0.637
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Table 5. Regression results of Equation (9).

coefficient value t-stats P

a 8.29 9.21 1.76e-15
2011 s 0.166 0.408 0.684

V4 -1.43 -5.97 2.66e-8

a 7.50 8.30 2.17e-13
2012 s 0.0812 0.202 0.841

V4 -1.24 -5.25 7.02e-7

a 12.9 9.50 2.95e-16
2013 s -0.368 -0.625 0.533

Yy -2.39 —-6.80 4.37e-10

not support the third hypothesis, Ze. we cannot conclude that the stock name

has correlation to the company value. Again this is in favor of the liking theory.

4. Discussion

4.1. Further Discussion about the Stock Name Scores

First we noticed that in the component stocks of CSI300 index, the average name
score is 0.923, and the standard deviation is 0.756. 170 stocks receive either a
high score (2 or 3 points) or a low score (0 point). So in the process of building
up the name-arbitrage portfolio, we do not have the problem of stocks concen-
trating in some point. The portfolio does not include stocks with 1 point, be-
cause we consider 1 point as an “ordinary” condition, when the stock names do
not have too much impact on investors. Most investors would not feel surprised
when seeing either a location or the business of a company in the stock name.
However, if the stock names contain both a location and the business, it is more
likely to invoke a sense of familiarity, which is not a rational feeling, but may
play a role in the decision process. For example, the stock “jiang-xi-tong-ye
(600352)”, in which the first two words “jiang-xi” is a province in China, and the
second two words “tong-ye” means copper mining. For individual investors, it is
impossible to look through all the stocks in the market, so they tend to spend
more time on stocks that they feel familiar with. An investor from the Jiangxi
province would likely take a few moments to look at the stock “jiang-xi-tong-ye”
because of the location familiarity. The word “tong-ye” (copper mining) shown
in the stock name further passes the information about the company’s main
business and may trigger some imagination for investors, as they may start to
think about news they learn recently that is relevant to mining. At this point, this
stock has already successfully attracted some attention from individual investors.
We discuss this example to show one of the mechanisms that how a stock name
can affect an investor’s decision process. On the contrary, a stock with zero point

fails to pass a useful information and leaves little first impression to investors.
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Moreover, in the reality of the Chinese stock market, the speculative need is
popular among investors, and many people hold a gambling-like psychology
when selecting stocks. Some Chinese researchers [20] (Zhao, J, 2009) have
pointed out that a good-meaning stock name or a lucky stock number could

make it popular among individual investors.

4.2. The Dual between the Liking Theory and the Information
Theory

It should be noted that the above discussion about stock names is related only to
the investors’ psychological status, which leads to certain behavioral financial
results. However, the fact that investors (noise traders) prefer certain stocks does
not increase the actual company values. On the contrary, the preference causes
an overpricing and a lower expected return. From the results shown in Table 2,
we see clearly that when we long the high-score stocks and short the low-score
stocks, the resultant a return is negative. It tells us that in the Chinese stock
market, the liking theory is the one that matches the reality. The stock names af-
fect the noise traders and skews their judgment about stock values, so that stocks
with good names are overpriced and stocks with regular names are less popular.
In principle, there should be an arbitrage opportunity here for the sophisticated
investors, as they can make a reverse strategy by longing the low-score stocks
and shorting the high-score stocks. However, the short sale is strictly limited in
China, so this arbitrage space stays and consistently gives us a negative a value.

Previously researchers conclude that the information theory is supported by
the US stock market data [4] (van den Assem, 2018), but our analysis with the
Chinese stock market data supports the liking theory. One of the fundamental
differences between the two markets is that in the United States, the liquidity is
much better than in China, especially for short sale, so the arbitrageurs can
promptly react to any arbitrage opportunity and bring the stock price to a bal-
ance point. Another major difference here is that in the United States, almost
90% of the investors are institutions according to the data of US Security and
Exchange Commission, who are sophisticated and rational decision makers. On
the other hand, in the Chinese stock market, the percentage of individual inves-
tors is as high as 40%, who play the role of noise traders.

In Hypothesis 2, we assume that the difference of return for stocks with
high-score names and low-score names is proportional to the number of noise
traders, and to verify this assumption, we select some fundamental items of
companies as an indicator of noise trader attention. Specifically we use the as-
set/price and revenue/price ratios. The logic behind is that these two fundamen-
tal items are most commonly discussed by both institutional and individual in-
vestors. Stocks with good fundamental data attract a lot more attention than
those with bad fundamental performance, so these two ratios are good repre-
sentatives of investors’ attention. Moreover, for institutional investors, they have
access to multiple data sources and their decisions are not based solely on the

two fundamental items. On the other hand, individual investors have very li-
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mited information source, so they rely more on the common fundamental items
that are easy to obtain. As a result, the asset/price and revenue/price ratios at-
tract more from the individual investors than the institutional investors, and
thus they can work as a separator for the two types of investors. In practice, we
rank the CSI300 component stocks and divide the sample into 30% - 40% - 30%
segmentations, where the upper 30% has a higher proportion of individual
(noise) investors.

The results shown in Table 3 clearly support the second hypothesis. We fur-
ther notice that only in the sub samples with the higher noise trader ratio (upper
30%) we have statistically significant value of a, which is negative and therefore
proves the liking theory. When we compare the result in Table 3 with that in
Table 2, we find that the p values in the total sample are 0.0159 (four-factor
model) and 0.00390 (five-factor model) respectively, while in the two upper 30%
sub samples, the corresponding numbers are 9.52e—5 (four-factor model),
0.000257 (five-factor model), and 0.000288 (four-factor model), 1.14e-5
(five-factor model), respectively. The level of significance is obviously higher in
the sub samples than in the total sample. This comparison is not mathematically
rigorous, but it does help us to see the role of noise traders in the impact of stock

names.

4.3. Explanation of Hypothesis 3

In Hypothesis 3, we try to investigate the correlation between the real value of a
company and the stock name. The so called “real value of a company” is actually
the expected one-time income from the risky project in our model. This income
is eventually the return to the investors. The correlation between the stock name
and the company value does not mean the stock name changes a company’s val-
ue. Instead, it is just an indicator of the company value, and the information
theory assume that arbitrageurs are able to get useful information about the
company from its stock name.

In our data analysis, we use the Tobin’s q to measure the company value.
However, from the result we do not see any evidence of the correlation between
Tobin’s q and the stock names. This result again opposes the information theory

and supports the liking theory.

5. Conclusions

This paper analyzes the component stocks of CSI300 index in the Chinese stock
market, and studies the relation between the stock names and the risk-adjusted
returns. We compare two candidate theories—the liking theory and the infor-
mation theory. The liking theory indicates that the stock names affect the stock
returns in a purely psychological way and cause an overpricing. The information
theory believes that stock names reflect some true information about the com-
panies’ management and thus good stock names are related to good company

value.
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These two theories give opposite predictions to stock returns, but they both
point out that the impact of stock names gets stronger with more noise traders’
participation.

The novel contribution of this paper is that we build up a scoring system to
rate every stock in the CSI300 index, and a market-neutral strategy based on the
scores. We further apply three different models (CAPM, Carhart-four-factor,
and Fama-five-factor) to decompose the total portfolio return, and show that
statistically high-score (name) stocks have lower risk-adjusted returns. The con-
clusions of our data analysis results are summarized below:

1) The liking theory matches the reality of the Chinese stock market, in which
irrational investors could be attracted by good stock names and therefore make
emotional decisions to push the stock overpriced.

2) Noise traders are the key factor of the price deviation caused by stock
names. A high number of noise traders can magnify the impact of stock names.

3) In China, the proportion of individual investors is much higher than that in
the United States, and the individual investors usually take the role of noise
traders, so the liking theory works for the Chinese market, while some other re-

search shows that the information theory is good for the US.
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Appendix I

The discount rate and the calculation of risk adjusted returns
In our paper we use the deposit rate of national banks as the discount rate
(risk-free rate), as shown in Table Al. Denoting the annualized three-month

deposit rate as 7, , then the risk-adjusted return is calculated as
4
r=r—- (1+r3m)365 -1,

where 7, is the actual return, and d is the number of days between two settle-

ment dates.

Table Al. The deposit rate of national banks.

Date before Three-month deposit rate (Annualized)
2010-12-26 2.25
2011-02-09 2.6
2011-04-06 2.85
2011-07-07 3.1
2012-06-08 2.85
2012-07-06 2.6
2014-11-22 2.35
Appendix II

The factor returns in the Fama-five-factor model

Fama-five-factor return decomposition graph
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Figure Al. The decomposition of name-arbitrage portfolio returns according to the Fa-
ma-five-factor model.
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Table A2. Stock name scores.

Figure A1 shows the monthly risk adjusted returns of each portfolio and fac-
tor, including the name-arbitrage portfolio, MKT, SMA, HML, CMA, and
RMW. This figure is plotted by imagining 10 million dollars invested in one of
the portfolios and calculating the monthly profit and loss (subtracting the
risk-free return).

We first notice that the name-arbitrage portfoliohas a lower risk-adjusted re-
turn than the market portfolio (MKT), which gives us a negative a in the CAPM
model.

We further notice that the SMB and RWM portfolios both have higher return
than the name-arbitrage portfolio, again indicating a negative a. Interestingly,
the only positive risk-adjusted return comes from the small-cap preference
strategy (SMB), while the high-book-value strategy and the high profit rate
strategy cannot win over the risk-free rate.

Appendix III

The stock name scores

In Table A2, we have the name scores we used in our data analysis. Since the
scoring depends highly on the Chinese language, we keep the Chinese pronun-
ciation and use transliteration in the table so that readers can better understand

the scores.

Stock names

score

Stock names score Stock names score

Luo-yang-mu-ye 2 hai-tong-zheng-quan 2 nan-fang-hang-kong 1
bu-chang-zhi-yao 1 bai-lian-gu-fen 0 zhong-guo-shi-hua 1
ou-pai-jia-ju 1 sui-dao-gu-fen 0 zhe-neng-dian-li 1
hua-you-gu-ye 0 an-xin0xin-tuo 1 shang-hai-dian-li 2
hui-ding-ke-ji 0 peng-bo-shi 0 bao-gang-gu-fen 0
zhong-xin-yin-hang 1 guo-dian-dian-li 1 shang-gang-ji-tuan 0
gui-yang-yin-hang 2 hua-yu-qi-che 1 min-sheng-yin-hang 1
jin-yu-ji-tuan 1 liao-ning-cheng-da 1 hua-xia-yin-hang 1
da-tang-fa-dian 2 zhong-hang-zi-ben 0 hua-neng-guo-ji 0
zhong-guo-zhong-gong 2 wu-chan-zhong-da 0 bao-gang-gu-fen 1
zhong-guo-yin-hang 2 san-ai-guang-dian 0 shang-hai-ji-chang 2
zhong-guo-he-dian 2 wang-xiang-qian-chao 0 shou-chuang-gu-fen 0
ling-long-lun-tai 2 zhong-tian-jin-rong 1 pu-fa-yin-hang 2
jin-mu-gu-fen 1 yun-nan-bai-yao 2 zhang-qu-ke-ji 0
jian-she-yin-hang 1 hai-hong-kong-gu 0 guang-xian-chuan-mei 1
yong-hui-chao-shi 1 Xu-gong-ji-xie 1 song-cheng-yan-yi 1
zhong-yuan-hai-kong 0 dong-e-e-jiao 2 xin-wei-tong-xin 1
fang-zheng-zheng-quan 1 bo-hai-jin-kong 1 hui-chuan-ji-shu 0
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Continued

zi-jin-kuang-ye
zhong-mei-neng-yuan
zhong-guo-guo-lv
zhong-guo-yin-he
zhe-shang-zheng-quan
zheng-tai-dian-qi
zhao-shang-lun-chuan
zhong-yuan-hai-fa
zhong-guo-shi-you
guang-da-yin-hang
zhong-guo-jiao-jian
guang-da-zheng-quan
zhong-guo-zhong-che
shang-hai-dian-qi
ji-hua-ji-tuan
hua-tai-zheng-quan
zhong-guo-dian-jian
zhong-guo-jian-zhu
chang-cheng-qi-che
zhong-guo-ren-shou
zhong-guo-zhong-ye
zhong-guo-he-jian
zhong-xin-zhong-gong
shang-hai-yi-yao
zhong-guo-tai-bao
zhong-guo-lv-ye
dong-wu-zheng-quan
gong-shang-yin-hang
zhong-guo-zhong-tie
xing-ye-zheng-quan
zhong-yuan-zheng-quan
xin-hua-bao-xian
mei-jin-neng-yuan
he-gang-gu-fen
dong-bei-zheng-quan
yang-guang-cheng
ge-li-dian-qi

tong-ling-you-se

dong-xu-guang-dian
jin-rong-jie
wei-chai-dong-li
qing-dao-hai-er
shang-hai-shiOhua
zhong-chuan-fang-wu
nan-jing-xinObai
chuan-tou-neng-yuan
lu-jia-zui
fu-yao-bo-li
cheng-tou-gu-fen
dong-fang-ming-zhu
lv-di-kong-gu
yong-you-wang-luo
hai-luo-shuiOni
hai-you-gong-cheng
heng-sheng-dian-zi
Xiang-men-wu-ye
shan-dong-huang-jin
tian-shi-li
zhong-tian-ke-ji
gui-zhou-mao-tai
kang-mei-yao-ye
feng-hua-tong-xin
zhong-jin-huang-jin
xin-wei-ji-tuan
zhong-guo-dong-li
pian-zai-huang
xiao-shang-pin-cheng
guo-dian-nan-rui
wu-kuang-zi-ben
jin-di-ji-tuan
shou-kai-gu-fen
zhong-wen-chuan-mei
zhong-hang-dian-zi
xi-nan-zheng-quan
jiang-xi-tong-ye

zhe-jiang-long-sheng

zhiOfei-sheng-wu
san-ju-huan-bao
bi-shui-yuan
dong-fang-cai-fu
tong-hua-shun
hua-yi-xiong-di
ji-qi-ren
wang-su-ke-ji
aj-er-yan-ke
le-pu-yi-liao
shi-yuan-gu-fen
zhang-jia-gang-hang
yu-tong-ke-ji
di-yi-chuang-ye
wan-da-ying-ye
guo-xin-zheng-quan
mu-yuan-gu-fen
xi-bu-zheng-quan
wan-mei-shi-jie
jiang-su-guo-xin
shi-ji-hua-tong
long-mang-bai-li
bi-ya-di
suo-fei-ya
ju-ren-wang-luo
san-qi-hu-yu
lao-ban-dian-qi
shan-xi-zheng-quan
li-xun-jing-mi
jin-zheng-da
shen-tong-kuai-di
tian-qi-li-ye
hai-ge-tong-xin
gan-feng-li-ye
ou-fei-ke-ji
kang-de0xin
sheng-li-jing-mi

gui-zhou-bai-ling
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Continued

tian-mao-ji-tuan
chang-an-qi-che
ji-lin-ao-dong
lu-zhou-lao-jiao
guang-shen-tie-lu
jiao-tong-yin-hang
zhong-guo-ping-an
nong-ye-yin-hang
shang-hai-yin-hang
guang-zhou-gang
shan-xi-mei-ye
jun-zheng-ji-tuan
bai-yin-you-se
guo-tai-jun-an
dong-xing-zheng-quan
zhong-guo-tie-jian
bei-jing-yin-hang
xing-ye-yin-hang
san-jiao-lun-tai
xin-cheng-kong-gu
hai-nan-xiang-jiao
zhong-guo-hua-xue
zhong-guo-guo-hang
tai-ping-yang
zhong-guo-shen-hua
chun-qiu-hang-kong
ning-bo-gang
long-ji-gu-fen
nan-jing-yin-hang
da-qin-tie-lu
zhao-shang-zheng-quan
zhong-guo-dian-ying
jiang-su-you-xian
dong-fang-zheng-quan
hang-zhou-yin-hang
jiang-su-yin-hang
hua-an-zheng-quan

chang-jiang-dian-1i

hua-xia-xing-fu
bai-yun-shan
wan-hua-hua-xue
guang-hui-qi-che
heng-rui-yi-yao
hang-tian-xn-xi
yuan-tong-su-di
hai-hang-kong-gu
nan-shan-lv-ye
xin-hu-zhong-bao
fu-xing-yi-yao
yan-zhou-meiye
ya-ge-er
shang-hai-jian-gong
yong-tai-neng-yuan
mei-di-ji-tuan
shen-wan-hong-yuan
zhong-lian-zhong-ke
TCL-ji-tuan
hua-qiao-cheng-A
zhong-xing-tong-xun
zhong-jin-ling-nan
shen-zhou-gao-tie
wan-ke-A
ping-an-yin-hang
jian-fa-gu-fen
zhong-guo-wei-xing
dong-fang-hang-kong
bei-fang-xi-tu
guo-jin-zheng-quan
shang-qi-ji-tuan
tong-fang-gu-fen
te-bian-dian-gong
tong-ren-tang
ST-bao-qian-li
ge-zhou-ba
yu-tong-ke-che

guo-tou-zi-ben

hai-kang-wei-shi
bi-kang-gu-fen
da-bei-nong
shun-feng-kong-gu
dong-fang-yuan-lin
yang-he-gu-fen
xin-li-tai
ao-fei-yu-le
shang-hai-lai-shi
ge-er-gu-fen
da-hua-gu-fen
ke-da-xun-fei
jin-feng-ke-ji
you-zu-wang-luo
shi-ji-xin-xi
rong-sheng-fa-zhan
ning-bo-yin-hang
jin-tang-lang
guo-quan-gao-ke
dong-hua-ruan-jia
mei-nian-jian-kang
fen-zhong-chuan-mei
su-ning-yi-gou
da-zu-ji-guang
hua-lan-sheng-wu
zhaoshang-she-kou
xi-shan-mei-dian
hua-dong-yi-yao
zhong-nan-jian-she
shou-gang-gu-fen
zi-guang-gu-fen
an-gang-gu-fen
shuang-hui0fa-zhan
xin-xi-wang
wu-liang-ye
zhong-xin-guo-an
qi-di-sang-de

ye-hu-gu-fen
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zhang-jiang-gao-ke
hang-fa-dong-li
yi-li-gu-fen
guo-tou-dian-li
*ST-you-fu

hai-tong-zheng-quan

zhong-guo-lian-tong
bao-li-di-chan
zhong-zhi-gu-fen
zhao-shang-yin-hang
san-yi-zhong-gong

zhong-xin-zheng-quan

chang-jiang-zheng-quan
guang-fa-zheng-quan
zhong-hang-fei-ji
guo-hai-zheng-quan
hang-fa-kong-zhi

guo-yuan-zheng-quan
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