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The three chapters in this dissertation provide new evidence on inefficiencies

in the stock market, and offer some novel explanations for the cause of these

inefficiencies due to the existence of investors’ behavioral biases and market

frictions.

In the first chapter (joint with Ziyang Geng), we study the active role of

rational investors in creating mispricing in the Chinese stock market. In exist-

ing behavioral finance literature on stock mispricing, rational investors largely

play a passive role in tolerating mispricing due to limits to arbitrage. In this

essay, we show that rational speculators sometimes proactively and intention-

ally create mispricing by driving up stock prices away from their fundamental

values through synchronized attacks with explosive trading volumes. The in-

flated stock price is subsequently supported by new rounds of irrational buyers

who are subject to extrapolation bias and by existing stockholders who are re-

luctant to sell due to the disposition effect. This paper develops a simple model

to illustrate how bubble-creating attacks can succeed in equilibrium under cer-

tain limits-to-arbitrage conditions, and provides consistent empirical evidence

in the Chinese stock market using investors’ trading data from a large brokerage

company in China.

In Chapter 2 of my dissertation, motivated by existing evidence that individ-

ual investors have a preference for stocks with low nominal prices, I investigate



the importance of nominal stock price in the cross-sectional pricing of stocks in

the Chinese stock market. Portfolio-level analyses and firm-level cross-sectional

regressions indicate a negative and significant relation between nominal prices

and subsequent returns for stocks with low tradable market capitalization. Av-

erage raw and risk-adjusted return differences between the lowest and highest

nominal price deciles exceed 1% per month for stocks in the lowest tercile of

tradable market capitalization. The return difference between high-priced and

low-priced stocks is not explained by existing predictors of expected returns,

such as size, book-to-market ratio, momentum, short-term reversal, liquidity,

and skewness. The magnitude of this low nominal price premium is influenced

by incremental participation of new individual investors. I also provide addi-

tional evidence consistent with the hypothesis that rational speculators induce

investors with a preference for low-priced stocks to trade in a way that exacer-

bates this anomaly.

In the third chapter (joint with Peng Liu and Ke Tang), we study the eco-

nomic linkage between homebuilder stock market performance and commodity

futures market information on a major component of building materialslumber.

The price of lumber plays a dual role in determining homebuilder prots: it rep-

resents a production input cost and serves as a future housing demand indica-

tor. Using all US publicly listed homebuilder stocks, we show that the housing

demand effect dominates the builderlumber relationship. This effect is robust

even after we control for the Federal Housing Finance Association (FHFA) hous-

ing price index (HPI). Our results further indicate that the slope of the lumber

futures curve serves as a cross-market signal of future housing demand and

thus of homebuilder stock market performance.
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CHAPTER 1

BUBBLE-CREATING STOCK MARKET ATTACKS: WIDESPREAD

EVIDENCE FROM THE CHINESE STOCK MARKET

(Joint with Ziyang Geng)

1.1 Introduction

In existing behavioral finance literature on stock mispricing, rational investors

largely play a passive role: due to limits to arbitrage, they are unable to correct

mispricing caused by irrational investors under behavioral biases. In this paper,

we show that rational speculators sometimes may proactively and intentionally

create mispricing by driving up stock prices away from their fundamental val-

ues through synchronized attacks with explosive trading volumes. In doing so,

they take advantage of both behaviorally biased investors and limits of arbitrage

by other rational investors. The inflated stock price is subsequently supported

by new rounds of irrational buyers who are subject to extrapolation bias and

by existing stockholders who are reluctant to sell due to the disposition effect.

Synchronization is typically triggered by a news signal with zero informational

value on the stock’s fundamental value. This paper develops a simple model to

illustrate how bubble-creating attacks can succeed in equilibrium under certain

limits-to-arbitrage conditions, and provides empirical evidence that is consis-

tent with the model predictions in the Chinese stock market.

Our mechanism of bubble-creating stock market attacks shares some similar

features with currency attacks. A common explanation for currency attacks is

1



the existence of multiple equilibria. During currency attacks, speculators, such

as Soros, attack the high-price equilibrium supported by the central bank, and

change it into the low-price equilibrium justified by the economic condition. In

the stock market attacks we study, to the contrary, speculators attack a stock

with reasonable price, and change the equilibrium into one with inflated price.

One illustrative example of stock attacks is the cases of the so-called “No-

bel Prize Concept” stocks. On October 8, 2012, the Nobel Prize in Physiology

or Medicine was awarded to stem cell research. After this announcement, the

price and volume for VcanBio, a firm that specializes in storage of stem cell

sources in China, spiked up dramatically. During the two subsequent days, the

stock price of VcanBio went up by 16% and its daily trading volume increased

sixteen-fold. Announcements of other Nobel Prizes also led to extreme increase

in price and trading volume of related stocks in China.1 The value of these

Nobel-Prize-winning technologies is hardly news to the market. It is a consen-

sus that none of the involved firms could gain any new benefit fundamentally

from the technology or the announcement of the Nobel Prizes.23

Limits to arbitrage play a key role in such bubble-creating attacks. Without

limits to arbitrage, the quick and dramatic rise in price and volume in a bubble-

creating attack immediately invites large selling orders that dampen or erase

the effect of attacks: short sellers can provide additional supply to the market,

and the firm (whose stock is pumped up) can also offer a large quantity of new

shares in the market via secondary equity offerings (SEO). Bubble-creating at-

1Table 1.1 provides a partial list of “Nobel Prize Concept” stocks that experience abnormal
return and volume exactly after the prize announcements in 2012.

2Huberman and Regev (2001) document a single case in the U.S. stock market similar to the
“Nobel Prizes Concept” stocks in our paper.

3Another typical case of this phenomenon, the case of Zhejiang Dongri, is discussed in Ap-
pendix A.1.
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Table 1.1: A Partial List of “Nobel Prize Concept” Stocks in 2012

Date Nobel
Prize in

Contributions in Affected Stocks Related Businesses

10/8/2012 Physiology
/Medicine

Stem Cell VcanBio (600645): 16%
increase in price
between 10/9/2012 and
10/10/2012, and an
average increase of
1660% in trading
volume

Detection and storage
of stem cell sources in
China

10/9/2012 Physics Quantum Systems (with
applications in laser
science)

HansLaser (002008):
10% increase in price
and 120% increase in
trading volume on
10/10/2012

Laser processing
equipment
manufacturing

10/10/2012Chemistry G-protein-coupled
Receptors (with
applications in
bio-pharmaceuticals
manufacturing)

ChangchunHiTech
(000661): 10% increase
in price and 480%
increase in trading
volume on 10/11/2012

Bio-pharmaceuticals
manufacturing

tacks can happen only when these equilibrating forces are impaired, and the

literature on limits to arbitrage provided plenty of theories and evidence on

why the effect of short sales and SEOs are limited.

Bubble-creating stock attacks happen frequently in the Chinese stock mar-

ket where investors are more behaviorally biased and limits to arbitrage are

far more severe than in mature markets. Even in the U.S. stock market, in

cases where limits of arbitrage are severe, such as recently IPO’ed stocks (for

which short sales are more difficult and SEOs are frequently restricted), bubble-

creating attacks may occur as well, which may have contributed to the overpric-

ing of IPO stocks in the secondary market.

We construct an equilibrium model of bubble-creating attacks based on be-

havioral biases and limits to arbitrage. In our model, the short-term limit of

stock supply (due to existing shareholders’ reluctance to sell, short-sale con-

straint, and SEO restriction) makes the attack equilibrium possible. There

3



are two types of existing investors: “behavioral-biased” and “unbiased”. The

“behavioral-biased” investors are reluctant to sell at any price below their pur-

chase cost due to the disposition effect, and the “unbiased” investors trade ac-

cording to the fundamental value of the stock. These unbiased (fundamental)

investors will sell their shares to speculators during attacks. As long as there

are enough speculators (or enough speculative capital) who can attack and ab-

sorb the selling orders of existing fundamental investors, the attack equilibrium

can be possibly achieved. The inflated price after attack is maintained in equi-

librium by the “behavioral-biased” investors who are reluctant to sell, and by

trend-chasing investors who suffer the extrapolative bias and believe that the

stock price would continue to rise. The likelihood of an attack, therefore, de-

pends on the relative ratio between the aggregate capital of speculators whose

attentions are attracted to a given stock and the amount of existing shares held

by the fundamental investors. The higher the latter, the less likely is an attack.

The likelihood of an attack also depends on how many biased investors are un-

der loss with the stock investment. Based on these intuitions, we propose three

characteristics of stocks that are prone to attacks: low mutual fund ownership,

low tradable market capitalization, and high average purchase cost of existing

shareholders.

Our model generates three main predictions. First, attacks are more likely

to occur to stocks with low mutual fund holding, low tradable market capital-

ization, and high average purchase cost of existing shareholders. Second, these

stocks tend to experience low subsequent returns after a period of extreme in-

crease in price and volume. Third, speculators are the net buyers on the event

days of extreme increase in price and volume, and the net sellers after the events.

Investors with behavioral biases are the net sellers during the events and net

4



buyers after the events.

Although our theory applies to all markets with behavioral-biased investors

and limits to arbitrage, the Chinese stock market – with retail investors as the

majority and its severe limits to arbitrage due to regulatory rules – serves as an

ideal laboratory to test our theory. Specifically, retail investors, who are more

likely to exhibit behavioral biases, account for a large proportion of the trading

activity and stock ownership in China.4 Short selling is only allowed after 2010

and is limited to small subset of stocks at a very high cost.5 Moreover, SEO in

China is strictly regulated and requires a lengthy approval process that could

last for months, preventing companies from taking advantage of the instanta-

neous bubbles via SEO. In addition, the stock market in China adopts the “T+1”

trading rule, which prevents any investor from selling the stocks they bought

on the same trading day and further limits the selling pressure during a bubble-

creating attack. Given these unique stockholder compositions and regulatory

rules, the Chinese stock market provides an ideal setting to test our predictions

from the model.

Using Chinese market data and a unique trading dataset from a brokerage

firm, we document empirical evidence that is consistent with all three predic-

tions of our model. First of all, we find that stocks with low mutual fund hold-

ing level, low tradable market capitalization, and high average purchase cost

among shareholders are more likely to experience events of extreme increase

in price and volume. Moreover, after the initial run-up in price, low mutual

fund holding stocks, low tradable market capitalization stocks, and high aver-

4According to the yearbook published by the SHSE, individual investors account for 86.01%
of the total trading volume and hold 48.29% of the total market capital in the SHSE at the end
of 2007.

5The cost for borrowing shares in China is around 10% per annum. As measured in D’Avolio
(2002), the value-weighted cost to borrow a sample portfolio is 0.24% per annum in the U.S.

5



age purchase cost stocks experience reversals, whereas stocks with high mutual

fund holding, high tradable market capitalization, and low average purchase

cost remain at the new price after the initial increase. Specifically, within the 30

days after the event days of extreme increase in price and volume, stocks with

low mutual fund holding experience a cumulative abnormal return (CAR) of

-2.68% that is statistically significant from zero, whereas stocks with high mu-

tual fund holding only have a CAR of -0.23% that is not statistically significant;

stocks with low tradable market cap experience a CAR of -3.19% that is statisti-

cally significant, whereas stocks with high tradable market cap only have a CAR

of -0.41% that is not statistically significant; stocks with high average purchase

cost among existing shareholders have a CAR of -2.46% that is statistically sig-

nificant, whereas stocks with low average purchase cost have a CAR of -0.04%

that is not statistically significant. The difference between low and high groups

sorted by these three criteria are all statistically significant from zero.

Using a unique trading dataset from a Chinese brokerage firm, we also pro-

vide direct evidence that speculators conduct attacks on stock prices to exploit

individual investors’ predictable trading behavior. Individual accounts with

over five million RMB in stocks, which we suspect to be held by speculators,

purchase shares to pump up the stock price initially and dump them after the

significant rise in price. On the other hand, small individual accounts with less

than 100,000 RMB, which we expect to be held by investors with behavioral

biases, exhibit the opposite trading direction.

Our study contributes to the large literature on why rational investors and

mispricing coexist in equilibrium. The existing literature on limits to arbitrage

primarily focuses on why rational investors may tolerate mispricing as they find

6



it difficult, costly or risky to arbitrage against mispricing. Our paper shows that

rational investors may intentionally create mispricing by taking advantage of

limits to arbitrage and behavioral biases.

Our paper also contributes to the understanding of the potentially desta-

bilizing role of rational investors both theoretically and empirically. Several

theoretical studies have suggested various ways in which rational arbitrageurs

can help drive price away from fundamental value. In this category, the paper

that is closest to our paper is DeLong et al. (1990b), but our paper is different

in a number of important ways. First, DeLong et al. (1990b) is about reaction

to fundamental news; the price reaction is amplified due to trend-chasing be-

havior, but the equilibrium price is always within the support of speculators’

valuation distribution. In our model, however, extreme increase in price occurs

even without any fundamental news. Also, the movement in price is extreme to

the extent that the equilibrium price is already beyond the support of rational

valuation from the speculators’ perspective. As speculators do not have better

information about the fundamental value of the stock, information asymmetry

is not driving our prediction. Second, our model generates a natural prediction

on huge spikes in turnovers during attack events (as all fundamental investors

have to sell their holdings during the attack). Finally, our model generates a

unique and rich set of empirical implications.

On the empirical side, Brunnermeier and Nagel (2004) and Griffin et al.

(2011) also question the view that sophisticated investors consistently trade

against bubbles. However, these studies suggest that hedge funds as well as

other institutional investors tolerate the existence of bubbles and sometimes

may ride along in the building-up phase of bubbles. Our empirical study, how-
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ever, emphasizes the proactive and intentional role of rational investors in cre-

ating bubbles.

Abreu and Brunnermeier (2002) and Abreu and Brunnermeier (2003) also

studied synchronized attacks in stock market to model the mispricing correction

process and to highlight a new type of limit to arbitrage due to difficulty in

synchronization. In their works, speculators attack stock prices to burst bubbles.

In contrast, our paper is about stock market attacks that create bubbles.

Our study builds on previous literature on the predictable and suboptimal

trading patterns of individual investors.6 Specifically, Seasholes and Wu (2007)

study the trading pattern of Chinese individual investors during upper price

limit events. Based on the predictable trading patterns in their analysis, we

present an equilibrium model and test the pricing implication. Our empirical

results highlight the proactive role of speculators in creating bubbles for stocks

prone to attacks.

Although the bubble-creating attacks that we study and document share

some similar features with previous studies on trade-based manipulation such

as Mei et al. (2004), our study differs from this literature conceptually in several

aspects. Mei et al. (2004) envision a large manipulator who can set prices in

the market, whereas we assume a large number of price-taking speculators who

synchronize their attack action through a public signal. A single investor or a

group of cooperative investors trying to manipulate price by trading is consid-

ered a criminal activity in most countries. We would not expect manipulation

to have a pervasive impact on market efficiency with adequate surveillance.

Our model, on the other hand, requires no market power or explicit coopera-

6Barber and Odean (2011) provide a comprehensive review on this literature.
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tion among speculators, which are key features to identify price manipulation.7

Since a large number of speculators can participate in attacks in a legitimate

way, our mechanism is likely to be widespread, difficult to eliminate, and have

a large potential impact on market efficiency.

The rest of the paper is organized as follows: In the next section, we present

our model of bubble-creating stock market attack. We derive testable hypothe-

ses from the model in section 1.2.3. Section 1.3 presents several typical cases of

bubble-creating attacks. In section 1.4, we describe the data used in this paper.

Section 1.5 describes the empirical methodology and tests key predictions of our

model. Section 1.6 concludes.

1.2 The Model

1.2.1 Model Description

Assumptions

We consider a model of four periods – 0, 1, 2 and 3 – and two assets, cash and

a single stock. Cash pays no net return. Stock is in Φ of net supply. There is no

short sale of the stock and no leverage on the stock. Stock is liquidated and each

share of stock pays a certain dividend of V in period 3. This is one of the key dif-

ferences between our model and the model in DeLong et al. (1990b). In DeLong

et al. (1990b), the stock has fundamental uncertainty, and the speculators have

superior information on the fundamental value of the stock than other partic-

7For example, the SEC mentions rigging quotes, prices or trades as a main feature of market
manipulation. http://www.sec.gov/answers/tmanipul.htm
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ipants in the market. Although price may deviate from speculators’ expected

value in their model, it still remains within the support of rational valuation of

the stock from the speculators perspective. We show, in this section, that ex-

treme increase in price can occur even without any fundamental uncertainty.

Moreover, the movement in price is extreme to the extent that the equilibrium

price is already beyond the support of rational valuation from the speculators’

perspective.

The model includes four types of investors. Two types suffer from different

kinds of behavioral biases. Type 1: positive feedback investors, a group of indi-

vidual investors endowed with only cash, present in a measure of one; Type 2:

loss aversion (disposition) investors, a group of individual investors, who are

endowed with only stock, and who will sell the stock if and only if the price is

above their purchase cost; Type 3: fundamental investors, whose demand of a

stock depends only on the price relative to its fundamental value, i.e., the ex-

pected value of dividend; Type 4: a large number of speculators, each endowed

with only cash of amount c, who maximize his/her wealth at period 3. All

investors are risk neutral. Only speculators have a strategic decision to make.

Other types of investors’ demand for the stock respond to stock price.

The timeline of the model is shown in Figure 1.1, and is described as follows:

Period 0

The public expectation of dividend payoff of the stock is V , and the stock

price in period 0, P0, equals V . In period 0, the stock has total shares Φ, of which

θ fraction is held by loss aversion investors, and 1 − θ fraction is held by funda-

mental investors. All loss aversion investors have suffered losses on the stock
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at the current price. That is, their purchase cost is above P0. Loss aversion in-

vestors will sell the stock if and only if the price exceeds their purchase cost,

which has a distribution function F(P). A public signal is revealed at the end

of period 0 (after trading). The signal generates varying degrees of attention: n

represents how many speculators observe the signal. n is common knowledge

among the speculators. The signal has no informational content. That is, it does

not affect the dividend value V in period 3, and merely serves as a synchroniza-

tion device among speculators to attack the stock, similar to the news events in

Abreu and Brunnermeier (2003).

Period 1

After observing the public signal and n, each speculator choose his/her strat-

egy. The equilibrium of the model depends on the realization of n and whether

these speculators can generate a large enough increase in price. If it is possi-

ble for speculators to generate a large increase in price, then there can be two

equilibria, attack and no attack. Otherwise, no attack is the unique equilibrium.

Specifically, for any P1 > V , fundamental investors’ supply of stock is (1 − θ)Φ

and loss aversion investors’ supply of stock is F(P1)θΦ. If the event does not at-

tract enough attention among speculators, i.e., nc ≤ Φ(1−θ)V , then each specula-

tor buy zero share is the unique equilibrium. In this case, P0 = P1 = P2 = P3 = V

and trading volume for each period is zero. If nc > Φ(1 − θ)V , then each spec-

ulator spends c to buy the stock is an attack equilibrium for certain parameter

values, which is derived in section 1.2.2. In this attack equilibrium, P1 is deter-

mined by nc = P1[(1 − θ) + θF(P1)]Φ. This price is determined in a competitive

market. As the cash holding of each speculator is small, none of the speculators

has sufficient market power. However, in the attack equilibrium, they do take
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into account the price increase in period 1 caused by the demand from all other

speculators. The trading volume in terms of stock value is nc in period 1.

Period 2

The total demand from all positive feedback investors in period 2 is β(P1−P0),

where β is the positive feedback coefficient. Positive feedback investors’ de-

mand in period 2 responds to the price change between period 0 and 1, and is

invariant to P2. This demand function is the same as the one in DeLong et al.

(1990b). The cause of this response from positive feedback investors can be ex-

plained in several ways. One possibility is that these investors hold a biased

belief. They extrapolate past return and believe that the stock price will con-

tinue to rise, as documented in Greenwood and Shleifer (2014). Alternatively,

this demand function can be interpreted as attention-driven buying after ex-

treme positive returns suggested in Barber and Odean (2008). As investors have

limited attention, the cost of searching among the thousands of stocks they can

potentially buy is high. However, if the return on a stock is high, it is likely

to catch investors’ attention and eliminate the search cost. We do not take a

stand on the cause of this behavior, and simply assume the existence of this pre-

dictable pattern as it is well documented in previous literature (Seasholes and

Wu (2007)). Due to the demand from positive feedback investors, the trading

volume in terms of stock value is β(P1 − P0)P2 at period 2.

Period 3

In period 3, dividend is realized and stock is liquidated. Investors who hold

the stock in period 3 are paid the public known dividend V for each share. There

is no trading and the price of the stock is pinned down to the dividend value in
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Figure 1.1: Timeline and Price Path
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1.2.2 Solution of the Model

We derive the condition for the existence of multiple equilibria. As long as the

positive feedback trading demand is sufficiently high, P2 will be greater than P1.

Speculators can sell in period 2 with profit. In this case, an attack equilibrium

exists. At the same time, loss aversion investors whose purchase cost lie be-

tween P1 and P2 also sell at time 2. Therefore, P2 is determined by the following

condition:

[F(P2) − F(P1)]θΦ +
nc
P1

= β(P1 − P0) (1.1)

Attack is an equilibrium if P∗2 > P∗1, i.e., F−1( 1
θ
[ β

Φ
(P∗1−V)−(1−θ)]) > P∗1. Derivation

for the parameter range is shown in Appendix A.2. The profit for each specu-
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lator is c( P∗2
P∗1
− 1). When the condition for the existence of an attack equilibrium

is satisfied, the model has two equilibria, no attack and attack. Figure 1.2 illus-

trates the determination of price in period 1 and 2, and Table 1.2 summarizes

the demand from each type of investors in each period in an attack equilibrium.

Figure 1.2: Determination of Prices in Period 1 and 2
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Table 1.2: Demand for the Stock by Investor Types

(Total supply of stock = Φ for all periods.)

Total demand from

Period Description Price Positive
feedback
investors

Loss aversion
investors

Fundamental
investors

Speculators

0 Public announcement
of signal

P∗0 = V 0 θΦ (1 − θ)Φ 0

1 Speculators buy from
fundamental
investors and loss
aversion investors

P∗1 0 [1 − F(P∗1)]θΦ 0
nc
P∗1

2 Speculators and loss
aversion investors
sell to positive
feedback investors

P∗2 β(P1 − P0) [1 − F(P∗2)]θΦ 0 0

3 Dividend payoff P∗3 = V β(P1 − P0) [1 − F(P∗2)]θΦ 0 0

1.2.3 Testable Hypotheses

Ideally, we would conduct empirical analysis on all cases of successful attacks.

However, unlike news events studied in most previous literature, the linkage

between the news signal and the attacked stock is unconventional in the sense

that the signal should have zero informational value on the stock fundamen-

tals. However, it is a daunting task to estimate the impact of the news on stock

fundamental value on a one-to-one basis. Even after we undertake this task for

all relevant cases, the estimated value is still subjective. To avoid any sample

selection bias due to our subjective judgment, we develop testable hypotheses

from a different starting point.

Instead of obtaining all cases of attacks, we study events that are likely to re-

sult from attacks. Our model suggests that attacks are associated with extreme

increase in price and trading volume simultaneously. Therefore, we consider
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trading days (events) with these two characteristics and derive six testable hy-

potheses on the occurrence of these events, on the subsequent stock returns, and

on the trading patterns of different types of investors during these events.

First, attack is an equilibrium only if speculators can drive up the price sig-

nificantly in period 1. In this case, speculators’ total capital has to exceed the

value of shares held by fundamental investors (nc > (1 − θ)ΦV). With a fixed

amount of speculators’ total capital, it is less likely for this value to exceed the

total value held by fundamental investors for a stock with high fundamental

investor holding. Hence, we obtain the first hypothesis as follows:

Hypothesis 1: Stocks with higher fundamental investor holdings are less likely to

be attacked.

Moreover, loss aversion investors will not sell if speculators have not bid

the price above their purchase cost. When the purchase costs for loss aversion

investors are high, it is easy for the speculators to pump up the price in period

1. Hence, we obtain the second hypothesis:

Hypothesis 2: Stocks with higher average purchase cost among existing sharehold-

ers are more likely to be attacked.

An illustration of Hypothesis 2 is shown in Appendix A.2.

Extreme increases in price and trading volume can either be the result of

unexpected shocks to stock value or the result of attacks. After controlling for

the frequency of the occurrence of unexpected shocks to stock value to a certain

stock, Hypothesis 1 and 2 can be modified as follows:

Hypothesis 1’: Events of extreme increase in price and volume are more likely to
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occur to stocks with less fundamental investor holdings.

Hypothesis 2’: Events of extreme increase in price and volume are more likely to

occur to stocks with higher average purchase cost among existing shareholders.

In addition, when the initial increase in price and volume is due to a rational

reaction to unexpected shock to stock value, we expect the new price to sus-

tain afterward. To the contrary, when the initial increase in price and volume

is due to attacks, we expect stock price to reverse after the event. As stated in

Hypothesis 1 and 2, stocks with less fundamental investor holdings and stocks

with high average purchase cost among existing shareholders are more likely to

be attacked, we expect attacks to account for a larger fraction of the events for

stocks with these characteristics. As a result, we expect to see a larger subse-

quent reversal for stocks with these characteristics.

Formally, we obtain two cross-sectional predictions on subsequent stock re-

turns as follows:

Hypothesis 3: After extreme increases in price and trading volume, stocks with low

fundamental investor holdings will underperform those with high fundamental investor

holdings.

Hypothesis 4: After extreme increases in price and trading volume, stocks with

high average purchase cost among existing shareholders will underperform those with

low average purchase cost among existing shareholders.

Finally, the demand from each type of investors during each period gener-

ates predictions on the trading direction of each type of investors. As shown in

Table 1.2, in the pumping stage of the attack equilibrium, speculators buy the
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stock to drive up the price, whereas loss aversion investors sell the stock. In

the dumping stage of the attack equilibrium, speculators sell the stock at the

inflated price, whereas positive feedback investors buy the stock. We consider

both loss aversion investors and positive feedback investors to be behavioral-

biased investors and obtain the following hypotheses:

Hypothesis 5: Speculators are net buyers on the event days of extreme increase in

price and volume, while behavioral-biased investors are net sellers on the event days.

Hypothesis 6: Speculators are net sellers after the event days, while behavioral-

biased investors are net buyers after the event days.

We test each of the above hypotheses in section 1.5.

1.3 Description on Typical Cases of Attacks

Before testing the previous hypotheses empirically, we first document several

examples to better illustrate different forms of attacks. We discuss two different

types of triggering signals: signals that are seemingly-related to stock funda-

mentals and signals that cannot be linked to stock value at all.

Within the typical attacks we observe, a large proportion of the triggering

news can be remotely linked to stock fundamentals, although the impact on val-

uation should be zero or minimal. For example, on February 14th, 2012, Dong

Fang Hotel was chosen as a target for attack, because it fits the “Valentine’s Day

Concept”. The stock price increased 10% and the turnover increased four times.

While it is reasonable to argue that the hotel will generate more revenue on

Valentine’s Day, we would not expect the occurrence of Valentine’s Day to be a
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fundamental shock on the stock value from a rational standpoint. Not only is

the potential revenue increase during one day a minor proportion of the hotel’s

earnings, but the occurrence of Valentine’s Day is also perfectly predictable. Ra-

tionally, we would expect the additional revenue to be incorporated into stock

price before the Valentine’s Day.

Similar cases include the aforementioned “Nobel Prize Concept” stocks as

well as the “Financial Liberalization Concept” stock discussed in Appendix A.1.

Although investors might justify the existence of some seemingly-related link-

age between the signal and firm fundamentals, the change in valuation implied

by the signal is at most minimal.

Our theory does not have direct implication on what type of signal may

trigger attacks from speculators. However, we suspect that fundamental re-

lated signals, even with minimal informational value, may attract subsequent

demand from positive feedback investors, who have relatively less knowledge

on how to value the stock and may have illusions on the informational content

of the signal (similar to the case in the U.S market documented by Huberman

and Regev (2001)). As a result, speculators may attempt to synchronize their

action on this type of signals, because attacks are more likely to be successful

with sufficient demand from positive feedback investors.

Although a lot of triggering signals seem to have remote linkages to stock

fundamentals, we also observe attacks in which the triggering news have no

linkage to the stock value at all. For example, on November 4th, 2008, Barack

Obama was elected President of the United States. After the Election Day, a

Chinese stock called Aucma, which sounds like Obama in Chinese, experienced

10% daily return for several times. Similarly, on the days of the national college
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entrance exams in 2012, several stocks with lucky names related to the excellent

performance of students also increased drastically in price. There is no fun-

damental linkage between these events and affected stocks. However, the U.S.

election and college entrance exams were commonly known as events that drew

collective attention. Moreover, these events points directly to a small subset of

stocks on a specific day, which facilitates synchronization among speculators.

Previous examples of attacks suggest that, although a signal that is

seemingly-related to fundamental value might facilitate attacks, attacks that are

purely based on non-fundamental linkages can also succeed. Moreover, we con-

jecture that signals with two characteristics may be more likely to trigger suc-

cessful attacks: signals that could generate extra high demand from positive

feedback investors due to their illusions on the increase in fundamental value,

and signals that point directly to a small subset of stocks at a specific time, which

facilitates synchronization among speculators.

The mechanism provided in our model can potentially shed light on other

types of pricing anomalies in the Chinese stock market. For example, Han and

Hong (2014) found that stock prices react to stale news of Chinese industrial

policy. Although these policy news are already released to the public before

the official announcement date, the affected stocks still experience positive re-

turn after the official announcement. This initial increase in price is followed by

long run reversal. Since official announcement satisfies the two characteristics

of events stated above, it is possible that some of the initial reactions to stale

news are due to attacks.
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1.4 Data Description

In this paper, we combine several different data sources in the empirical anal-

ysis. Market data and mutual fund holding data are obtained from China Se-

curity Market and Accounting Research (CSMAR). Market data include price,

volume, total shares and tradable shares outstanding for all stocks traded in

Shanghai Stock Exchange (SHSE) and Shenzhen Stock Exchange (SZSE) from

January 1, 2007 to March 31, 2013 on a daily basis. Following previous literature

on the Chinese stock market, we consider all A-share stocks. B-share stocks,

which are denominated in U.S. dollars, are excluded from the sample.

The mutual fund holding data contains the number of shares held by each

mutual fund on a semi-annual basis (at the end of each June and December).

Table 1.3 summarizes the mutual fund holding for stocks in the two exchanges.

The third column shows the number of stocks with mutual fund holding at the

end of each year from 2007 to 2012. The last two columns show the average

percentage of mutual fund holding and the average number of distinct mutual

funds for stocks with positive mutual fund holding. It is evident from table that

the number of stocks with some mutual fund coverage is increasing over the

years, and the average number of funds in each stock is also increasing. Yet,

the average total holding still remain at a relatively low level. We choose the

sample period of 2007-2012 for two reasons. First, following the dramatic in-

crease in stock price in 2006, participation from new inexperienced individual

investors increased dramatically. Figure 1.3 shows the new account opening ac-

tivity by individual investors in the Chinese stock market. To trade on the SHSE

and the SZSE, investors can open one and only one permanent stock account

with each exchange. Even after they decide to close their accounts with the ex-
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Table 1.3: Summary on Mutual Fund Holding of A-share Stocks

This table summarizes mutual fund holding of each stock at the end of each year. The
second and third column show the total number of A-share stocks traded on the SHSE
and the SZSE and the number of stocks with positive mutual fund holding, respectively.
Column four is the average percentage mutual fund holding for stocks. (Stocks with no
mutual fund holding are excluded from the calculation.) The last column is the average
number of mutual funds that invest in each stock in each year.

Year # of stocks # of stocks with
holding Avg holding (%) Avg # of funds

2007 1517 956 8.89 24.43
2008 1577 940 8.57 23.43
2009 1680 1278 6.20 22.17
2010 2020 1662 7.04 26.77
2011 2301 2060 5.56 27.54
2012 2456 2124 5.03 35.51

changes, their stock accounts identifier will not be recycled for future investors.

As shown in Figure 1.3, the number of new accounts opened by individual in-

vestors each year since 2007 is much higher than the new account opening level

from 1992 to 2006. This suggests that, since 2007, the Chinese stock market is

largely populated by new, inexperienced individual investors, who are more

likely to exhibit the behavioral biases in our model. (Seasholes and Wu (2007)

show that inexperienced investors tend to buy a stock after an extreme increase

in price in the Chinese stock market. Dhar and Zhu (2006) shows that inexperi-

enced investors tend to exhibit more disposition effect.) Second, in earlier years,

the Chinese stock market is described as a market with flagrant market manipu-

lation. (Refer to Carpenter et al. (2014) for a detailed description of the evolution

of the Chinese stock market.) To distinguish our finding from the conventional

manipulation schemes studied in the literature, we focus on recent years, when

the conventional manipulation schemes are much less likely to occur due to en-

hanced surveillance by the China Securities Regulatory Commission (CSRC).
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Our individual daily trading and portfolio holding data come from a top five

brokerage company in China. The trading data contains 1.7 million investors’

trading records from January 2007 to October 2009 in the southeast region in

China. We focus on their trading records of common stocks, which comprise

around 80% of all trading records. The dataset contains the ID number of ac-

count holders, their daily trading records and holding data throughout the sam-

ple period. The ID for the local brokerage branch in which each account holder

open his/her account is also included.

Following the fact book published by the SHSE annually, we classify all trad-

ing accounts in our dataset according to the equity value in each trading account

(value invested in stocks) in the sample period. We define accounts with less

than 100,000 RMB at any time as small accounts, those exceed 100,000 RMB at

least once but never exceed 1 million RMB as medium accounts, those exceed 1

million RMB at least once but never exceed 5 million RMB as large accounts, and

those exceed 5 million RMB at least once as super accounts. Table 1.4 shows the

distribution of all accounts in our sample. Total accounts represent all accounts

in our dataset, whereas active accounts are accounts with more than 20 times of

transactions during our sample period. To eliminate the bias caused by inactive

investors in our sample, we exclude the inactive accounts in our empirical anal-

ysis. The total number of super accounts in our sample is 6028, which accounts

for 0.6% of active accounts. In contrast, small accounts accounts for 52.98% of

active accounts. We also provide the account distribution in the SHSE for com-

parison in Table 1.4. It appears that accounts with high equity value constitute

a larger fraction in our sample than those in the SHSE.

In addition, to measure the abnormal return around the events we identify,
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Table 1.4: Account Distribution

This table compares the distribution of accounts in the dataset from the brokerage com-
pany and that of all accounts in the SHSE. Following the fact book published by the
SHSE annually, we classify trading accounts in our dataset into four categories accord-
ing to the equity value of each trading account (value invested in stocks). We define ac-
counts with less than 100,000 RMB at any time as small accounts, those exceed 100,000
RMB at least once but never exceed 1,000,000 RMB as medium accounts, those exceed
1,000,000 RMB at least once but never exceed 5,000,000 RMB as large accounts, and
those exceed 5,000,000 RMB at least once as super accounts. Active accounts are de-
fined as accounts with more than 20 trades in the brokerage company dataset. Active
(%) denotes the fraction of a specific type of accounts in all active accounts (in percent-
age) in the brokerage company dataset. Total (%) denotes the fraction of a specific type
of account in all accounts (in percentage) in the brokerage company dataset. The last
two columns are the account distributions of all accounts in the SHSE in 2008 and 2009,
respectively.

Account distribution in the brokerage dataset Account distribution in the SHSE

Account
Type

Active Active
(%)

Total Total
(%)

SHSE in 2008 (%) SHSE in 2009 (%)

Small 529,970 52.98 1,104,325 65.96 91.97 82.78
Medium 419,975 41.98 519,476 31.03 7.62 15.99

Large 44,353 4.43 44,353 2.65 0.36 1.10
Super 6,028 0.60 6,028 0.36 0.05 0.12

we use abnormal return data provided by one of the largest fund management

companies in China. Abnormal return is the daily return adjusted by a Barra

style risk model with style factors including market, size, value, momentum,

volatility, liquidity, and 29 industry factors for the Chinese stock market.

1.5 Empirical Analysis

In this section, we test the hypotheses derived from our model. To carry out

our empirical analysis, it is essential to identify events that are likely to result

from attacks. We propose our method of identifying events of attack based on

prediction from our model. After identifying the events, we describe the key
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Figure 1.3: Individual Investors’ Account Opening Activity
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explanatory variables used in the empirical analysis. Then, we examine the

likelihood of the occurrence of events and the abnormal returns after the events

for stocks with different characteristics. In section 1.5.4, we further study trad-

ing pattern of speculators and behavioral investors using individual investors’

trading data from the brokerage company.

1.5.1 Description of Events and Key Explanatory Variables

Identification of events

To attract positive feedback investors, speculators need to pump up the price

first. Therefore, successful attacks should cause extreme positive returns. More-

over, to pump up the price, speculators purchase the target stock aggressively

from fundamental investors and loss aversion investors, which generates abnor-
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mally high trading volume on the attack day compared to the everyday trading

volume of the stock. We identify events based on these two criteria. The two

exchanges in mainland China both have a ±10% daily price limit for stocks.8

Therefore, the highest daily return for a stock in normal circumstances is 10%.

To identify events that are likely to result from attacks, we look for stocks that hit

the upper price limit of 10% at the end of trading day and simultaneously have

a daily trading volume that exceeds twice the average daily trading volume of

that stock in the previous 120 trading days.

The attacking phase of a typical attack can last for several days. As described

in the case of Zhejiang Dongri (ZJDR) in Appendix A.1, the stock price contin-

ued to surge for almost a month. During that period, the stock hit the upper

price limit and had abnormally high trading volume for several days. We con-

sider this as one event with a long attack period. To avoid double counting of

events, we identify each event as the first time in the last six months that a stock

has a 10% daily return with simultaneous abnormally high trading volume. For

example, if a stock has 10% return and abnormally high trading volume on both

January 3 and January 5, we count this as one event on January 3 and we define

January 3 as event day 0.

We consider all such events between January 1, 2007 and December 31, 2012.

This gives us a total of 5962 events, with 2033 unique stocks and 1294 unique

dates of event. The description of the occurrence of events in each year is sum-

marized in Panel A of Table 1.5. Events occur more often in 2008 and 2012 than

in other years. This is consistent with our expectation based on the model: after

the poor performance of the Chinese stock market from 2007 to 2008 and in 2011

8For some special treatment stocks, the daily price limit is ±5%. The daily price limit is
not imposed on stocks in some special situations, e.g., initial public offering, secondary equity
offering, after long period of trading suspension, and so on.
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as shown in Figure 1.3, loss aversion investors are stuck with their holding of

stocks with high purchase cost, which incurs attacks from speculators. In addi-

tion, column 4 and 5 in Panel A of Table 1.5 show that, at least one event occurs

for some stock for most of the trading days.
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Table 1.5: Summary on the Events and Main Variables

This table summarizes the occurrence of events over the years in our sample and the
main variables used in subsequent analysis. Panel A in this table shows the distribu-
tion of events across different stocks and trading days in each year. # of stocks denotes
the total number of A-share stocks. Distinct stocks with events denotes the number
of stocks that experienced at least one event during that year. # of trading days is
the number of official trading days for the SHSE and the SZSE in each year. Distinct
trading days with events denotes the number of distinct trading days in which at least
one event occurs for some stock. Total # of events denotes total number of events in
each year. Panel B in this table presents the summary statistics of characteristics as-
sociated with identified events by year. Total fund holding value is the mutual fund
holding value and tradable market cap is the tradable value of market capitalization
for each stock, both measured at the end of the previous half year in billions of RMB.
Gains Overhang =

P−10−Average Cost−10
P−10

, where P−10 is the closing price on event day -10

and Average Costt =
1
k
∑240

n=1

(
Vt−n

∏n−1
τ=1[1 − Vt−n+τ]

)
Pt−n, with k a constant that makes the

weights on past prices sum to one. Pt and Vt are the price and share volume on day t.
Average volume is the average daily turnover in the previous 120 trading days. Event
day volume is the turnover on event day 0. Abnormal volume is the ratio between event
day volume and average volume. Means are reported for each variable and standard
deviations are reported in parentheses.

Panel A: Occurrence of Events by Year

Year # of stocks Distinct stocks
with events

# of trading
days

Distinct trading
days with events

Total # of
events

2007 1517 861 242 194 932
2008 1577 1159 246 211 1350
2009 1680 700 244 209 758
2010 2020 888 242 213 946
2011 2301 716 244 214 733
2012 2456 1151 243 233 1243

2007-2012 2491 2033 1461 1274 5962

Panel B: Summary Statistics of Main Variables by Year

2007 2008 2009 2010 2011 2012 Total

Total Fund Holding Value 0.468 0.848 0.498 0.541 0.351 0.207 0.501
(1.954) (3.278) (1.743) (1.226) (1.102) (0.598) (1.982)

Tradable Market Cap 3.004 4.148 4.409 6.343 4.651 3.582 4.295
(6.823) (11.62) (11.27) (11.12) (7.554) (6.250) (9.475)

Gains Overhang 0.0910 -0.251 0.0205 -0.0178 -0.0918 -0.144 -0.0840
(0.138) (0.183) (0.114) (0.114) (0.114) (0.115) (0.180)

Average Volume 3.619 2.176 3.503 2.991 2.122 1.881 2.632
(1.550) (1.197) (1.922) (1.773) (1.268) (1.833) (1.741)
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Event Day Volume 11.65 7.432 11.62 10.41 8.392 7.602 9.249
(5.196) (4.750) (6.403) (6.408) (5.617) (6.791) (6.144)

Abnormal Volume 3.457 3.612 3.572 3.732 4.259 4.720 3.912
(1.671) (1.923) (1.463) (1.652) (2.186) (2.722) (2.081)

Fundamental investors’ holding value: total mutual fund holding value

According to Hypothesis 1, stocks with low fundamental investor holding are

more likely to be the victim of attacks than stocks with high fundamental in-

vestor holding. We use the total value of mutual fund holding as a proxy for

fundamental investors’ holding value. Mutual fund holding data are available

at a semi-annual frequency. We calculate total mutual fund holding value as the

product of the total percentage shares held by all mutual funds and the market

capital of the stock at the end of the half year. We match this fund holding value

of each stock to events that occurred in the subsequent six months.

Fundamental investors’ holding value: tradable market cap

The value of stocks held by investors who trade on fundamental value is

bounded by the tradable market capitalization. We use tradable market cap-

italization as an alternative proxy for fundamental investors’ holding value.

For stocks with low tradable market capitalization, total cash held by specu-

lators is more likely to exceed the fundamental investors’ holding value in this

stock. Therefore, we expect that attacks are more likely to occur for these small

stocks. We match the tradable market capitalization at the end of each half year

to events that occurred in the subsequent six months.
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Gains overhang

To capture the intuition in Hypothesis 2, we first develop a proxy for the pur-

chase cost of existing shareholders. Following Grinblatt and Han (2005), we

calculate the average purchase cost for current shareholders as follows:

Average Costt =

∞∑
n=1

Vt−n

n−1∏
τ=1

[1 − Vt−n+τ]

 Pt−n, (1.2)

where Pt and Vt are the price and turnover on day t for a certain stock on day

t. This Average Cost measure is a weighted average of the purchase prices ac-

cording to historical trading activity in the market. To avoid confounding mi-

crostructure effects, we calculated the average cost for each event on event day

-10. Since distant market prices have little impact on the Average Cost, we trun-

cate the estimation at one year and rescale the weights to sum to one.9

We prefer this measure to the actual average purchase cost obtained from

the brokerage company for two reasons. First, we need a measure that proxies

for the average purchase costs perceived by speculators. In our model, specula-

tors rely on a public observable distribution of loss aversion investors’ purchase

cost to estimate the difficulty in pumping up the price of a certain stock. At-

tacks arise in equilibrium when it is common knowledge among speculators

that attacks can cause significant price increases due to limited supply from

loss aversion investors. Consistent with the intuition from our model, volume-

weighted average price can be easily obtained by speculators. In contrast, the

actual average purchase cost is not observable for speculators, and we do not

expect speculators to synchronize on that. In addition, the data from the bro-

9We require at least 60 trading days during the one year before the event to calculate the
gains overhang measure.
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kerage company covers only a fraction of all individual investors in the market

and is not available for the later part of our sample period.

We obtain the average purchase cost on event day -10 and use the closing

price on that day to scale the average cost. The resulting gains overhang mea-

sure is in term of percentage deviation from average purchase cost. That is,

Gains Overhang =
P−10 − Average Cost−10

P−10
(1.3)

Gains Overhang stands for the gain or loss position for an average share-

holder on this stock. A positive value of Gains Overhang indicates that the aver-

age shareholder of this stock is having a paper gain on his/her position of this

stock. We use Gains Overhang to measure the willingness of current sharehold-

ers to sell the stock. When an average shareholder is having a large loss on the

position of this stock, he/she is less willing to sell his/her stock upon increase

in price, because the inflated price is still below his/her purchase cost. The re-

luctance of individual investors to sell their shares creates a limited supply of

the stock, which makes it easier for speculators to generate extreme increase in

price without depleting their capital.

Panel B in Table 1.5 shows the descriptive statistics of main variables for

the identified events by year. The average gains overhang is -8.4%, consistent

with collapse of the Chinese stock market in 2007. The average daily turnover

among all events before the event day is 2.632%, whereas the average turnover

on event day 0 is 9.249%. Moreover, the average gains overhang in 2008 and

2012 are lower than in other years. This is consistent with the result in Panel

A that events occur more in these two years, as the loss aversion investors are

stuck with their holding of stocks with high purchase cost, which incurs attacks

from speculators.
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1.5.2 Occurrence of Events

In this section, we empirically test Hypothesis 1 and 2. Specifically, we perform

logistic regressions of the occurrence of events on the explanatory variables as

follows:

Occurrencei,t = β0 + β1FundHoldingi,t−1 + β2GainsOverhangi,t−1

+ β3Controlsi,t−1 +
∑

T

Hal f Year Dummies + εi,t, (1.4)

where Occurrencei,t is set to one if an event occurs in half year t for stock i.

Since we identify each event as the first extreme increase in price and volume

in the last six months, there will be at most one event during each half year.

FundHoldingi,t−1, GainsOverhangi,t−1 and Controlsi,t−1 are all measured at the end

of the previous half year (t − 1).

Table 1.6 provides the summary statistics for the variables used in the logis-

tic regressions. Panel A provides the summary statistics for the whole sample,

and Panel B compares the variables between the occurrence and no occurrence

group. Panel C reports the correlation between variables. Consistent with Hy-

pothesis 1 and 2, occurrence is associated with lower fund holding, lower trad-

able market cap and lower gains overhang, as shown in Panel C. Liquidity and

volatility related variables are similar between the occurrence and no occurrence

group, suggesting the occurrence of events with extreme increase in price and

volume is not mainly caused by low liquidity and high volatility. Skewness and

cumulative return in the previous six months is higher for the no occurrence

group, as shown in Panel B. In addition, the correlation between gains over-

hang and skewness and cumulative return are both positive. This pattern is in

line with Hypothesis 2: for stocks with high cumulative previous returns or ex-

treme previous returns (high skewness), the purchase cost for current investors
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Table 1.6: Summary Statistics on the Occurrence of Events

This table summarizes the variables for the sample in the logistic regression. Each stock-
half-year between 2007 and 2012 counts as one observation. An event is defined as a
stock increases 10% in price in one day and experiences more than twice the previous
trading volume simultaneously. Occurrence equals one if an event occurs in a half year
for a stock. Total fund holding value and tradable market cap are both measured in
billions of RMB at the end of the previous half year. (In panel C, the logarithm of these
two variables are used.) Gains Overhang =

Pt−Average Costt
Pt

, where Pt is the closing price at

the end of the previous half year, and Average Costt =
1
k
∑240

n=1

(
Vt−n

∏n−1
τ=1[1 − Vt−n+τ]

)
Pt−n,

with k a constant that makes the weights on past prices sum to one. Pt and Vt are the
price and share volume on day t. The following variables are measured in the previous
half year: average volume is the average daily turnover; Amihud illiquidity measure =

average(|
Daily return

Daily trading volume
|) · 106; volatility is the standard deviation of daily returns;

skewness is the skewness calculated from daily returns; CumRet(6m) is cumulative
return in the previous half year.

Panel A: Summary Statistics on the Variables in the Logistic Regression

Variable N Mean Std 25 PCTL Median 75 PCTL

Occurrence 19685 0.29 0.45 0.00 0.00 1.00
Total Fund Holding Value 19685 0.49 2.00 0.00 0.02 0.21
Tradable Market Cap 19685 6.68 38.26 1.05 2.08 4.48
Gains Overhang 19685 -0.08 0.16 -0.19 -0.08 0.02
Average Volume 19685 3.09 2.21 1.51 2.53 4.05
Amihud Illiquidity Measure 19685 0.11 0.42 0.03 0.06 0.11
Volatility 19685 3.26 1.68 2.51 3.05 3.80
Skewness 19685 0.04 0.82 -0.26 -0.03 0.20
CumRet(6m) 19685 0.15 0.55 -0.22 0.03 0.37

Panel B: Comparing Variables between Occurrence and No Occurrence

Occurrence=0 Occurrence=1 Total

Total Fund Holding Value 0.557 0.316 0.488
Tradable Market Cap 7.769 3.942 6.676
Gains Overhang -0.077 -0.105 -0.084
Average Volume 3.151 2.933 3.089
Amihud Illiquidity Measure 0.112 0.107 0.110
Volatility 3.246 3.293 3.259
Skewness 0.061 -0.003 0.043
CumRet(6m) 0.192 0.048 0.151
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Panel C: Correlation between Variables

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Occurrence (1) 1.00
Total Fund Holding Value (2) -0.08 1.00
Tradable Market Cap (3) -0.10 0.77 1.00
Gains Overhang (4) -0.08 0.23 0.16 1.00
Average Volume (5) -0.04 -0.27 -0.33 0.12 1.00
Amihud Illiquidity Measure (6) -0.01 -0.09 -0.18 -0.04 -0.04 1.00
Volatility (7) 0.01 -0.08 -0.15 -0.03 0.37 0.04 1.00
Skewness (8) -0.04 0.03 0.03 0.09 0.17 0.00 0.50 1.00
CumRet(6m) (9) -0.12 0.08 0.09 0.58 0.43 -0.05 0.27 0.16 1.00

in the stock is likely to be low (gains overhang is likely to be high). Therefore,

attacks are less likely to occur to these stocks.

Table 1.7 presents the results from the logistic regressions. In particular,

Panel A exhibits the results with occurrence as the dependent variable and total

fund holding value and gains overhang as explanatory variables.10

In the baseline model, total fund holding value and gains overhang are in-

cluded as explanatory variables and half-year dummies are included as con-

trols. Coefficients on both variables are negative and statistically significant. Re-

sults from the baseline model confirm Hypotheses 1 and 2: events are less likely

to occur to stocks with high fund holding than stocks with low fund holding as

it is easier for speculators to drive up the price of stocks with low fundamen-

tal investor holding. Moreover, events are less likely to occur to stocks with

high gains overhang than stocks with low gains overhang. For stocks with low

gains overhang, the loss aversion investors are suffering a loss on their hold-

ing. Therefore, speculators tend to pick these stocks as they expect that the loss

aversion investors are reluctant to sell, which limits the supply of stock during

10Gains overhang used in the logistic regression is calculated at the end of each half year,
as opposed to on event day -10 in subsequent analysis, because event day 0 is not defined for
stock-half-year observation in which occurrence equals zero.
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attacks.

One alternative explanation would be stocks with low liquidity tend to co-

incide stocks with low fund holding, and extreme return events tend to occur

to low liquidity stocks. Moreover, stocks with high volatility, which tend to be

held less by mutual funds, are also more likely to experience extreme returns.

As shown in Panel C in Table 1.5, fund holding is negatively correlated with the

Amihud illiquidity measure and is positively correlated with volatility. To con-

trol for stock liquidity, we include average turnover as a measure of the average

trading activity in the stock and the Amihud illiquidity measure as a measure

of daily price impact of trading. Volatility, calculated as the standard deviation

of daily returns, is also included. As shown in the second column, the effect of

fund holding and gains overhang still exists after these controls.

The coefficients on average volume are negative and insignificant in Panel A.

The negative coefficient is expected, as we require the event day trading volume

to exceed twice the average trading volume in the past. For stocks with low

average trading volume initially, it is more likely that the demand from attackers

will double the trading volume during attacks, making the event qualify for our

event identification. The coefficient on volatility is significant only in the last

column.

In addition, the coefficients on the Amihud illiquidity measure are negative

and significant. One alternative hypothesis on the result in the first column is

that these events are more likely to occur to stocks with high information asym-

metry, which can be negatively related to fund holding. Since the Amihud illiq-

uidity measure is usually used as a proxy for the information asymmetry, the

negative coefficients are inconsistent with the information asymmetry hypoth-
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Table 1.7: Logistic Regressions on the Occurrence of Events

This table reports the results from the logistic regression of occurrence of events. Panel
A presents the results with total fund holding value as a proxy for fundamental in-
vestors’ holding. Panel B presents the results with tradable market cap as a proxy
for fundamental investors’ holding. Each half year of each stock counts as one ob-
servation. Occurrence equals one if an event occurs in this half year for this stock.
Total fund holding value and tradable market cap are the logarithm of the correspond-
ing value of each variable at the end of the previous half year. (Total fund holding
value is the logarithm of one plus the holding value to include stocks with zero hold-
ing value.) Gains Overhang =

Pt−Average Costt
Pt

, where Pt is the closing price at the end

of the previous half year, and Average Costt =
1
k
∑240

n=1

(
Vt−n

∏n−1
τ=1[1 − Vt−n+τ]

)
Pt−n, with

k a constant that makes the weights on past prices sum to one. Pt and Vt are the
price and share volume on day t. All other variables are measured in the previous
half year: average volume is the average daily turnover; Amihud illiquidity measure

= average(|
Daily return

Daily trading volume
|) · 106; volatility is the standard deviation of daily re-

turns; skewness is the skewness calculated from daily returns; CumRet(6m) is the cu-
mulative return in the previous half year. The base model includes a proxy for funda-
mental investors’ holding and the gains overhang measure. The second column controls
for liquidity and volatility. The third column includes skewness and cumulative return
as additional controls. The last column reports the marginal effect from the model with
additional controls. Half-year dummies are included in all three model specifications.
Standard errors are clustered by stock and by half year. T-statistics are reported in
parentheses.

Panel A: Total Fund Holding Value

Base Model Control for Additional Marginal
Liquidity/Volatility Controls Effect

Total Fund Holding Value -0.283* -0.419*** -0.392** -0.077
(-1.955) (-2.733) (-2.522)

Gains Overhang -1.949*** -1.835*** -1.093** -0.214
(-4.567) (-4.174) (-2.002)

Average Volume -0.035 -0.027 -0.005
(-1.425) (-1.173)

Amihud Illiquidity Measure -0.994*** -0.945*** -0.185
(-3.008) (-2.819)

Volatility -0.447 6.529** 1.277
(-0.293) (2.426)

Skewness -0.125* -0.024
(-1.782)

CumRet(6m) -0.461*** -0.090
(-2.579)

Time Fixed Effect Yes Yes Yes
Intercept 0.320*** 0.630*** -0.728***

(11.193) (4.308) (-2.885)
# of Observations 19685 19685 19685 19685
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Panel B: Tradable Market Cap

Base Model Control for Additional Marginal
Liquidity/Volatility Controls Effect

Tradable Market Cap -0.163** -0.352*** -0.314*** -0.061
(-2.498) (-4.516) (-4.392)

Gains Overhang -2.069*** -1.924*** -1.338** -0.261
(-4.348) (-4.039) (-2.426)

Average Volume -0.069** -0.058** -0.011
(-2.514) (-2.303)

Amihud Illiquidity Measure -1.717*** -1.576*** -0.307
(-3.504) (-3.556)

Volatility -0.188 5.346** 1.041
(-0.129) (2.151)

Skewness -0.100 -0.019
(-1.463)

CumRet(6m) -0.370** -0.072
(-2.274)

Time Fixed Effect Yes Yes Yes
Intercept 0.423*** 1.085*** -0.261

(6.449) (5.235) (-0.933)
# of Observations 19685 19685 19685 19685

*** Significant at the 1% level, ** Significant at the 5% level, * Significant at the
10% level.

esis. To the contrary, one conceivable interpretation on the negative coefficients

is that speculators tend to avoid illiquid stock as it will be difficult to unload

their shares after attacks.

Since gains overhang is correlated with return related variables, we include

skewness and cumulative return as additional controls in the third column. The

sign of the coefficients on these two variables are negative, as expected. For

stocks with high cumulative previous returns or extreme previous returns (high

skewness), the purchase cost for loss aversion investor is likely to be low (gains

overhang is likely to be high). Therefore, attacks are less likely to occur to these

stocks. However, with these additional controls, the coefficient on our explana-

tory variable, gains overhang, is still significant.

We conduct the same analysis with tradable market capitalization as an al-

ternative proxy for fundamental investors’ holding value in Panel B of Table
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1.7. The results are similar to the previous results using fund holding. Stocks

with low tradable market capitalization tend to experience more events of ex-

treme increase in price and volume, even after controlling for time fixed effect,

liquidity, volatility, skewness and cumulative return.

In sum, the results from these model specifications are all consistent with

Hypothesis 1 and 2. Events of extreme increase in price and volume are more

likely to occur to stocks with low fund holding value, low tradable market cap-

italization and low gains overhang. Based on the marginal effect from the full

model specification in Panel A, a one deviation decrease in fund holding im-

plies that the stock is 3.4% more likely to have an event in the next six months;

a one standard deviation decrease in gains overhang implies that the stock is

3.3% more likely to have an event in the next six months. Based on the marginal

effect from the full model specification in Panel B, a one standard deviation de-

crease in tradable market cap implies that the stock is 5.1% more likely to have

an event in the next six months.

1.5.3 Cross-Sectional Analysis on CAR

Univariate analysis on the price reversal after events

In this section, we test the predictions in Hypothesis 3 and 4. Hypothesis 3 and

4 are predictions on the cross-sectional difference in returns after the events. To

study the cross-sectional return after events, we adopt the standard event study

method in MacKinlay (1997). Cumulative abnormal return (CAR) of stock i on
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event day t is defined as:

CARi(t1, t2) =

t2∑
t=t1

ARi,t, (1.5)

where ARi,t is the daily return adjusted by a Barra style risk model with style

factors including market, size, value, momentum, volatility, liquidity, and 29

industry factors for the Chinese stock market.

Since Hypothesis 3 and 4 are predictions on return after the events, we need

to define the ending of attack empirically. As described in the case of ZJDR in

Appendix A.1, for some events, the attacking stage can last for almost a month.

In contrast, the attacking stage for other events can be as short as one or two

days, as in the “Nobel Prize Concept” stocks example. Due to the difference in

the length of attacking stage, defining event days after attack relative to event

day 0 (the initial day with extreme high return and volume) is not appropriate

in our study. To address this issue, we define event day +1 as the first day after

event day 0 in which the daily turnover is below the turnover on event day 0.

That is, to obtain the stock performance after each event, we calculate the CAR

starting from the first day on which trading starts to cool down.

To examine the cross-sectional difference between events, we sorted events

into quartiles based on total fund holding value, tradable market cap, and gains

overhang, respectively. To capture the reversal after events, Figure 1.4 displays

the average cumulative abnormal return from event day +1 to event day +50

for events in each quartile. The return patterns confirm Hypothesis 3 and 4. As

shown in Panel A in Figure 1.4, after the initial run-up in price, stocks with low

fund holding value gradually decline in price within the subsequent 50 trading

days, yet stocks with high fund holding value remain at a price similar to the

price on event day +1. Using tradable market cap as an alternative proxy for the
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fundamental investors’ holding value, we find similar pattern for the four quar-

tiles of stocks, as shown in Panel B in Figure 1.4. In addition, stocks with low

gains overhang underperform stocks with high gains overhang substantially, as

shown in Panel C in Figure 1.4. The average CAR for each quartile shown in the

figures are consistent with predictions in Hypothesis 3 and 4.

To examine the statistical significance of the CAR results shown in the

graphs, we report the average CAR for the bottom and top quartiles, as well

as the difference between the two, at various time points after the events in Ta-

ble 1.8. For example, column 1 shows the average CAR in the bottom and top

quartiles from event day +1 to event day +5. The three panels correspond to

quartiles sorted by fund holding value, tradable market cap, and gains over-

hang, respectively.

As shown in the first panel, after the events, stocks in the bottom fund hold-

ing quartile have an average CAR of -2.679% from event day +1 to event day +30

that is significantly different from zero, whereas stocks in the top fund holding

quartile have an average CAR of -0.228% that is not significantly different from

zero. The difference in CAR between the bottom and top quartile is -2.451% and

significant at 1% level. Moreover, the differences between bottom and top quar-

tiles are significant across all horizons (from event day +5 to event day +50). The

previous results confirm Hypothesis 3. If an event results from an attack, then

the stock price will reverse after the event. In contrast, if an event is caused by a

shock on fundamental value on that day, then the stock price will sustain after

the initial increase. Events in the bottom fund holding quartile are more likely

to result from attacks than events in the top fund holding quartile. Therefore, on

average, stocks in the bottom fund holding quartile experience larger reversal
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than stocks in the top fund holding quartile.

Following the same argument, we expect low tradable market cap stocks to

experience larger reversal than high tradable market cap stocks. The second

panel of Table 1.8 compares the average CAR for stocks with low versus high

tradable market cap. Consistent with the prediction from Hypothesis 3, stocks

in the bottom tradable market cap quartile have an average CAR of -3.185%

from event day +1 to event day +30 that is significantly different from zero,

whereas stocks in the top tradable market cap quartile have an average CAR of

-0.412% that is not significantly different from zero. The difference between the

two quartiles is also significant.

In addition, consistent with Hypothesis 4, stocks with low gains overhang

have an average CAR of -2.459% between event day +1 and event day +30 that

is significantly different from zero, whereas stocks with high gains overhang

have a cumulative return of 0.043% that is not significantly different from zero.

The difference in CAR between the bottom and top quartiles is -2.502% and sig-

nificant at 1% level. Moreover, the differences between bottom and top quartiles

are significant across all horizons (from event day +5 to event day +50)

In sum, the univariate analysis in this section suggests that each of the three

measures, fund holding, tradable market cap, and gains overhang, has predic-

tive power on the price reversal after the events.

Cross-sectional regression analysis

The previous analysis suggests that the difference between the high and low

quartiles based on all three characteristics are all economically and statistically
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Table 1.8: Cumulative Abnormal Returns after Events

This table presents the average cumulative abnormal returns (CAR) of stocks after
events. Abnormal returns are daily returns adjusted by a Barra style risk model with
style factors including market, size, value, momentum, volatility, liquidity, and 29 in-
dustry factors for the Chinese stock market. Event day +1 is defined as the first day
after event day 0 in which the daily turnover is below the turnover on event day 0.
Events are sorted into quartiles based on total fund holding value, tradable market cap,
and gains overhang. Total fund holding value and tradable market cap are measured
at the end of the previous half year. For each event, Gains Overhang =

P−10−Average Cost−10
P−10

,
where P−10 is the closing price of the stock on event day -10, and Average Costt =
1
k
∑240

n=1

(
Vt−n

∏n−1
τ=1[1 − Vt−n+τ]

)
Pt−n, with k a constant that makes the weights on past

prices sum to one. Pt and Vt are the price and share volume on day t. Average CAR
of events in bottom quartiles and top quartiles as well as the difference between the
bottom and the top quartiles are reported. P-values are presented in parentheses.

5 Days 10 Days 20 Days 30 Days 50 Days

Low Total Fund Holding Value

Total Fund Mean -2.186*** -2.468*** -2.765*** -2.679*** -2.197***
Holding Value P-value (0.000) (0.000) (0.000) (0.000) (0.000)

High Total Fund Holding Value

Mean -0.106 0.037 -0.075 -0.228 -0.073
P-value (0.528) (0.873) (0.807) (0.528) (0.871)

Difference in Mean (L-H)

Difference -2.080*** -2.504*** -2.690*** -2.451*** -2.124***
P-value (0.000) (0.000) (0.000) (0.000) (0.001)

Low Tradable Market Cap

Tradable Mean -2.008*** -2.540*** -2.896*** -3.185*** -2.953***
Market Cap P-value (0.000) (0.000) (0.000) (0.000) (0.000)

High Tradable Market Cap

Mean -0.379** -0.413* -0.680** -0.412 -0.022
P-value (0.023) (0.061) (0.020) (0.233) (0.959)

Difference in Mean (L-H)

Difference -1.630*** -2.127*** -2.217*** -2.774*** -2.930***
P-value (0.000) (0.000) (0.000) (0.000) (0.000)

Low Gains Overhang

Gains Mean -1.681*** -2.013*** -2.578*** -2.459*** -2.292***
Overhang P-value (0.000) (0.000) (0.000) (0.000) (0.000)

High Gains Overhang

Mean -0.533** -0.285 -0.028 0.043 0.710
P-value (0.012) (0.279) (0.944) (0.922) (0.195)

Difference in Mean (L-H)

Difference -1.148*** -1.728*** -2.551*** -2.502*** -3.002***
P-value (0.000) (0.000) (0.000) (0.000) (0.000)

*** Significant at the 1% level, ** Significant at the 5% level, * Significant at the 10% level.
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significant. However, the CAR differences may be explained by other factors,

rather than the explanatory variables from Hypothesis 3 and 4. To further con-

trol for other possible explanations on the CAR differences, we employ the fol-

lowing regression model:

CARi(1, t) = β0 + β1FundHoldingi + β2GainsOverhangi

+ β3Controlsi +
∑

T

MonthDummies + εi, (1.6)

where CARi(1, t) is the cumulative return from event day +1 to event day +t for

event i, and FundHoldingi, GainsOverhangi and Controlsi are measured before

event day 0. Month dummies are also included in the regressions.

We present the cross-sectional regression results of CAR in Table 1.9, control-

ling for potential confounding effects using the relevant controls. Each column

corresponds to a specific time horizon of the CAR. For example, column 1 shows

the result for CAR from event day +1 to event day +5.

Panel A presents the results with total fund holding values and gains over-

hang as explanatory variables. Hypothesis 3 and 4 suggest that stocks with low

fund holding and stocks with low gains overhang should have low cumula-

tive return (large reversal) after the events. Therefore, we expect the sign on

total fund holding values and gains overhang to be positive. As shown in Panel

A of Table 1.8, coefficients on both variables are significant with the expected

signs for all horizons. Abnormal volume, defined as event day trading volume

divided by average trading volume in the 120 trading days prior to the event

day, is included as an additional explanatory variable. CAR after event is neg-

atively related to abnormal turnover on the event day. This is consistent with

our model, because events with high abnormal turnover are more likely to be

events caused by attacks.
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Table 1.9: Cross-Sectional Regression Results of CAR

This table represents the cross-sectional regression results of CAR. Panel A reports the
results with total fund holding value and gains overhang as explanatory variables.
Panel B reports the results with tradable market cap and gains overhang as explana-
tory variables. Control variables are described as follows: Average volume is the av-
erage daily turnover in the previous 120 trading days; abnormal volume is the ratio
between turnover on event day 0 and the average volume; Amihud illiquidity measure

= average(|
Daily return

Daily trading volume
|) · 106; volatility is the standard deviation of daily re-

turns; skewness is the skewness calculated from daily returns; momentum is the cumu-
lative return in the previous 120 trading days before event day -30; reversal is the return
in the 20 trading days before event day -10; skewness is the skewness calculated from
daily return in the previous 120 trading days before event day -10. Month dummies
are included. Standard errors are clustered by stock and by month. The corresponding
t-statistics are presented in parentheses.

Panel A: Total Fund Holding Value

Independent Variables 5 Days 10 Days 20 Days 30 Days 50 Days

Total Fund Holding Value 2.793*** 4.084*** 6.042*** 6.376*** 6.037***
(2.690) (3.925) (4.270) (4.018) (3.002)

Gains Overhang 6.679* 12.071*** 14.794*** 17.909*** 14.995**
(1.919) (2.994) (2.800) (3.045) (2.509)

Abnormal Volume -0.193* -0.372*** -0.593*** -0.612*** -0.802***
(-1.933) (-2.971) (-3.268) (-3.170) (-3.643)

Average Volume -0.165 -0.134 -0.096 -0.054 -0.452
(-1.352) (-0.820) (-0.371) (-0.187) (-1.331)

Amihud Illiquidity Measure 0.171 0.288* 0.152 0.167 0.126
(0.703) (1.708) (0.683) (0.472) (1.133)

Volatility 0.010 0.011 -0.005 -0.021 0.012
(0.422) (0.321) (-0.125) (-0.502) (0.271)

Momentum -1.376* -2.053** -2.502** -2.049* -2.622*
(-1.815) (-2.279) (-2.325) (-1.663) (-1.889)

Reversal -1.773 -3.499 -1.866 -1.239 2.454
(-0.868) (-1.425) (-0.569) (-0.334) (0.473)

Skewness 0.211 0.164 -0.065 -0.026 0.183
(1.037) (0.702) (-0.188) (-0.046) (0.276)

Intercept 4.637*** -0.171 1.123 -3.120* -0.560
(5.417) (-0.150) (0.682) (-1.698) (-0.262)

Time Fixed Effect Yes Yes Yes Yes Yes
Adj. R-Squared 0.006 0.025 0.036 0.044 0.032
# of Observations 2124 2124 2124 2124 2124
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Panel B: Tradable Market Cap

Independent Variables 5 Days 10 Days 20 Days 30 Days 50 Days

Tradable Market Cap 1.170*** 1.717*** 2.660*** 3.467*** 4.496***
(7.723) (9.190) (11.135) (11.388) (9.732)

Gains Overhang 3.839*** 6.090*** 6.639*** 6.186** 8.279***
(2.630) (4.258) (3.388) (2.387) (2.699)

Abnormal Volume -0.158*** -0.248*** -0.357*** -0.292*** -0.271***
(-2.690) (-3.838) (-3.835) (-3.097) (-2.788)

Average Volume 0.135* 0.240** 0.494*** 0.783*** 0.914***
(1.900) (2.560) (3.322) (4.012) (3.849)

Amihud Illiquidity Measure 0.166 0.287 0.207 0.315 0.312
(0.673) (1.436) (0.767) (0.728) (1.261)

Volatility 0.020 0.043*** 0.073 0.062 0.115
(1.427) (2.903) (1.439) (0.933) (1.460)

Momentum -0.637 -1.063** -0.181 -0.148 -0.816
(-1.641) (-2.205) (-0.221) (-0.175) (-0.857)

Reversal -1.296 -2.689* -2.168 -1.222 -0.800
(-0.996) (-1.833) (-1.096) (-0.555) (-0.314)

Skewness -0.089 -0.060 -0.429 -0.464 -0.673
(-0.556) (-0.276) (-1.253) (-1.081) (-1.240)

Intercept -3.262*** -2.078*** -4.170*** -6.152*** -6.447***
(-6.721) (-3.553) (-4.407) (-5.229) (-4.198)

Time Fixed Effect Yes Yes Yes Yes Yes
Adj. R-Squared 0.034 0.046 0.057 0.064 0.069
# of Observations 5920 5920 5920 5920 5920

*** Significant at the 1% level, ** Significant at the 5% level, * Significant at the 10%
level.

Average daily turnover before events and the Amihud illiquidity measure

are included as controls for stock liquidity. The coefficients on these two liquid-

ity measures are insignificant in Panel A. This is inconsistent with the alterna-

tive hypotheses that the negative CAR after events is due to liquidity reasons. In

particular, the coefficients on Amihud illiquidity measure is insignificant. One

potential concern is that the result might be driven by information asymmetry.

As a proxy for information asymmetry of a stock, the insignificant coefficients

on Amihud illiquidity measure suggest that the reversal is not related to infor-

mation asymmetry.
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In addition to the variables related to liquidity, we include momentum, re-

versal, and skewness. As discussed in the section on the occurrence of events,

these return related variables exhibit some correlation with gains overhang,

which is one of our main explanatory variables. We include these controls to

exclude any potential confounding effect. Here, momentum is the cumulative

return in the previous 120 trading days before event day -30. Reversal is the

cumulative return in the 20 trading days before event day -10. Skewness is the

skewness calculated from daily returns in the previous 120 trading days before

event day -10. We skip ten days before event day 0 to avoid any microstruc-

ture related issues. These variables are generally insignificant. Moreover, the

coefficients on gains overhang are significant after controlling for these known

factors that predict returns.

Finally, to control for the change in stock market condition through time, we

include month dummies in all regressions and the standard errors are clustered

by stock and month.

We conduct the same analysis with tradable market capitalization as an al-

ternative proxy for fundamental investors’ holding value in Panel B of Table 1.9.

The coefficients on the two explanatory variables, tradable market cap and gains

overhang, also confirm Hypothesis 3 and 4: stocks with high tradable market

capitalization tend to have high CAR (less reversal) after events; stocks with

high gains overhang also tend to have less reversal after events.

As a robustness check, we perform all previous analyses using the next trad-

ing day as event day +1, as in conventional event studies. We obtain qualita-

tively the same result for long period (over event day +30 ) after the event day.

The results for short period are generally less significant due to the uncertainty
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of the length of each attack. Figure 1.5 displays the average CAR of the four

quartiles of stocks sorted by fund holding, tradable market cap, and gains over-

hang, with the conventional definition of event days, starting from event day +1.

It is evident from the graphs that stock prices on the next trading day continue

to rise, which is consistent with our model: after the initial extreme increase

in price on event day 0, the aggregate buying pressure from positive feedback

investors tend to drive the price to an even higher level. The increase in price

during the next trading day is similar across different quartiles of stocks.

However, the subsequent reversal is different across stocks in different quar-

tiles. After the next trading day, the figures have similar patterns as Figure 1.4,

in which event day +1 is defined as the first trading day when trading starts to

cool down. Consistent with Hypothesis 3 and 4, stocks with low fund holding,

low tradable market cap, and low gains overhang tend to experience price re-

versal, whereas stocks with high fund holding, high tradable market cap, and

high gains overhang almost remain at the same price level.

1.5.4 Trading Patterns of Different Types of Investors

In this section, we test Hypothesis 5 and 6, which are related to the trading

patterns of speculators and behavioral-biased investors around events. Specif-

ically, we examine the trading direction of speculators and behavioral-biased

investors using the individual investors’ trading data from the brokerage com-

pany. Previous literature shows that individual investors’ tendency to exhibit

behavioral biases decreases with wealth level (Vissing-Jorgensen (2004) and

Feng and Seasholes (2005)). Therefore, we expect individuals with high wealth
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Figure 1.4: CAR: End of Attack Defined by Decrease in Turnover

Panel A shows the average CAR for four quartiles of stocks sorted by total mu-
tual fund holding value. Panel B shows the average CAR for four quartiles of
stocks sorted by tradable market capitalization. Panel C shows the average CAR
for four quartiles of stocks sorted by gains overhang.

Panel A: Four Quartiles Sorted by Total Fund Holding Value

Panel B: Four Quartiles Sorted by Tradable Market Cap

Panel C: Four Quartiles Sorted by Gains Overhang
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Figure 1.5: CAR: End of Attack Defined as the Next Trading Day After Event
Day 0

Panel A: Four Quartiles Sorted by Total Fund Holding Value

Panel B: Four Quartiles Sorted by Tradable Market Cap

Panel C: Four Quartiles Sorted by Gains Overhang

to be more sophisticated in the sense that they are subject to less behavioral

biases. In addition, anecdotal evidence suggests that wealthy individuals fre-
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quently participate in this type of attacks. Unlike mutual funds, they are subject

to little regulation on their trading. We expect that speculators are more con-

centrated among investors with high wealth level. To the contrary, according to

previous literature, behavioral biases are more evident among individuals with

low wealth. We expect investors with low wealth level to exhibit the extrapola-

tion bias and the disposition effect as described in our model.

Following the categories in annual fact book published by the SHSE, we

treat individual accounts with more than five million RMB in equity as super

account, and individual accounts with less than 100,000 RMB in equity as small

accounts. We expect that speculators are more concentrated among super ac-

count holders and behavioral-biased investors are more concentrated among

small account holders. In subsequent analysis, we label the super account hold-

ers as speculators and small account holders as behavioral-biased investors.

We compute a buy and sell imbalance measure based on the amount (in

number of shares or value of shares) bought and sold by each type of investors.

For each investor type, we sum the buys (B) and sells (S) of stocks on day t and

calculate the buy and sell imbalance following the imbalance measure in Barber

and Odean (2008) and Seasholes and Wu (2007):

BS I InvestorType
i,t =

(BuyInvestorType
i,t − S ellInvestorType

i,t )

(BuyInvestorType
i,t + S ellInvestorType

i,t )
, (1.7)

where BuyInvestorType
i,t is the total number (value) of shares of stock i purchased on

day t by a certain type of investors, and S ellInvestorType
i,t is the total number (value)

of shares of stock i sold at time t by this type of investors. Buy and sell imbalance

is calculated for speculators and behavioral-biased investors separately, and for

each event day 0 and the next trading day. A positive BS I number indicates that

this type of investors are net buyers of the stock on that day.
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Table 1.10: Investors’ Trading Direction

This table reports the trading directions for different types of investors. The second
column shows the mean of buy and sell imbalance (BS I) on event day 0. The third
column shows the mean of BS I on the next trading day after event day 0. Speculators
are holders of super accounts with over five million RMB. Behavioral-biased investors
are holders of small accounts with less than 100,000 RMB. BS I for each investor type
for stock i on day t is defined as

BS IInvestorType
i,t =

(BuyInvestorType
i,t − S ellInvestorType

i,t )

(BuyInvestorType
i,t + S ellInvestorType

i,t )
,

where BuyInvestorType
i,t is the total number (value) of shares of stock i purchased on day

t by a certain type of investors, and S ellInvestorType
i,t is the total number (value) of shares

of stock i sold on day t by this type of investors. In panel A, average BS I in number
of shares are reported. In panel B, we report the intercept from the regression of BS I
(in number of shares) on half year and seasonality dummies. In panel C, we report the
intercept from the regression of BS I (in value of shares) on half year and seasonality
dummies. Standard errors are clustered by stock and by month. The corresponding
t-statistics are presented in parentheses.

Panel A: BSI in Number of Shares
Speculators Event Day 0 Next Trading Day
Mean 0.159*** -0.127***

(6.99) (-7.06)
Behavioral-biased Investors Event Day 0 Next Trading Day
Mean -0.154*** 0.093***

(-5.74) (3.96)

Panel B: BSI in Number of Shares Controlling for Time Fixed Effect
Speculators Event Day 0 Next Trading Day
Mean 0.214*** -0.113***

(3.08) (-3.62)
Behavioral-biased Investors Event Day 0 Next Trading Day
Mean -0.267*** 0.185***

(-6.04) (5.88)

Panel C: BSI in Value of Shares Controlling for Time Fixed Effect
Speculators Event Day 0 Next Trading Day
Mean 0.214*** -0.111***

(3.08) (-3.55)
Behavioral-biased Investors Event Day 0 Next Trading Day
Mean -0.267*** 0.187***

(-6.00) (5.88)
*** Significant at the 1% level, ** Significant at the 5% level, * Significant at the 10% level.
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The results in Table 1.10 confirm Hypothesis 5 and 6 on the trading direction

of investors. Panel A in Table 1.10 reports the average BS I measured in num-

ber of shares for speculators and behavioral-biased investors around the events.

The second column of Table 1.10 shows the mean of BS I for each investor type

on the event day. Consistent with Hypothesis 5, speculators are net buyers with

a positive average BS I of 0.159, while behavioral-biased investors are net sell-

ers with a negative average BS I of -0.154. The average BS I for both types are

significantly different from zero at 1% level. The sign of BS I flips for both types

of investors on the next trading day, as shown in the third column. Consistent

with Hypothesis 6, speculators are on average dumping the stock with a nega-

tive average BS I of -0.127, whereas behavioral-biased investors are on average

buying the stock with a positive average BS I of 0.093. The average BS I for both

types on the next trading day are significantly different from zero at 1% level as

well.11

In Panel B, we regress BS I for each type of investor on half-year dummies

and month of year dummies to adjust for common movement in trading di-

rection in the market during a certain period as well as seasonality in trading

direction. The intercept is reported as the average BS I on event day 0 and the

next trading day after adjusting for these time fixed effects. The trading pattern

is qualitatively the same as in Panel A.

In Panel C, we perform the same analysis in Panel B, but replace the BS I

measured in number of shares with BS I measured in value of shares. The results

are almost identical to the results in Panel B.

In sum, the results on the trading direction is consistent with Hypothesis 5

11Standard errors are clustered by stock and month.
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and 6.

1.5.5 Robustness Check: The Calendar Time Approach

To address the potential problems from the event time approach and better

gauge the economic magnitude of the impact on market efficiency, we adopt

a calendar time approach advocated by Fama (1998) as a robustness check.

We create calendar time portfolios according to mutual fund holding and

gains overhang to capture the cross-sectional differences of subsequent returns

after events. For each calendar day, we compute the equal-weighted return for

stocks that experienced an event recently and belong to a certain holding/gains

category. We sort stocks that recently experienced an event into four portfo-

lios (2*2) based on the ranking of the two sorting variables within our sample.

For example, stocks with events in the top two fund holding quartiles and top

two gains overhang quartiles are included in the “High Holding, High Gains”

portfolio. Due to the dramatic overall movement of the Chinese stock market

from 2007 to 2012, gains overhang measure varies a lot over time. To capture

the cross-sectional difference between stocks at a certain time and maintain a

reasonable number of stocks in each portfolio over time, we rank events based

on gains overhang in each quarter in this section. 12

A stock is included in the portfolio starting from event day +1, and is

dropped from the portfolio after event day +T , where T is either 20, 40 or 60.

Monthly returns are calculated from daily return for each month and for each

of the four portfolios between January 2007 and December 2012. The monthly

12The average number of stocks in each portfolio is 47 with this method.
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return of each portfolio is denoted as Rpt, where p indicates the group of stocks

sorted by fund holding and gains, and t denotes the calendar month.

The Fama-French four-factor model for the Chinese stock market is used to

compute the abnormal return of each portfolio:

Rpt − R ft = αp + bp(RMt − R ft) + spS MBt + hpHMLt + upUMDt + εpt, (1.8)

where R ft is the one-month risk-free rate, RMt is the monthly return on a value-

weighted market portfolio of all stocks on the SHSE and the SZSE, S MB is the

difference in the returns on portfolios of small and big stocks (below or above

the median), HML is the difference in the returns of portfolios of high- and low-

BE/ME stocks, and UMD is the difference in the returns of portfolios of high-

and low-return stocks.

Table 1.11 presents both the average monthly returns and the Fama-French

four-factor alphas for each portfolio. Panel A shows the results for holding the

stocks for 20 trading days starting from event day +1. “Low Holding, Low

Gains” denotes the portfolio containing stocks in the bottom two fund holding

quartiles, and the bottom two gains overhang quartiles at the same time. These

are the events that are most likely to result from attacks. The average monthly

return is -1.290% and the four-factor alpha is -1.449%. Both are significantly

different from zero. “High Holding, High Gains” is the portfolio containing

stocks in the top two fund holding quartiles, and the top two gains overhang

quartiles. These are the events that are least likely to result from attacks. The

average monthly return is -0.533% and the four-factor alpha is -0.519%. Both are

insignificant from zero. “High minus Low” denotes the zero-cost portfolio that

goes long in the “High Holding, High Gains” portfolio and goes short in the
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Table 1.11: Calendar Time Approach

This table presents the calendar time portfolio returns. In Panel A, stocks that experi-
enced events are classified into four (2 × 2) portfolios according to total fund holding
value and gains overhang. For example, “Low Holding, Low Gains” denotes the
portfolio containing stocks with total fund holding value in the lower two quartiles,
and gains overhang in the lower two quartiles. “High minus Low” denotes the
zero-cost portfolio that goes long in stocks with high fund holding and high gains
overhang, and goes short in stocks with low fund holding and low gains overhang.
In Panel B, similarly, stocks are classified into four (2 × 2) portfolios according to
tradable market capitalization (float) and gains overhang. Starting from event day +1,
a stock is held in the corresponding portfolio for 20/40/60 trading days respectively.
Monthly returns between January 2007 and December 2012 are calculated for each
portfolio. Average returns and the Fama-French four-factor alphas of these portfolios
are reported. Newey-West adjusted t-statistics with 3 lags are reported in parentheses.

Panel A: By Total Fund Holding Value and Gains Overhang

Low
Holding

Low Gains

Low
Holding

High Gains

High
Holding

Low Gains

High
Holding

High Gains

High minus Low

Holding Period = 20 Days

Avg Ret -1.290** -1.251** -0.963** -0.533 0.757**
(-2.260) (-2.296) (-2.305) (-1.095) (2.605)

FF4 Alpha -1.449** -1.325** -1.140** -0.519 0.930***
(-2.189) (-2.274) (-2.421) (-1.052) (2.880)

Holding Period = 40 Days

Avg Ret -1.096* -1.204** -0.758 -0.546 0.550**
(-1.985) (-2.419) (-1.590) (-1.127) (2.480)

FF4 Alpha -1.226* -1.300** -0.757 -0.558 0.668***
(-1.945) (-2.355) (-1.376) (-1.119) (2.790)

Holding Period = 60 Days

Avg Ret -1.022* -1.110** -0.694 -0.543 0.479**
(-1.965) (-2.188) (-1.478) (-1.188) (2.603)

FF4 Alpha -1.138* -1.212** -0.723 -0.553 0.585***
(-1.931) (-2.137) (-1.386) (-1.168) (2.976)

# of Obs 72 72 72 72 72
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Panel B: By Tradable Market Cap (Float) and Gains Overhang

Low Float
Low Gains

Low Float
High Gains

High Float
Low Gains

High Float
High Gains

High minus
Low

Holding Period = 20 Days

Avg Ret -1.201** -1.186** -0.661 -0.563 0.638**
(-2.237) (-2.242) (-1.357) (-1.075) (2.273)

FF4 Alpha -1.312** -1.210** -0.777 -0.567 0.745**
(-2.067) (-2.110) (-1.406) (-1.033) (2.302)

Holding Period = 40 Days

Avg Ret -1.019* -1.156** -0.769 -0.654 0.365*
(-1.883) (-2.273) (-1.556) (-1.332) (1.715)

FF4 Alpha -1.102* -1.225** -0.854 -0.685 0.417*
(-1.752) (-2.154) (-1.574) (-1.329) (1.737)

Holding Period = 60 Days

Avg Ret -0.967* -1.027** -0.689 -0.671 0.296*
(-1.915) (-2.029) (-1.433) (-1.435) (1.791)

FF4 Alpha -1.068* -1.109* -0.751 -0.704 0.364**
(-1.869) (-1.954) (-1.370) (-1.414) (2.100)

# of Obs 72 72 72 72 72

*** Significant at the 1% level, ** Significant at the 5% level, * Significant at the
10% level.

“Low Holding, Low Gains” portfolio.13 The average monthly return is 0.757%

and four-factor alpha is 0.930%, both significantly different from zero. This long-

short portfolio generates a 11.16% (0.93%*12) annualized abnormal return.

Panel B shows the results for holding the stocks for 40 trading days starting

from event day +1. Panel C shows the results for holding the stocks for 60

trading days starting from event day +1. The average monthly returns and the

four-factor alphas are smaller in magnitude than the ones in Panel A. This is

consistent with the results from the event day approach: prices for stocks with

low fund holding and low gains overhang drop the most within a short period

after the event (within 20 trading days) and continue to drift down after that.

In contrast, the portfolio of stocks with high fund holding and high gains has

13During most of our sample period, the majority of stocks in SHSE and SZSE are not al-
lowed to short. So whenever we refer to “shorting” a portfolio, it should be understood as a
hypothetical position.
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a return that is insignificant from zero after the events, which is also consistent

with the event day approach. The returns on the long-short portfolios are also

significant, even after controlling for common risk factors.

Results from similar calendar time portfolios constructed based on tradable

market capitalization (float) and gains overhang are presented in Panel B in

Table 1.11. The results also confirm the predictions in Hypothesis 3 and 4: the

portfolio of stocks with high float and high gains overhang has a return that

is insignificant from zero, whereas the portfolio of stocks with low float and

low gains overhang has a return that is significantly negative. The long-short

portfolio has a significantly positive average monthly return and Fama-French

four-factor alpha. Moreover, this reversal effect is larger for shorter holding

period (20 trading days after the events) than for longer holding periods.

1.6 Conclusion

In this paper, we study a novel form of bubble-creating attacks in the stock mar-

ket. Signals with zero informational value serve as a synchronization device

among speculators in this type of attacks. After observing the signal, specu-

lators attack the stock simultaneously. The resulting extreme increase in price

attracts trend-chasing investors, and speculators dump the stocks to them at

an inflated price. Using market data and a unique dataset from a top brokerage

company in China, we provide consistent empirical evidence for the hypotheses

derived from the model.

Our study is of both theoretical and empirical importance. From the the-

oretical perspective, we propose a new theory on the initiation of mispricing
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by rational speculators in the stock market. Our paper suggests that, when the

market is largely populated by individual investors with behavioral biases, ra-

tional speculators can create bubbles even without any superior information on

stock fundamentals or any individual market power in determining the price.

We also provide insight on how the presence of fundamental investors in a stock

can alleviate this problem.

From an empirical perspective, we provide evidence on the destabilizing

role of speculators in the Chinese stock market. Consistent with our model,

stocks with low mutual fund holding, low tradable market capitalization, and

low gains overhang are more likely to experience events of extreme increase in

price and volume. After the initial run-up of price, stocks with these character-

istics experience reversals. The reversals are both economically and statistically

significant. To the contrary, stocks with high mutual fund holding, high trad-

able market cap, and high gains overhang remain at almost the same price after

the initial increase.

Moreover, we provide evidence consistent with the hypothesis that specu-

lators attack stock prices to exploit small individual investors. With a unique

dataset from a large brokerage company in China, we are able to observe the

trading direction of each type of investors during the identified events. Indi-

vidual accounts with high account value, among which we expect a high pro-

portion of speculators, purchase shares to pump up the stock price initially and

dump them after the significant increase in price. To the contrary, individual

accounts with low account value, among which we expect a high proportion

of investors with behavioral biases, exhibit the opposite trading direction and

suffer an immediate paper loss in low fund holding, low tradable market cap,
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and low gains overhang stocks after events.
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CHAPTER 2

BUY “LOW”, SELL “HIGH”: THE LOW NOMINAL PRICE PREMIUM IN

THE CHINESE STOCK MARKET

2.1 Introduction

In a frictionless and efficient market, the nominal price of a stock should not

be related to its future market value since it can be easily managed by firms.

Despite the theoretical irrelevance of nominal price, it is well documented that

it influences investor behavior. In this paper, I study the impact of nominal

prices on stock returns in the Chinese stock market. I find that, among stocks

with low tradable market capitalization, those with low nominal prices continue

to earn higher subsequent returns in the Chinese stock market than those with

high nominal prices.

It has been well documented that investors have a preference regarding

nominal price. For example, Gompers and Metrick (2001), Dyl and Elliott (2006),

Kumar and Lee (2006), and Kumar (2009) show that individuals hold more low-

priced stocks than institutions do. In addition, Schultz (2000) documents an

increase in the number of small shareholders following a stock split, while Fer-

nando et al. (2004) find that IPO offer price plays an important role in deter-

mining investor composition. Both papers provide additional evidence that is

consistent with individual investors’ preference for low nominal price stocks.

Previous literature has proposed several reasons for this preference. One

common explanation is that low-priced stocks are more affordable than high-

priced ones. However, more recent papers cast doubt on this explanation (Chit-
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tenden et al. (2010)) and suspect that investors may mistakenly connect nomi-

nal price levels to subsequent return patterns. For example, Baker et al. (2009)

suspect that investors might perceive that low-priced stocks have more “room

to grow”. In a similar vein, Green and Hwang (2009) argue that “investors may

perceive low-priced stocks as being closer to zero and far from infinity, thus hav-

ing more upside potential.” Using option data to estimate the expected skew-

ness of stocks, Birru and Wang (2014) provide evidence that is consistent with

this hypothesis. They find that investors suffer from a nominal price illusion in

which they overestimate the expected skewness of low-priced stocks relative to

high-priced ones.

Despite clear evidence that individual investors prefer low nominal price

stocks, whether this preference plays a significant role in determining cross-

sectional stock returns remains an open question. As explanations for this pref-

erence mainly focus on either the affordability of low nominal price stocks or the

biases in belief associated with low prices, nominal price is more likely to have

an impact on stock returns in markets with high levels of participation from in-

dividual investors. Therefore, it is natural to expect that individual investors’

preference for low nominal price stock could have an impact on stock returns in

the Chinese stock market, where individual investors account for a large portion

of stock holdings as well as a substantial amount of trading activity. 1

Motivated by these observations, I investigate the significance of nominal

stock price in predicting cross-sectional stock returns in the Chinese stock mar-

ket. I sort stocks in the lowest tradable market capitalization tercile by their

nominal prices at the end of the previous month and examine the monthly re-

1According to the yearbook published by the Shanghai Stock Exchange (SHSE), individual
investors accounted for 86.01% of the total trading volume and held 48.29% of the total market
capital in the SHSE at the end of 2007.
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turns on the resulting portfolios over the period from January 1994 to Decem-

ber 2012. For equal-weighted portfolios, the difference of returns between the

highest and lowest nominal price deciles is -2.51%. The corresponding Fama-

French-Carhart four-factor alpha is -1.49%. Both the difference in average return

and the alpha are statistically significant.

There might be a few alternative explanations for this anomaly based on

known predictors of returns. First, one common prior is that nominal price is

related to the market capitalization and liquidity of stocks. Second, low nomi-

nal price stocks also tend to be stocks with recent drops in price. Third, nom-

inal price is related to the realized skewness of a stock because, after extreme

positive returns, a stock’s nominal price tends to be high. It is conceivable that

nominal price is merely correlated with these known predictors of return. How-

ever, both Fama-Macbeth regressions and double sorting results confirm that

the nominal price effect is not subsumed by known predictors of return, such

as size, book-to-market ratio, momentum, short-term reversal, liquidity, and

skewness.

Since previous literature indicates that individual investors tend to have a

preference for stocks with low nominal prices, it is expected that when more of

these investors enter the market they will drive up the price for these stocks.

Using individual account opening activity as a proxy for new individual partic-

ipation, I find that the return difference between the lowest nominal price decile

and the highest (“L-H”) is larger when there is a high level of participation from

new individual investors. Moreover, the effect primarily comes from the “long

leg.” That is, the return on the lowest nominal price decile is larger when the

individual account opening activity exceeds the previous level. On the other
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hand, the return on the highest nominal price decile is not significantly affected

by individual account opening activity.

The low nominal price premium exist for different subperiods in the sample.

Based on different levels of new individual investors participation, I divide the

sample period into two subperiods. From 1994 to 2006, the incremental partic-

ipation of new individual investors in each year is low, whereas, from 2007 to

2012, the incremental participation of new individual investors in each year is

high. Although the low price premium is present in both subperiods, the pre-

mium is substantially higher during the subperiod from 2007 to 2012, when the

level of new individual investors’ participation is higher.

Finally, I examine the reason why the low nominal price premium can be

sustained in the Chinese stock market. Return anomalies associated with cur-

rent overpricing and low subsequent returns for certain stocks are likely to be

sustained in the market as it is difficult, costly and risky to short stocks. To

the contrary, the effect of nominal price comes mainly from the lowest nominal

price decile. That is, low nominal price stocks have positive excess returns rela-

tive to other stocks. It is interesting that this anomaly can exist given that there

should be little barrier to establishing a long position in a stock as opposed to

shorting it.

However, two reasons may prevent rational arbitrageurs from exploiting

this high expected return on low-priced stocks. First, as argued in Black (1986)

and in DeLong et al. (1990a), if noise traders are more concentrated in low nomi-

nal price stocks, then these stocks should have high expected returns due to this

noise trader risk as arbitrageurs will be reluctant to enter low-priced stocks.
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Second, participation from new individual investors is not completely ran-

dom. Their participation reacts to previous market returns. Moreover, their

trading pattern is also predictable. As documented in Seasholes and Wu (2007),

new individual investors in the Chinese stock market are more likely to buy a

stock after an extreme increase in price and trading volume. Anticipating the

participation and trading behavior of these inexperienced individual investors,

rational speculators may choose to deliberately create more mispricing instead

of arbitraging away the existing mispricing. According to Geng and Lu (2014),

due to the existence of severe limits to arbitrage in the Chinese stock market, ra-

tional speculators can create mispricing through synchronized attacks and can

exploit individual investors with biased beliefs. These synchronized attacks re-

sult in an extreme increase in stock price and spikes in trading volume, which

leads individual investors to buy into the stock. The speculators can subse-

quently profit from selling this stock at the inflated price to individual investors.

Since individual investors have a preference for low nominal price stocks,

they are more likely to buy these stocks than those with high nominal prices

after the same level of attention. To ensure the success of attacks, speculators

will thus choose low-priced stocks as targets.

Attacks are associated with extreme increases in price and trading volume.

Comparing stocks in the lowest and highest nominal price deciles, I find that

those with low nominal prices experience more days of extreme increase in price

and trading volume than those with high nominal prices. Moreover, the return

differences between high and low nominal price stocks on these days with ex-

tremely high increases are also significant. These results are consistent with the

attack hypothesis: due to individual investors’ biases and preferences and the
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severe limit of arbitrage in the Chinese stock market, rational speculators can

induce individual investors to aggravate this mispricing.

In the following section, I describe the data used in this paper. Section 2.3

presents the main results of my study. Section 2.4 discusses possible explana-

tions of the results. Section 2.5 shows that the pattern is robust under other

specifications. Section 2.6 offers a conclusion.

2.2 Data Description

I obtain data on stock returns, accounting variables and mutual fund holdings

from the China Stock Market & Accounting Research Database (CSMAR). The

sample covers the period from January 1994 to December 2012 and includes all

stocks in the Shanghai Stock Exchange (SHSE) and Shenzhen Stock Exchange

(SZSH), the two stock exchanges in mainland China. Following previous litera-

ture, B-share stocks, denominated in U.S. dollars, are excluded from the sample.

The closing price for each stock at the end of each month is used to measure

its nominal price. Daily data from each calendar year are used to calculate the

market beta, total volatility, and Amihud illiquidity measure. Skewness-related

measures and turnover are measured each month using daily data from the

previous month. These variables are defined in detail in the Appendix B.1 and

are also discussed in the course of my analysis.

Table 2.1 shows summary statistics of nominal stock prices in the Chinese

stock market at the end of each year. In the left panel, I report means, medi-

ans , and the maximum and minimum values of nominal prices across stocks
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for each year during the sample period. Despite some fluctuation in response

to the overall market condition, the average nominal price for Chinese stocks

remains low throughout the sample period. The mean price of all stock-year

observation in the sample period is 11.8 RMB, which is approximately $1.9 (at

an exchange rate of 6.21 RMB per dollar). According to Weld et al. (2009), the

average nominal price for a share of stock on the New York Stock Exchange has

remained around $35 since the Great Depression. The average nominal price in

the Chinese stock market is lower both in nominal number and absolute value

than the average nominal price in the U.S. market. The right panel in Table

2.1 shows the descriptive statistics for nominal prices for stocks in the lowest

tradable market capitalization tercile. The statistics for nominal prices of small

capitalization stocks are similar to those of the stocks in the whole sample with

the exception of the maximum value of nominal prices in each year. Figure 2.1

shows the distribution of nominal price and log(Price) for stocks in the lowest

tradable market capitalization tercile in the Chinese stock market.

In addition to market data, I use data on individual investors’ account open-

ing activity as a proxy for participation from new individual investors in the

Chinese stock market. To trade on the SHSE or the SZSE, each investor can

open only one permanent stock account with each exchange. Even if they de-

cide to close their accounts with the exchanges, their stock accounts’ identifiers

will not be recycled for future investors. I obtain the new A-share account open-

ing data from the annual and monthly reports issued by the SHSE. I only use

account opening data from SHSE to avoid double counting the same investors

between two exchanges.
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Table 2.1: Summary Statistics of Nominal Stock Prices

This table shows summary statistics for nominal stock prices on the Chinese stock mar-
ket at the end of each year. The left panel shows the number of stocks as well as the
mean, median, standard deviation, and maximum and minimum price at the end of
each year for all stocks in the Chinese stock market. The right panel shows the statistics
for stocks in the lowest tradable market capitalization tercile. The last row shows the
statistics across all years.

All stocks Lowest 33% market capitalization

Year N Mean Median Std Max Min N Mean Median Std Max Min

1994 287 7.5 6.0 4.4 29.9 1.8 95 7.0 5.9 3.1 14.7 2.0
1995 312 5.5 4.8 2.8 17.3 1.9 104 5.4 5.0 2.0 10.9 2.4
1996 515 10.4 9.5 4.9 38.5 3.6 171 8.7 7.9 3.5 19.1 3.7
1997 721 11.4 9.6 6.2 46.6 2.9 240 9.0 8.2 3.4 23.9 3.4
1998 826 10.4 9.4 4.8 41.3 2.3 275 9.4 8.9 3.4 28.2 3.2
1999 924 11.0 9.6 5.5 56.5 2.6 308 10.0 9.1 3.7 29.7 4.2
2000 1061 16.8 15.3 7.3 68.9 3.9 353 16.6 15.7 5.4 41.5 6.7
2001 1140 12.0 11.1 4.9 50.6 3.0 380 12.3 11.9 4.2 30.8 3.0
2002 1207 9.2 8.2 4.0 43.0 1.5 402 9.5 8.7 3.6 29.8 1.5
2003 1267 7.6 6.7 3.7 34.1 2.2 422 6.6 6.1 2.7 22.1 2.2
2004 1363 6.1 5.2 3.7 46.2 0.9 454 5.2 4.6 2.6 24.5 0.9
2005 1366 4.8 3.9 3.3 45.6 0.5 455 3.7 3.4 1.8 10.9 0.5
2006 1418 7.6 5.3 7.1 87.8 0.7 472 4.9 4.2 3.1 24.0 0.7
2007 1517 20.5 15.1 18.1 249.7 2.9 505 15.0 11.9 9.6 68.0 2.9
2008 1577 7.4 5.2 7.0 108.7 1.6 525 5.9 4.5 4.3 38.1 1.6
2009 1680 16.4 12.3 12.6 169.8 2.8 560 17.6 12.2 13.8 110.9 2.8
2010 2020 20.9 14.6 19.1 224.0 2.7 673 24.1 18.7 18.2 150.0 3.9
2011 2301 12.5 9.6 10.6 193.3 1.7 767 14.0 12.3 8.5 64.3 2.7
2012 2456 11.2 8.7 9.5 209.0 1.4 818 12.1 10.1 7.9 65.7 2.1

Total 23958 11.8 8.9 11.1 249.7 0.5 7979 11.4 8.8 10.0 150.0 0.5

2.3 Empirical Analysis

2.3.1 Univariate Portfolio-level Analysis

Table 2.2 presents the equal-weighted and value-weighted average monthly re-

turns of decile portfolios formed by sorting stocks based on their nominal price

at the end of the previous month. In this analysis, I only consider stocks in the

lowest tradable market capitalization tercile of all stocks in the SHSE and the

SZSE. The results are reported for the sample period from January 1994 to De-
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Figure 2.1: Price Distribution

This figure shows the distribution of the nominal prices of stocks in the lowest trad-
able market capitalization tercile in the Chinese stock market from 1994 to 2012. The
left figure shows the density of nominal price. The right figure shows the density of
log(price).

cember 2012. The sample starts in January 1994 to ensure an adequate number

of stocks in each decile. Portfolio Low (High) is the portfolio of stocks with

the lowest (highest) nominal stock price at the end of the last month. “H-L”

in the last two rows denotes the difference between the High and Low portfo-

lios. The first three columns report the results for the equal-weighted portfolios.

The equal-weighted average raw return difference between decile 10 (High) and

decile 1 (Low) is -2.51% per month with a corresponding Newey-West (1987) t-

statistic of -3.70.

As indicated in Choi et al. (2013) and Carpenter et al. (2014), common asset

pricing factors also exist in the Chinese stock market. I construct the four factors

of the Fama-French-Carhart model for the Chinese stock market as follows: The

market portfolio excess return is the composite Shanghai and Shenzhen market

return, weighted by tradable market capitalization, minus the demand deposit

rate. The SMB and HML factors are constructed following the methodology of
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Table 2.2: Returns and Alphas on Portfolios of Stocks Sorted by Nominal Price

Decile portfolios are formed every month from January 1994 to December 2012 by sort-
ing stocks in the lowest tradable market capitalization tercile based on the nominal
price at the end of the previous month. Portfolio Low (High) is the portfolio of stocks
with the lowest (highest) nominal price at the end of the previous month. The table
reports the average monthly returns, the Fama-French three-factor alphas (FF3) and
the Fama-French-Carhart four-factor (FF4) alphas on the equal-weighted and value-
weighted portfolios. The average nominal price of stocks in each portfolio is reported
in the last column. The last two rows present the differences in monthly returns and the
differences in alphas between High and Low for the three-factor and four-factor mod-
els. The corresponding Newey-West adjusted t-statistics are presented in parentheses,
and ∗, ∗∗, and ∗ ∗ ∗ denote significance levels at 10%, 5%, and 1%, respectively.

EW Portfolios VW Portfolios

Decile Average
Return

FF3
Alpha

FF4
Alpha

Average
Return

FF3
Alpha

FF4
Alpha

Average Price

Low 3.70 1.20 1.35 3.57 1.09 1.24 4.9
(3.11) (2.99) (3.87) (3.02) (2.91) (3.90)

2 3.17 0.78 0.89 3.09 0.70 0.81 6.2
(2.91) (3.71) (4.88) (2.85) (3.52) (4.55)

3 2.97 0.71 0.80 2.95 0.67 0.74 7.1
(2.92) (5.09) (5.89) (2.89) (4.77) (5.10)

4 2.64 0.50 0.61 2.57 0.42 0.52 8.0
(2.59) (2.23) (2.62) (2.50) (1.68) (2.00)

5 2.06 0.17 0.25 1.95 0.05 0.13 8.9
(2.29) (0.92) (1.21) (2.17) (0.30) (0.66)

6 1.92 0.02 0.03 1.82 -0.05 -0.04 9.9
(2.11) (0.11) (0.18) (2.04) (-0.27) (-0.20)

7 1.93 0.03 0.01 1.84 -0.05 -0.07 11.2
(2.04) (0.16) (0.05) (1.95) (-0.20) (-0.34)

8 1.45 -0.25 -0.23 1.40 -0.27 -0.25 12.9
(1.70) (-1.35) (-1.17) (1.64) (-1.55) (-1.29)

9 1.36 -0.24 -0.30 1.30 -0.28 -0.34 15.3
(1.62) (-0.88) (-1.10) (1.54) (-1.02) (-1.28)

High 1.19 -0.12 -0.14 1.18 -0.12 -0.14 21.9
(1.53) (-0.42) (-0.47) (1.52) (-0.43) (-0.49)

H-L -2.51*** -1.33** -1.49*** -2.39*** -1.21** -1.38***
(-3.70) (-2.25) (-2.65) (-3.66) (-2.20) (-2.65)

Fama and French (1993) using the whole universe of stocks on the SHSE and the

SZSE. The momentum factor, UMD, is constructed following the methodology

described on Kenneth French’s website. The second and third column in Table

2.2 present the Fama-French three-factor (FF3) alphas and Fama-French-Carhart

four-factor (FF4) alphas for the equal-weighted portfolios sorted by nominal

price. As shown in the last two rows of Table 2.2, the difference in FF3 alpha
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between the High and Low portfolio is -1.33% per month with a Newey-West

(1987) t-statistic of -2.25, while the difference in FF4 alpha between the High and

Low portfolio is -1.49% per month with a Newey-West (1987) t-statistic of -2.65.

These differences are both economically and statistically significant. Across all

deciles, the raw returns and alphas almost uniformly decline as nominal price

increases. The raw returns as well as alphas on the lowest four price deciles

are all positive and significant, while the raw returns and alphas on the highest

three price deciles are mostly insignificant from zero. Therefore, the negative

return on “H-L” comes mainly from the excess return on the lowest nominal

price decile.

Column four to column six report the same set of results for value-weighted

portfolios. These results exhibit similar economic and statistical significance

with a slightly smaller magnitude than the results for equal-weighted portfo-

lios. The average raw return difference between the low-price and high-price

portfolios is -2.39% per month with a t-statistic of -3.66. The corresponding dif-

ference in FF4 alpha is -1.38% per month with a t-statistic of -2.65. Similar to the

equal-weighted portfolio returns, the lowest price decile exhibits high future re-

turns and positive alphas that are statistically significant, while the highest price

decile exhibits raw returns and alphas that are insignificant from zero.

2.3.2 Time-Series Average of Median Characteristics

To obtain a clear picture of the stock composition of the nominal price deciles,

Table 2.3 presents summary statistics for the stocks in each decile. In panel A

of Table 2.3, I report the time-series average of the number of stocks in each
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portfolio, the time-series average of the median of nominal price, tradable mar-

ket capitalization (in millions of RMB), the return over the portfolio formation

month (REV), the return over the eleven months prior to the portfolio forma-

tion (MOM), the market beta, the book-to-market ratio (BM), turnover (TO) in

month t, illiquidity as measured by Amihud illiquidity measure, volatility, and

realized skewness.

For stocks in the lowest tradable market capitalization tercile, size is compa-

rable across the ten price deciles. The time-series median of size suggests that

stocks in the lowest price decile are even slightly larger than stocks in the high-

est price one. That is, the return difference in Table 2.2 is probably not driven by

the size factor, as the size effect would predict that the lowest price decile would

have a lower return than the highest price one.

As expected, on average high-priced stocks had high returns in the previ-

ous month (REV) and the previous two to twelve months (MOM). Low-priced

and high-priced stocks are similar in market beta. The book-to-market ratio is

slightly higher for low-priced stocks.

Turnover is higher for high-priced stocks and the Amihud illiquidity mea-

sure is higher for low-priced stocks, which suggests that low-priced stocks tend

to be less liquid. Moreover, high-priced stocks tend to be stocks with high past

skewness. This is also consistent with expectation, as stocks with an extreme

positive return in the past tend to have a high current nominal price.

Panel B in Table 2.3 reports the time-series average of cross-sectional corre-

lation for the same set of variables. Consistent with Panel A, nominal price is

positively correlated with reversal, momentum, turnover, volatility, and skew-
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Table 2.3: Characteristics of Stocks in Decile Portfolios Sorted by Nominal Price

Decile portfolios are formed every month from January 1994 to December 2012 by sort-
ing stocks in the lowest tradable market capitalization tercile based on the nominal price
at the end of the previous month. Portfolio Low (High) is the portfolio of stocks with
the lowest (highest) nominal price at the end of the previous month. Panel A reports the
time-series average of the median values of various characteristics of the stocks in each
decile. Price is the closing price at the end of the previous month. Size is the tradable
market capitalization in millions of RMB. Rev is the short term reversal measure which
is the lagged monthly return. Mom is momentum which is defined as the cumulative
return from month t − 12 to t − 1. Beta is calculated from previous years’ daily return.
BM is the book-to-market ratio. TO is the average turnover in the previous month. Illiq
is the Amihud (2002) illiquidity measure. Vol is the standard deviation of the daily
returns in the previous month. Skew is skewness of the daily returns in the previous
month. Panel B reports the cross-sectional correlation of all these variables.

Panel A: Time-Series Average of Median Characteristics

Decile # of stocks Price Size Rev Mom Beta BM TO Illiq Vol Skew

Low 38 5.01 549.69 -0.73 -3.68 1.04 0.30 0.42 8.67 0.04 -0.02
2 39 6.24 541.10 -0.60 0.51 1.08 0.37 0.43 7.89 0.04 0.01
3 39 7.13 522.34 -0.52 1.66 1.11 0.36 0.43 8.22 0.04 0.02
4 39 7.95 500.01 -0.16 2.29 1.11 0.35 0.44 7.55 0.04 0.02
5 39 8.84 491.40 -0.06 5.11 1.12 0.34 0.47 7.42 0.04 0.05
6 39 9.91 468.58 -0.15 7.09 1.09 0.32 0.50 7.60 0.03 0.04
7 39 11.20 456.41 0.29 9.78 1.08 0.32 0.52 8.26 0.03 0.08
8 39 12.85 447.76 0.65 13.47 1.06 0.31 0.54 8.06 0.03 0.08
9 39 15.21 457.70 1.00 19.61 1.04 0.29 0.57 7.61 0.04 0.13
High 39 20.23 480.29 3.52 25.61 1.02 0.25 0.63 7.66 0.04 0.19

Panel B: Time-Series Average of Cross-sectional Correlation

Price Size Rev Mom Beta BM TO Illiq Vol Skew

Price 1.00 0.00 0.13 0.30 -0.04 -0.10 0.17 0.04 0.09 0.11
Size 1.00 0.03 0.11 0.07 0.17 -0.09 -0.32 -0.01 0.01
Rev 1.00 0.26 0.00 0.01 0.23 0.04 -0.01 0.00
Mom 1.00 -0.04 0.02 0.12 0.10 0.05 0.03
Beta 1.00 0.16 0.06 -0.16 0.11 -0.02
BM 1.00 0.02 -0.08 -0.08 -0.01
TO 1.00 -0.02 0.05 0.21
Illiq 1.00 -0.09 0.04
Vol 1.00 0.00
Skew 1.00
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ness, and negatively correlated with the book-to-market ratio. The correlation

of nominal price with other variables is low.

Given these difference in characteristics, there is some concern that the four-

factor model used to calculate alphas in Table 2.2 is not adequate to capture the

true difference in risk and expected returns across the portfolios sorted by nom-

inal price. For example, the four-factor model does not explicitly control for the

differences in expected returns due to differences in illiquidity or other known

empirical phenomena such as short-term reversals. As stocks in the highest

price decile also exhibit several characteristics that predict low subsequent re-

turns, it is possible that nominal price is simply correlated with some known

pricing factor. In the following two subsections, I provide different ways of

dealing with the potential correlation between nominal price and firm size, mo-

mentum, reversal, liquidity, skewness, and past extreme returns. Specifically, I

test whether the negative relation between nominal price and the cross-section

of expected returns still holds after controlling for these factors using Fama and

MacBeth (1973) regressions and double-sorted portfolios.

2.3.3 Fama-MacBeth Regression

Up to this point, I have tested the significance of nominal stock price as a deter-

minant of the cross-section of future returns at the portfolio level, which has the

advantage of not imposing any functional form on the relation between nominal

price and future returns. However, the excess return on low nominal price stock

might be explained by known predictors of return. Table 3 shows an association

between nominal stock price and several known predictors. In this section, I
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examine the predictive power of nominal stock price using the Fama-MacBeth

methodology, which allows for the examination of the predictive power of nom-

inal price while controlling for known predictors of returns.

I follow the conventional Fama-Macbeth procedure. In each month from

January 1994 to December 2012, I run a cross-sectional regression of returns

for all stock in the SHSE and the SZSE on log(price) at the end of the previous

month, as well as other variables already known to predict returns. As shown

Figure 2.1, the distribution of nominal prices is skewed to the right. A large

portion of stocks concentrates on the low-price end. There are also stocks with

extremely high prices. On the other hand, the distribution of log(price) exhibits

no obvious skewness. Since the Fama-Macbeth procedure assumes a linear re-

lationship between the predictors and predicted return, log(price) is used in the

cross-sectional regression instead of nominal price itself.

In the single sorting results, the effect of nominal stock price exists in stocks

in the lowest tradable market capitalization tercile. Therefore, a cross term be-

tween size and log(price) is included in the cross-sectional regressions. For the

effect to be more significant for small stocks, the coefficient on the cross term is

expected to be positive.

Table 2.4 reports the time-series average of the coefficients on the indepen-

dent variables for all specifications of the cross-sectional regressions. I examine

eight different regression specifications. Each column in the table corresponds

to one regression specification. The full-fledged model is:
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Table 2.4: Fama-MacBeth Regressions

This table shows results from Fama-MacBeth regressions. Log(Price) is the natural log
of nominal price of each stock. Size is the natural log of the tradable market capital-
ization at the end of the previous month. Size*Log(Price) is the product of the two
variables. Beta is calculated from past years’ daily returns. BM is the natural log of
book-to-market ratio. Mom is momentum which is defined as the cumulative return
from month t − 12 to t − 2. Rev is the short-term reversal measure, which is the return
in the previous month. Turnover is the average turnover in the previous month. Illiq is
the Amihud (2002) illiquidity measure. Vol is the standard deviation of the daily return
in the past month. Max and Min are the maximum and minimum daily return in the
previous month, defined following Bali et al. (2011) (Min is the negative of the mini-
mum daily return). Skew is the skewness of daily returns in the previous month. The
sample period covers January 1994 to December 2012. Newey-West adjusted t-statistics
are reported in parentheses. ∗, ∗∗, and ∗ ∗ ∗ denote significance levels at 10%, 5%, and
1%, respectively.

Variable (1) (2) (3) (4) (5) (6) (7) (8)

Log(Price) -0.78** -0.51 -12.22*** -12.88*** -12.90*** -12.08*** -11.99*** -11.78***
(-2.50) (-1.37) (-3.72) (-4.25) (-3.99) (-3.74) (-3.65) (-3.68)

Size -0.39 -2.30*** -2.54*** -2.45*** -2.48*** -2.44*** -2.38***
(-1.41) (-3.71) (-4.58) (-4.52) (-4.56) (-4.47) (-4.52)

Size*Log(Price) 0.87*** 0.91*** 0.93*** 0.86*** 0.86*** 0.84***
-3.56 -4.01 -3.84 -3.56 -3.48 -3.52

Beta -0.13 -0.23 0.10 0.11 0.04
(-0.45) (-0.82) -0.32 -0.37 -0.14

BM 0.16 0.30* 0.28* 0.28* 0.29*
-0.64 -1.67 -1.67 -1.68 -1.71

Mom 0.57 0.37 0.65* 0.62 0.64*
-1.65 -0.97 -1.70 -1.60 -1.76

Rev -0.05** -0.02 -0.02 0.00
(-2.28) (-1.13) (-0.82) -0.01

Turnover -2.35*** -2.35*** -2.33***
(-4.86) (-4.87) (-4.91)

Illiq 0.02 0.02 0.02
-0.82 -0.97 -1.09

Vol 4.3 4.82 4.68
-0.6 -0.68 -0.64

Skew -0.41*** -0.11
(-4.25) (-0.78)

Max -10.13**
(-2.41)

Min 10.28**
-2.14

N 228 228 228 228 228 228 228 228
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Ri,t+1 = λ0,t + λ1,tlog(price)i,tλ2,tsizei,t + λ3,tsizei,t ∗ log(price)i,t

+ λ4,tBetai,t + λ5,tlog(BM)i,t + λ6,tMOMi,t + λ7,tREVi,t + λ8,tTOi,t + λ9,tIlliqi,t

+ λ10,tVoli,t + λ11,tS kewi,t + λ12,tMaxi,t + λ13,tMini,t + εi,t+1 (2.1)

In the first specification, return is regressed on log(price) only. Column (1)

suggests that high nominal price predicts low return in the next month. Col-

umn (2) confirms the single-sort portfolio-level analysis results. The effect of

nominal price is dampened when size is included as a control. However, as ex-

pected, when a cross-term between size and log(price) is included, as in column

(3), coefficients on both log(price) and the cross-term are significant with the ex-

pected sign. In columns (4) to (8), other relevant predictors of return are added

sequentially. Nominal stock price remains significant even after including these

known predictors. The coefficient on the cross-term between size and log(price)

is significant from columns (3) to (8), which suggests that the effect is stronger

for small stocks.

In column (4), major predictors of return such as market beta, size, the log-

arithm of book-to-market ratio, and the cumulative return in the 11 months up

to the portfolio formation month (MOM) are included. They are consistent with

the result from the portfolio-level analysis, which suggests that beta, size, book-

to-market ratio as well as momentum do not explain the high return on the

low-priced stocks.

As shown in Table 2.3, low nominal price is associated with low return in

the previous month. As high return for low-priced stocks may be due, in part,

to a reversal effect, in column (5) reversal is included as an additional control.
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The coefficient for the reversal effect is negative and significant. However, the

coefficients on log(price) and size ∗ log(price) are almost the same as in column

(4). The statistical significance remains at a similar level. This suggests that the

effect of nominal price is not merely a reversal effect.

Moreover, low-priced stocks tend to have slightly less liquidity than high-

priced stocks, as suggested in Table 2.3. In column (6), I control for liquidity by

using monthly turnover, the Amihud illiquidity measure, and total volatility.

The coefficients on variables of interest almost remain the same.

In addition, Table 2.3 shows that low-priced stocks tend to be low in realized

skewness, while high-priced stocks tend to be high. Previous literature suggests

that realized skewness predicts low return. Both Barberis and Huang (2008) and

Brunnermeier et al. (2007) predict that stocks with high skewness tend to have

low expected returns. Consistent with these predictions, Zhang (2005), Boyer

et al. (2009) find that stocks with high idiosyncratic skewness subsequently earn

low average returns. Conrad et al. (2013) provide empirical evidence that ex-

pected skewness extracted from option data negatively predicts future stock

returns. According to theoretical prediction and empirical evidence, if investors

form an expectation of future skewness based on realized skewness, they will

require a low expected return for stocks with high skewness.

High nominal price stocks exhibit high realized skewness. Thus, the skew-

ness effect also predicts low subsequent returns for high-priced stocks. To dis-

tinguish the nominal price effect from the potential skewness effect, three vari-

ables related to return skewness are used in the regressions. In column (7),

skewness of daily return in the previous month is used as a direct measure of

realized skewness. The coefficient on skewness is negative and significant, as

77



expected. Yet, the coefficient on log(price) and size∗log(price) remains significant

with the expected sign.

Finally, high (low) nominal price can be a result of past extreme positive

(negative) returns. According to Bali et al. (2011), similar to the preference for

skewness, investors may also have a preference for stocks with high maximum

return in the previous month as they expect these stocks to have lottery-like

payoffs. Following their study, the Max return and the negative value of the

Min return in the previous month are included in column (8). Coefficients on

both variables are significant with the expected sign. However, they do not

explain the effect of nominal price.

It is also worth noting that the coefficient on the two variables of interest,

log(price) and size ∗ log(price), are almost the same across columns (3) to (8).

This provides further support for the claim that low nominal price is a separate

predictor for stock returns in the Chinese stock market.

2.3.4 Double Sorting Result

The limitation of the Fama-Macbeth procedure is that it assumes a linear rela-

tionship between stock returns and predictors. In this section, I examine the

robustness of nominal stock prices’ predictive power through a portfolio anal-

ysis based on double-sorting. I examine the relation between nominal stock

prices and future stock returns after controlling for size, momentum, short-term

reversals, liquidity and skewness. Following the analysis in the single-sorting

exercise, I focus on the stocks in the lowest tradable market capitalization tercile.
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For each of the controlling variables, I form quintile portfolios that are neu-

tral in their controlling variable. For example, I control for size by first form-

ing quintile portfolios that are ranked based on market capitalization. Then,

within each size quintile, I sort stocks into quintile portfolios based on nominal

stock price so that quintile 1 (quintile 5) contains stocks with the lowest (high-

est) prices. In this way, 25 (5 ∗ 5) portfolios are created from the double sort. To

obtain size-neutral price quintile i, I take an average across the five size quintile

portfolios with price quintile i. Therefore, each size-neutral price quintile con-

tains all sizes of firms; stocks in these quintiles differ mainly in the level of their

nominal price. This procedure creates a set of nominal price portfolios with

similar levels of firm size, which controls for differences in size. In addition, the

difference between the high-price quintile and low-price quintile (H-L) is the

difference between size-neutral price quintile 5 and size-neutral price quintile

1. For brevity, the four-factor alphas of the control-neutral price quintiles are

reported in Table 2.5. The key results are the bottom two rows in each panel

that show the difference in alphas between high- and low-price quintiles, H-L,

and the corresponding Newey-West t-statistics.

In Table 2.5, each column corresponds to a specific control variable. Panel A

shows the four-factor alphas when an equal-weighted average is calculated for

the stocks in the double-sorted portfolios, while Panel B presents the four-factor

alphas when a value-weighted average is calculated for the stocks in the same

portfolios.

One common prior is that nominal price is positively correlated with size.

While, according to the results in Table 2.3, size is comparable across the ten

price deciles, in my analysis I still report the double-sorting results controlling
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Table 2.5: Double Sorting Results

Double-sorted, equal-weighted (Panel A) and value-weighted (Panel B) quintile portfo-
lios are formed every month from January 1994 to December 2012 by sorting stocks in
the lowest tradable market capitalization tercile based on their nominal price at the end
of the previous month after controlling for size, intermediate-term momentum, short-
term reversals, turnover, illiquidity, volatility, skewness and maximum daily return in
the previous month. In each case, I first sort the stocks into quintiles using the control
variable, then within each quintile, I sort stocks into quintile portfolios based on their
nominal price at the end of the previous month so that quintile 1 (5) contains stocks
with the lowest (highest) price. The average return across five control quintiles is cal-
culated to produce quintile portfolios with dispersion in price but with similar levels
of the control variable. To save space, only four-factor alphas on the portfolios are re-
ported in the table. “H-L” is the difference in four-factor alphas on the High and Low
portfolios. Newey-West adjusted t-statistics are reported in parentheses. ∗, ∗∗, and ∗ ∗ ∗
denote significance levels at 10%, 5%, and 1%, respectively.

Panel A: Equal-Weighted

Size Mom Rev Turnover Illiq Vol Skew Max

Low 1.15 1.01 1.19 0.92 1.07 0.99 0.97 0.9
2 0.60 0.66 0.43 0.35 0.67 0.70 0.54 0.54
3 0.19 0.34 0.13 0.24 0.28 0.03 0.09 0.29
4 -0.20 0.06 0.05 0.05 -0.08 0.14 -0.07 0.08

High -0.12 -0.13 -0.08 0.07 -0.29 -0.15 -0.08 -0.09

H-L -1.27*** -1.17*** -1.27*** -0.85* -1.36*** -1.15*** -1.05*** -1.00**
(-3.02) (-2.87) (-3.32) (-1.78) (-3.44) (-3.38) (-2.68) (-2.47)

Panel B: Value-Weighted

Size Mom Rev Turnover Illiq Vol Skew Max

Low 1.13 0.92 1.09 0.81 1.01 0.9 0.88 0.84
2 0.60 0.62 0.36 0.26 0.63 0.62 0.50 0.48
3 0.18 0.23 0.02 0.13 0.22 -0.05 0.01 0.19
4 -0.19 0.02 0.01 -0.03 -0.14 0.10 -0.14 0.09

High -0.10 -0.14 -0.11 0.03 -0.29 -0.16 -0.08 -0.14

H-L -1.24*** -1.09*** -1.20*** -0.78* -1.30*** -1.08*** -0.96** -0.99**
(-3.01) (-2.79) (-3.41) (-1.70) (-3.41) (-3.44) (-2.59) (-2.53)
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for size to further confirm that the nominal price effect is not driven by the size

effect. As shown in the first column of Panel A in Table 2.5, after controlling

for size, the four-factor alphas on the H-L difference from the equal-weighted

quintiles is -1.27% per month with a t-statistic of -3.02. The four-factor alpha for

the H-L difference from value-weighted returns is similar in both magnitude

and significance. Thus, size does not explain the difference of return between

high- and low-priced stocks.

To control for the correlation between nominal price and previous return,

I perform the same procedure for momentum and reversal. The results in

columns (2) and (3) suggest that the correlation between nominal price and pre-

vious return cannot explain the excess return on the long-short portfolio based

on nominal price.

To control for liquidity, stocks are first ranked by turnover, Amihud illiquid-

ity, and total volatility, respectively. After controlling for these liquidity factors,

the four-factor alphas on the long-short portfolios are still economically and

statistically significant. After controlling for monthly turnover, the four-factor

alpha on H-L from the equal-weighted quintiles is -0.85% per month and is sig-

nificant at 10% level. After controlling for Amihud illiquidity and total volatility,

the four-factor alphas on H-L from the equal-weighted quintiles are -1.36% and

-1.15% per month and are significant at 1% level.

Finally, skewness is correlated with nominal price and predicts return in the

same direction as it. In the last two columns of Table 2.5, I control for skewness

using both the direct skewness measure from past returns as well as the max

return in the previous month, as in Bali et al. (2011). The nominal price effect is

still significant after controlling for these two skewness-related variables.
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Table 2.5, Panel B shows that after controlling for size, momentum, short-

term reversal, and liquidity, the FF4 alphas for the value-weighted long-short

portfolios are similar in both magnitude and significance to those for equal-

weighted long-short portfolios. These results indicate that for both the equal-

weighted and value-weighted portfolios, well-known cross-sectional effects

such as size, momentum, short-term reversal, liquidity, and skewness cannot

explain the return difference between high and low nominal price stocks.

In summary, the alphas from the four-factor model indicate that, consistent

with the Fama-Macbeth results in Table 2.5, the risk-adjusted returns for long-

short portfolios are significantly negative after controlling for other known pre-

dictors of returns.

2.4 Explanation of the Low Nominal Price Premium

The previous results suggest that the effect of nominal price is not explained

by relevant existing factors of return. In this section, I investigate the possible

causes for the predictive power of nominal price on return. Specifically, I exam-

ine why this anomaly occurs and why it can be sustained in the market.

2.4.1 Individual Investors’ Participation

Given individual investors’ preference for low nominal stocks, one explana-

tion for the nominal price effect is change in participation from these investors.

Moreover, Birru and Wang (2014) suggest that the preference for low nominal

price stocks is due to biased expectations for the skewness of these stocks. It
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is conceivable that inexperienced individual investors are more likely to exhibit

this bias.

In this section, I examine the relation between the number of new accounts

opened in the SHSE and the returns on the nominal price deciles. To trade

on the SHSE, each investor can open only one permanent stock account with

the exchange. Even if they decide to close their accounts, their stock account

identifiers will not be recycled for future investors. Therefore, the individual

investors who have recently opened accounts with the SHSE are likely to be

inexperienced.

Figure 1.3 shows the time-series of new account creation in the SHSE from

1992 to 2012. The solid black line shows the total number of A-share accounts

held by individual investors; the solid blue line displays the new A-share ac-

counts opened by individual investors in each year. For comparison, the Shang-

hai A-share index is shown with a red dotted line. It is clear from the graph that

new accounts were created at a relatively steady rate up to 2006. In response to

the extremely high market return during this year, the number of new A-share

accounts opened by individual investors increased dramatically in 2007. More-

over, the number of new accounts opened in each year starting from 2007 is

higher than the number before that year. This suggests that participation from

new individual investors has surged in recent years.

I use shocks in new account creation during each month as a proxy for

shocks to the level of inexperienced individual investor participation in the

stock market. Monthly data for new account creation from the SHSE monthly

report are only available from 2006 to 2012. Therefore, I focus on the sample pe-

riod starting from 2006. To be consistent with the single-sorting results, I create
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ten nominal price deciles for stocks in the lowest tradable market capitalization

tercile.

To understand the impact of participation from inexperienced individual in-

vestors, I examine the contemporaneous relation between shocks in new ac-

count opening activity and the excess returns on the highest and lowest nomi-

nal price deciles as well as the difference between the two, H-L. New individual

investors are expected to have a preference for low-priced stocks. Therefore,

when their participation is high in a certain month, I expect that their incremen-

tal participation will push up the price for the low-priced stocks. On the other

hand, the prices for high-priced stocks, which are not favored by individual in-

vestors, will not respond as strongly to their incremental participation. As a

result, the return difference between the high and low nominal price deciles is

expected to be more negative when there is an especially high number of new

accounts that were opened by individual investors that month.

As indicated in Figure 1.3, new accounts are created every year at a steady

rate. To capture the incremental participation from new individual investors in

a certain month, I use the average number of accounts created in the previous

2, 3, or 6 months as a proxy for the normal level of account creation. The shocks

are the differences between the number of new accounts created in that partic-

ular month and the normal level. To be precise, shocks in the number of new

accounts (in millions) are measured by three variables:

∆New accounts2m
t = New accountst −

1
2

2∑
i=1

New accountst−i

∆New accounts3m
t = New accountst −

1
3

3∑
i=1

New accountst−i

∆New accounts6m
t = New accountst −

1
6

6∑
i=1

New accountst−i
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I conduct two sets of contemporaneous regressions to examine the relation be-

tween excess return in month t and change in the number of accounts created in

month t. The first set of regressions regress the excess returns on the shocks only.

For each of the three shock measures, the following regression is conducted for

both equal-weighted and value-weighted returns:

Rit = ai + bi∆New accountsn
t + εit,

where Rit is either the excess return on the lowest (highest) nominal price decile

or the H-L difference in month t and ∆new accountn
t is the shock in account cre-

ation in month t according to shock measure n. The second set of regressions

further controls for the four pricing factors as follows:

Rit = ai + bi∆New accountsn
t + ci(Rmt − R ft) + diS MBt + eiHMLt + fiUMDt + εit,

where (Rmt −R ft), S MBt, HMLt, UMDt are the excess return on the market, SMB,

HML, and UMD in month t, respectively.

Coefficients on ∆New accountsn
t (bi in the equations) for each regression are

reported in Table 2.6. Columns (1) to (3) represent the results for equal-weighted

returns, and columns (4) to (6) represent the results for value-weighted returns.

The first set of regressions is presented in Panel A; the second set that controls

for the four pricing factors is presented in Panel B.

Three patterns for excess returns can be inferred from Table 2.6. First, coef-

ficients on the three measures of ∆New accountsn
t are all positive and significant

for the lowest nominal price decile, as presented in column (1) and (4). That is,

when there is an abnormal increase in the amount of new account creation, the

excess return on the lowest nominal price decile tends to be high. This pattern is

also present after controlling for the four factors, as shown in Panel B. As inex-

perienced individual investors are expected to prefer buying low-priced stocks
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Table 2.6: Individual Investors’ Participation and the Low Nominal Price Pre-
mium

This table presents the effect of individual account opening activity on the returns on
the lowest price decile, the highest price decile as well as the long short portfolio, H-L.
The number of new accounts is measured in millions. The average number of accounts
created in the previous 2, 3, or 6 months are used as proxies for the normal level of ac-
count creation in these respective time periods. The shocks in account opening activity
are the differences between the number of new accounts created this particular month
and the normal level, measured as follows:

∆New accounts2m
t = New accountst −

1
2

2∑
i=1

New accountst−i

∆New accounts3m
t = New accountst −

1
3

3∑
i=1

New accountst−i

∆New accounts6m
t = New accountst −

1
6

6∑
i=1

New accountst−i

In panel A, excess return on the lowest (highest) decile and the H-L difference are re-
gressed on ∆New accounts only. In panel B, excess return on the lowest (highest) decile
and the H-L difference are regressed on ∆New accounts as well as the four factors. In
columns 1 to 3, the portfolio returns are equal-weighted. In column 4 to 6, the portfolio
returns are value-weighted. Coefficients bi on ∆New accounts and Newey-West adjusted
t-statistics are reported in parentheses. ∗, ∗∗, and ∗ ∗ ∗ denote significance levels at 10%,
5%, and 1%, respectively.

(1) (2) (3) (4) (5) (6)

Equal-Weighted Value-Weighted

Measures of shocks Low Price High Price H-L Low Price High Price H-L

Panel A: Rit = ai + bi∆New accountst + εit

∆New accounts2m
t 13.95*** 5.65 -8.30* 14.22*** 5.67 -8.55*

(3.21) (1.59 ) (-1.86) (3.19) (1.58) (-1.88)
∆New accounts3m

t 12.56*** 4.71 -7.85** 12.76*** 4.73 -8.03**
(2.65) (1.39) (-2.00) (2.65) (1.37) (-2.02)

∆New accounts6m
t 14.97*** 7.12** -7.84** 15.01*** 7.07** -7.94**

(5.28) (2.46) (-2.49) (5.14) (2.44) (-2.54)

Panel B: Rit = ai + bi∆New accountst + ci(Rmt − R ft) + diS MBt + eiHMLt + fiUMDt + εit

∆New accounts2m
t 4.12** -2.31 -6.42* 4.23** -2.28 -6.51*

(2.35) (-1.12) (-1.81) (2.47) (-1.08) (-1.81)
∆New accounts3m

t 4.23** -2.25 -6.48** 4.37** -2.20 -6.58**
(2.27) (-1.35) (-1.99) (2.51 ) (-1.27) (-2.03)

∆New accounts6m
t 4.80*** -1.92 -6.73** 4.83*** -1.95 -6.78**

(3.23) (-1.24) (-2.40) (3.56) (-1.24) (-2.48)
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to buying high-priced stocks, this result is consistent with the hypothesis that

excess buying pressure from individual investors in a certain month pushes up

the price for low-priced stocks in that month. The economic magnitude of this

effect is large. A one million increase in ∆New accounts2m
t in month t results in a

4.12% increase in the equal-weighted monthly return on the low-priced decile.

Or, equivalently, a one standard deviation increase in ∆New accounts2m
t results

in a 1.48% increase in the equal-weighted monthly return on the low nominal

price decile, according to the full-fledged model controlling for the four factors.

Second, as shown in columns (2) and (5), excess returns on the highest nomi-

nal price decile are not related to shocks in the number of new account creations

in most specifications, especially after controlling for the four factors. When

new individual investors enter the market, their aggregate buying pressure does

not change the returns of high nominal price stocks in a significant way. This

is also consistent with the hypothesis that new individual investors prefer low-

priced stocks over high-priced ones.

Third, the return spread between the highest and the lowest nominal price

decile is negatively related to shocks in the number of new account creations.

The effect is significant across all three measures of shock and for both equal-

weighted returns and value-weighted returns. After controlling for the four

factors, an increase of one million in ∆New accounts2m
t in month t results in a

6.42% decrease in the H-L portfolio return. Or, equivalently, according to the

full-fledged model controlling for the four factors, a one standard deviation in-

crease in ∆New accounts2m
t results in a 2.31% decrease in the return difference

between high and low nominal price deciles.

Taken together, these three patterns in portfolio returns are consistent with
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the expectation that variation in new individual investors’ participation in each

month influences the low nominal price premium. In addition, consistent with

the hypothesis that new individual investors favor low-priced stocks, the ef-

fect of their participation on the return difference between high- and low-price

deciles comes mainly from the lowest nominal price decile.

2.4.2 Rational Investors’ Role

The previous subsection provides evidence that individual investors’ preference

for low-priced stock influences the low nominal price premium in the Chinese

stock market. In typical return anomalies due to investors’ preferences or biases

in beliefs, when investors prefer a certain characteristic they will temporarily

bid up the prices for stocks with this characteristic, and these stocks will receive

low subsequent returns. The limits of arbitrage impede the arbitrageurs’ ability

to sell short on the overvalued stocks and allow this mispricing to exist in the

market.

To the contrary, the effect of nominal price comes mainly from the lowest

nominal price decile. That is, low-priced stocks have positive excess returns

relative to other stocks. It is puzzling why this anomaly can still exist, given

that there should be little barrier to going long in a stock as opposed to going

short.

However, two reasons may prevent rational arbitrageurs from exploiting

this high expected return on low-priced stocks. First, as argued in Black (1986)

and in DeLong et al. (1990a), if noise traders are more concentrated in low nomi-

nal price stocks, then these stocks should have a high expected return due to this
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noise trader risk since arbitrageurs will be reluctant to enter low-priced stocks.

Second, participation from new individual investors is not completely ran-

dom. Their participation reacts to previous market returns, and their trading

pattern is predictable. As documented in Seasholes and Wu (2007), new indi-

vidual investors in the Chinese stock market are more likely to buy a stock after

an extreme increase in price and trading volume. Anticipating the participa-

tion and trading behavior of these inexperienced individual investors, rational

speculators may choose to create more mispricing deliberately instead of arbi-

traging away the existing mispricing. According to Geng and Lu (2014), due to

the existence of severe limits to arbitrage in the Chinese stock market, rational

speculators can create mispricing in the market through synchronized attacks

and can exploit individual investors with biased beliefs. These synchronized

attacks result in extreme increases in stock price and spikes in trading volume,

which leads individual investors to buy into this stock. The speculators can

subsequently profit from selling the stock at its inflated price to the individual

investors.

To ensure success, speculators will attack the stocks that individual investors

are more likely to buy into. Given their well-documented preference for low-

priced stocks, individual investors are more likely to buy a low-priced stock if

it catches their attention than a high-priced one with a similar level of attention.

According to this intuition, low-priced stocks will incur more attacks from spec-

ulators than high-priced ones. These intentional attacks on low-priced stocks,

together with individual investors’ tendency to buy them, can exacerbate their

mispricing.

Attacks are associated with extreme increase in price and volume. As attacks
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are more likely to occur against stocks with low nominal prices, the number of

trading days with extreme increase in price and volume is expected to be higher

for stocks in the low-price decile than for those in the high-price one.

Based on this hypothesis, I examine the number of trading days with ex-

treme return and volume. Specifically, I use 10% and 9% as return cutoff points

and 3 time and 4 time increase in daily turnover as volume cutoff points. The

results are reported in Table 2.7; each column corresponds to one selection cri-

terion. For example, “10% & 3∗TO” means that a trading day in which the

daily return exceeds 10% and the daily turnover is over three times the aver-

age turnover in the previous 120 trading days counts as a day with extreme

return and trading volume. Panel A in Table 2.7 shows the average number of

trading days in which a stock in a certain price decile experiences simultaneous

increases in price and volume. Consistent with expectation, stocks with low

nominal prices experience more days with extremely high increases (hereafter,

“extreme days” for abbreviation) than those with high nominal prices. Under

most specifications of cutoff points, the effect is significant. For example, with

the return cutoff as 10% and the turnover cutoff as three times, the difference

between the high and low nominal price decile is -0.04 and is significant at the

10% level.

In addition to the number of extreme days, I also examine the returns real-

ized on these trading days for stocks in each price decile to obtain an estimate of

this difference in terms of stock returns. The results for value-weighted returns

are presented in Panel B in Table 2.7. For each stock in a decile, I calculate the

cumulative return over these extreme trading days during a month. Then, the

portfolio return for each decile is calculated as the average return across these
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Table 2.7: Extreme Return and Trading Volume for Nominal Price Deciles

This table shows results for days with extreme return and trading volume for different
nominal price deciles. Panel A represents the average number of days with extreme re-
turn and trading volume for stocks in each nominal price decile as well as the difference
between the two extreme deciles. Each column corresponds to a different criterion for
extreme return and trading volume. For example, “10% & 3∗TO” means that a trading
day in which return reaches 10% and trading volume is three time the average trading
volume in the previous 120 trading days counts as a day with extreme return and trad-
ing volume. Panel B represents the average return on days with extreme return and
trading volume for stocks in each nominal price decile. The total return column shows
the average return on each decile portfolio for comparison. The differences of average
return between the two extreme deciles is shown in the row labeled “AvgRet (H-L)”
and the difference of four-factor alphas between the two extreme deciles is shown in
the row labeled “FF4 (H-L)”. The corresponding Newey-West adjusted t-statistics are
reported in parentheses. ∗, ∗∗, and ∗ ∗ ∗ denote significance levels at 10%, 5%, and 1%,
respectively.

Panel A: Number of days with extreme return and trading volume

Decile 10% & 3∗TO 9% & 3∗TO 10% & 4∗TO 9% & 4∗TO

Low 0.13 0.15 0.10 0.11
2 0.15 0.17 0.11 0.12
3 0.15 0.17 0.10 0.12
4 0.14 0.16 0.10 0.11
5 0.13 0.15 0.09 0.11
6 0.14 0.16 0.10 0.11
7 0.12 0.14 0.09 0.10
8 0.11 0.13 0.08 0.09
9 0.10 0.12 0.07 0.09

High 0.09 0.11 0.07 0.08

H-L -0.04* -0.04 -0.03* -0.03*
(-1.76) (-1.60) (-1.93) (-1.76)

Panel B: Return on days with extreme return and trading volume

Decile Total Return 10% & 3∗TO 9% & 3∗TO 10% & 4∗TO 9% & 4∗TO

Low 3.57 2.21 2.40 1.66 1.78
2 3.09 2.40 2.63 1.78 1.92
3 2.95 2.44 2.69 1.80 1.96
4 2.57 2.35 2.55 1.76 1.88
5 1.95 1.92 2.11 1.45 1.60
6 1.82 2.14 2.39 1.63 1.79
7 1.84 1.93 2.09 1.46 1.59
8 1.40 1.67 1.84 1.22 1.34
9 1.30 1.57 1.81 1.16 1.29

High 1.18 1.40 1.59 1.03 1.15

AvgRet (H-L) -2.39*** -0.81** -0.81** -0.63** -0.63**
(-3.66) (-2.05) (-2.02) (-2.24) (-2.16)

FF4 (H-L) -1.38*** -0.64* -0.62* -0.52* -0.50*
(-2.65) (-1.80) (-1.71) (-1.94) (-1.85)
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cumulative returns in each month.

The average return on extreme days in each decile is presented in Panel B.

The realized return on extreme days for low-priced stocks is higher than that

for high-priced stocks. This effect is significant under all specifications of cutoff

points. With the return cutoff as 10% and turnover cutoff as three times, the

difference of realized returns between the high- and low-price decile is -0.81%

and is statistically significant at the 5% level. In addition, the difference between

the four-factor alphas is -0.64%, which is significant at 10% level.

The magnitude of the difference of realized returns between the high- and

low-price deciles on extreme days is large. The first column in Panel B shows

the total return on each decile, the difference of total return between two ex-

treme deciles, and, for comparison, the difference of four-factor alphas between

two extreme deciles from Table 2.2. The difference of four-factor alphas between

high and low deciles is -1.38%, whereas the difference of four-factor alphas be-

tween high and low deciles on extreme days is -0.64% (for the criterion of “10%

& 3∗TO”). That is, almost half of the difference in four-factor alphas between

high and low deciles is realized on extreme days.

These results are consistent with the attack hypothesis: low-priced stocks

are more likely to experience trading days with extreme increase in price and

volume than high-priced stocks. The realized returns on low-priced stocks dur-

ing extreme days are also significantly higher than those on high-priced stocks.

Moreover, the economic magnitude of return difference between high and low

deciles on extreme days is large. These results provide evidence of rational

speculators’ role in sustaining the mispricing of low-priced stocks: speculators

may intentionally create attention-grabbing events by driving up the price and
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trading volume for low-priced stocks to attract individual investors and induce

them to aggravate this mispricing.

2.5 Robustness Checks

This section performs several robustness checks to confirm my main conclu-

sions on the low nominal price premium. I first investigate whether the low-

price premium is present for different subperiods in the sample. Then, I ad-

dress the issue of potential microstructures by sorting portfolios using the clos-

ing prices on lagged days before the last trading day of the portfolio formation

month instead of the closing prices on the last trading day of that month.

2.5.1 Subperiod Analysis

Since individual investors’ participation increased significantly between 2007

and 2012, I divide the sample period into two parts: from 1994 to 2006 and from

2007 to 2012. To be comparable to the single-sorting results in the whole sample,

stocks in the lowest tradable market capitalization tercile are used. Table 2.8

presents the average return, CAPM alpha, and four-factor alpha for the deciles

sorted by nominal price in both subperiods. In both, the average return and

alphas on the price deciles almost uniformly decrease, suggesting that the return

patterns for stocks with different nominal prices persist across time.

Average return and alphas on the difference between the high and low nomi-

nal price deciles are displayed in the H-L row, and the corresponding t-statistics

are shown in parentheses. Although the return differences from both subperi-
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Table 2.8: Subperiod Analysis

This table presents the returns and alphas of the ten deciles sorted by nominal price and
the differences between the two extreme deciles for two subperiods. Panel A shows the
results from 1994 to 2006. Panel B shows the results from 2007 to 2012. Stocks in the
lowest tradable market capitalization tercile are sorted into deciles based on the nom-
inal price at the end of the previous month. Portfolio Low (High) is the portfolio of
stocks with the lowest (highest) nominal price at the end of the previous month. The ta-
ble reports the average monthly returns, the Fama-French three-factor alphas (FF3) and
the Fama-French-Carhart four-factor (FF4) alphas on the equal-weighted and value-
weighted portfolios. The last two rows present the differences in monthly returns and
the differences in alphas with respect to the three factor and four-factor model between
portfolios High and Low and the corresponding Newey-West adjusted t-statistics. ∗, ∗∗,
and ∗ ∗ ∗ denote significance levels at 10%, 5%, and 1%, respectively.

Equal-weighted Value-weighted

Decile Average Return FF3 Alpha FF4 Alpha Average Return FF3 Alpha FF4 Alpha

Panel A: Subperiod 1994-2006

Low 3.00 1.53 0.98 2.86 1.43 0.88
2 2.64 1.20 0.73 2.59 1.14 0.65
3 2.55 1.12 0.74 2.58 1.12 0.69
4 2.38 0.84 0.75 2.35 0.80 0.69
5 1.86 0.54 0.45 1.80 0.47 0.36
6 1.82 0.33 0.32 1.74 0.26 0.25
7 1.78 0.25 0.20 1.69 0.15 0.09
8 1.19 -0.18 -0.13 1.14 -0.22 -0.16
9 1.39 -0.10 0.00 1.34 -0.16 -0.04

High 1.06 -0.21 -0.05 1.07 -0.20 -0.04

H-L -1.93*** -1.74*** -1.03* -1.80*** -1.63*** -0.92*
(-2.85) (-2.86) (-1.92) (-2.76) (-2.78) (-1.87)

Panel B: Subperiod 2007-2012

Low 5.23 3.81 2.27 5.09 3.67 2.10
2 4.31 2.88 1.28 4.17 2.73 1.15
3 3.89 2.50 0.98 3.76 2.37 0.88
4 3.22 1.87 0.41 3.04 1.70 0.26
5 2.49 1.17 -0.17 2.29 0.96 -0.38
6 2.14 0.82 -0.43 2.01 0.70 -0.51
7 2.26 0.99 -0.26 2.18 0.92 -0.31
8 2.01 0.72 -0.47 1.97 0.67 -0.48
9 1.30 0.10 -0.98 1.21 0.01 -1.01

High 1.46 0.32 -0.60 1.42 0.28 -0.61

H-L -3.76** -3.49*** -2.87** -3.67** -3.38*** -2.71**
(-2.52) (-3.24) (-2.65) (-2.53) (-3.36) (-2.64)
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ods are economically and statistically significant, the effect is more pronounced

after 2007, when individual investors’ participation increased dramatically. For

equal-weighted portfolios, the four-factor alpha on H-L is -1.03 with a t-statistic

of -1.92 from 1994 to 2006, while the four-factor alpha on H-L is -2.87% with a

t-statistic of -2.65 from 2007 to 2012. Patterns on value-weighted portfolios are

similar. The magnitude of return difference between High and Low is larger

after 2007 than before it. Moreover, both CAPM alpha and four-factor alpha are

larger in magnitude after 2007 than before it. The comparison between the two

subperiods in Table 2.8 provides further confirmation that incremental partic-

ipation from inexperienced individual investors is related to the low nominal

price anomaly. Figure 2.2 exhibits the average monthly return on a portfolio

that goes long in the low-price decile and goes short in the high-price decile

each year. It is clear from the figure that low nominal price stocks outperform

high nominal price ones in most of the years between 1994 and 2012; the re-

turn on the “L-H” portfolio is positive for 15 out of the 19 years in the sample

period. Moreover, the negative returns tend to be small in magnitude. The min-

imum average equal-weighted return in one year is -0.80% in 2004, whereas the

maximum average equal-weighted return in one year is 11.99% in 2007.

2.5.2 Potential Microstructure Issues

To avoid the contamination of microstructure effects, I use the closing price at 1,

5 or 10 trading days prior to the end of portfolio formation month to sort port-

folios. The four-factor alphas on the ten deciles as well as the “H-L” portfolio

are exhibited in Table 2.9.
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Figure 2.2: Low Minus High

This figure shows the average monthly return of a long-short portfolio by calendar year.
In each month of the sample period, stocks in the lowest tradable market capitalization
tercile are sorted into deciles by their nominal prices at the end of the previous month.
The long-short portfolio holds the lowest decile long and hold the highest decile short.
Equal-weighted returns and value-weighted returns are both presented.
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For both the equal-weighted and value-weighted returns, the results are

qualitatively the same as the main results in Table 2.2. The four-factor alphas

are all below -1% each month and are all statistically significant under various

specifications. Therefore, the main result–that low nominal price in the previ-

ous month predicts high subsequent return–is still robust after removing any

potential contamination of microstructure effects.
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Table 2.9: Robustness: Difference Choices of Nominal Prices

This table presents the results sorted in deciles by stock nominal prices on different
days. The closing prices one day, five days, or ten days prior to the end of the pre-
vious month are used to sort stocks. Stocks in the lowest tradable market capitaliza-
tion tercile are sorted into deciles based on the corresponding sorting prices. The table
reports the Fama-French-Carhart four-factor (FF4) alphas on the equal-weighted and
value-weighted portfolios. The last two rows present the differences in monthly returns
and the differences in alphas between portfolios High and Low and the corresponding
Newey-West adjusted t-statistics. ∗, ∗∗, and ∗ ∗ ∗ denote significance levels at 10%, 5%,
and 1%, respectively.

Equal-Weighted Value-Weighted

Deciles FF4 Alpha
(Skip 1 Day)

FF4 Alpha
(Skip 5 Days)

FF4 Alpha
(Skip 10 Days)

FF4 Alpha
(Skip 1 Day)

FF4 Alpha
(Skip 5 Days)

FF4 Alpha
(Skip 10 Days)

Low 1.34 1.71 1.44 1.24 1.64 1.38
2 0.81 1.19 1.02 0.77 1.13 0.98
3 0.90 1.08 0.82 0.82 0.99 0.82
4 0.74 1.18 0.91 0.61 1.04 0.82
5 0.32 0.80 0.61 0.22 0.72 0.54
6 0.16 0.70 0.60 0.04 0.61 0.53
7 0.10 0.74 0.77 0.05 0.64 0.69
8 -0.23 0.06 0.29 -0.32 -0.02 0.25
9 -0.18 0.22 0.32 -0.23 0.19 0.30
High -0.09 0.32 0.35 -0.10 0.32 0.33

H-L -1.43** -1.39*** -1.08*** -1.34** -1.32*** -1.05***
(-2.39) (-3.11) (-4.04) (-2.36) (-2.96) (-4.04)

2.6 Conclusion

In this paper, I investigate the impact of nominal stock price on the cross-

sectional pricing of stocks in the Chinese stock market. Among stocks with

low tradable market capitalization, I find an economically and statistically sig-

nificant negative relation between the nominal price at the end of the previous

month and the return in the current month. Average raw and risk-adjusted re-

turn differences between stocks in the lowest and highest nominal price deciles

exceed 1% per month for the stocks in the lowest tradable market capitalization

tercile. These results still hold after controlling for relevant known risk factors,

such as size, book-to-market ratio, momentum, short-term reversals, liquidity,

and skewness. This low nominal price premium exists in different sample pe-
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riods and is robust after removing any potential contamination of microstruc-

ture effects. By using the data on new account opening activity in the SHSE, I

find empirical evidence suggesting that the low nominal price premium is in-

fluenced by the incremental participation of new individual investors. When

there is a large number of accounts opened by individual investors in a certain

month, low-priced stocks tend to have a high return, whereas the returns on

high-priced stocks are mostly unaffected by additional participation from these

investors.

I also provide evidence that is consistent with the attack hypothesis in Geng

and Lu (2014). Instead of arbitraging away the mispricing, rational speculators

may intentionally create more events of extreme increase in price and trading

volume for stocks with low nominal prices to attract attention from individ-

ual investors. Their attacks on low-priced stocks, together with individual in-

vestors’ tendency to buy low-priced stocks, exacerbate this mispricing.
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CHAPTER 3

THE DETERMINANTS OF HOMEBUILDER STOCK PRICE EXPOSURE

TO LUMBER: PRODUCTION COST VERSUS HOUSING DEMAND

(Joint with Peng Liu and Ke Tang)

3.1 Introduction

Housing development and home construction historically has been a risky pro-

cess because housing prices and construction costs tend to be volatile. Unex-

pected events in the economy, variations in weather conditions, or outright nat-

ural disasters can cause shortages in lumber, steel, or other building materials,

which can in turn severely diminish the financial viability of real estate invest-

ments that involve construction. Furthermore, because of the construction lag

between the time of a development decision and the time of project comple-

tion, the financial performance of homebuilders depends heavily on the extent

to which they can accurately predict future housing demand.

Despite its economic importance, very few studies have examined the hous-

ing market from the supply side by analyzing homebuilder performance and

risk exposure. Examining the stock market performance of all publicly listed

homebuilders in the United States, we address this issue from the perspective

of the exposure of homebuilder stock prices to lumber pricing and availability.

Most homebuilders are involved in only one line of business – home construc-

tion. Thus, the performance of these companies is directly contingent upon

lumber prices based on the following two competing effects. First, one might

99



assume that high lumber prices must be associated with negative returns on

homebuilder stock shares because in terms of cost lumber is by far the largest

component of housing construction materials (NAHB (2012); Lowder and Bid-

dle (1997)). Second, however, exogenous shifts in future housing demand typ-

ically bids up the price of all production input factors. As home construction

consumes more than 60% of all lumber in the United States (Wood Use Report

(1983)), positive housing demand shocks are likely to drive up lumber price.

Since lumber futures contracts are actively traded on the Chicago Mercantile

Exchange, the lumber futures price curve may provide information pertaining

to demand for housing production output. Therefore, homebuilder stock re-

turns may be positively associated with lumber prices.

Using the Dow Jones Home Builders index (DJHB), we first investigate the

relationship between homebuilder stock performance and the lumber futures

price in an aggregate time-series framework. Contemporaneous regressions

show that homebuilder stock returns are positively associated with lumber fu-

tures returns and positively associated with the slope of the futures curve. This

positive builder-lumber relationship is robust, even after we control for stock

market returns, commodity index returns and housing price index (HPI) re-

turns. Furthermore, a predictive regression shows that the slope of the lumber

futures curve leads homebuilder stock returns. In other words, if the lumber fu-

tures price with longer maturity is higher than the price with shorter maturity,

the homebuilder stock returns tend to be higher in the next period. This signal

exists even after we control for exogenous housing demand shocks (HPI).

To measure homebuilder exposure to lumber across firms and time, we ex-

amine the determinants of the cross-sectional difference of the lumber beta. Uti-
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lizing a unique dataset from SNL Financial, we obtain substantial information

on each homebuilding company, such as land inventory, the number of houses

delivered, the average price of constructed houses, cost, and equity market data,

which enables us to empirically test how observed exposures correspond to pre-

dicted exposures. Our cross-sectional results are consistent with the time-series

regression: the lumber futures curve contains information about housing de-

mand; the lumber futures slope is positively associated with homebuilder lum-

ber exposures. Furthermore, builders who hold more land inventory have more

positive betas than do those who specialize in merely transforming materials

into physical buildings. Federal Housing Finance Agency (FHFA) HPI returns,

which are positively associated with homebuilder stock returns, as expected,

do not provide a sufficient statistical basis for predicting lumber prices. Instead,

the lumber slope contains additional information about future housing demand,

which is not contained in the HPI.

This paper offers three contributions to the literature. First, unlike other pa-

pers on commodity betas such as those of Tufano (1998) and Rajgopal (1999)

that investigate only the single role that commodity prices have played in in-

fluencing firm performance as either inputs or outputs, we show that lumber

prices play two roles in explaining homebuilder stock returns-production in-

put costs and signals of output demand. Second, to the best of our knowledge,

we have pioneered a link between the futures term structure, regarding both

the level and the slope of the futures curve, and a firm’s risk exposure to com-

modities. Third, we have established that the slope of the lumber futures curve

has significant predictive power regarding homebuilder stocks. In our sample,

a one-standard-deviation increase in the slope of the lumber futures curve is

associated with a 14-15% increase in annual return for homebuilders.
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In the remainder of the paper, we review the prior literature and motivate

our study in Section 3.2. We then describe the data in Section 3.3. In Section

3.4, empirical methodology and results, we conduct an aggregate analysis of

homebuilder stock performance and cross-sectional analysis of homebuilder ex-

posure to lumber. Section 3.5 concludes the paper.

3.2 Motivation and Literature Review

Since lumber is a major component of construction material, one would reason-

ably expect homebuilder performance to be negatively correlated with the price

of lumber, resulting in negative lumber exposure. However, we have found

that exposure of stock prices in the homebuilding industry to lumber prices is

positive. Prior empirical studies also suggest an ambiguous relationship be-

tween construction costs and construction activity. For example, Follain (1979)

analyzes housing starts and construction material and finds that the sign of the

coefficient depends on the model specification. DiPasquale and Wheaton (1994)

find a positive effect of costs on housing starts. Poterba (1984) points out the

endogeneity issue, which results in a positive relation between the lumber price

index and construction activity. Somerville (1996) also studies the relationship

between homebuilder profit and construction cost and the results suggest that

homebuilder profits are more sensitive to variations in land costs than to varia-

tions in the cost of structures. These phenomena thus motivate us to search for

alternative forces that might offset the “production input” effect.

In North America, lumber constitutes the largest component of the build-

ing material market. Demand for lumber is derived from housing demand. A
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boom in housing activity should trigger a price increase in lumber and other

input factors. The positive relation between increases in construction costs and

home-building activities has also been pointed out in prior studies. Poterba

(1984) argues that if construction input factors, such as lumber or skilled con-

struction labor, are in limited supply, then an increase in construction demand

will increase input factor prices. Using annual time-series data, Topel and Rosen

(1988) show that lumber prices and hourly wages of construction labor track

both home prices and new construction closely. Somerville (1999) emphasizes

that the implicit costs of switching subcontractors are also positively related to

construction activity.

However, previous studies focus only on the contemporaneous relation be-

tween the current costs of factor inputs and construction activities. We, how-

ever, observe the full structure of future lumber prices–not merely, for example,

the contemporaneous relation between the cost of labor and the cost of switch-

ing subcontractors. Lumber futures are actively traded, and the prices incor-

porate market expectations pertaining to construction activity such as housing

stars and completions (see, for instance, Karali and Thurman (2009)). Taking ad-

vantage of the futures market, we are able to utilize the extra information con-

tained in the term structure of the lumber futures price as an indicator of future

housing demand. Since lumber futures prices are positively related to construc-

tion activity in the market, the slopes of the lumber futures term structure and

futures returns serve as signals of the housing demand faced by homebuilders.

Another strand of the literature studies how firms utilize the commodity

futures market to effectively hedge their business risks. Corporate managers

have always been concerned with exposure to interest rates, exchange rates,
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and commodity prices. They believe that by engaging in risk management they

can hedge some of their risks. Furthermore, if certain commodities serve as ei-

ther major components of a company’s Cost of Goods Sold or as major output

products, the company’s stock performance can be traced to commodity price

movements. For example, Tufano (1996, 1998) shows that gold mining compa-

nies are significantly affected by gold price risks. Specifically, using a sample

of 48 companies, Tufano (1998) illustrates that the stock returns of gold mining

companies have an average beta of 2.21 against returns on gold prices. Similarly,

Rajgopal (1999) and Haushalter (2000) demonstrate that oil and gas producers’

performance is highly sensitive to their respective commodity prices. Likewise,

Géczy et al. (2006) and Carter et al. (2006) document significant stock exposures

of natural gas pipeline firms and airlines to gas and fuel oil prices, respectively.

While these studies focus on corporate hedging activities associated with ei-

ther input or output commodities in the production process, our study presents

new evidence on the dual role played by lumber relative to homebuilder per-

formance: as a factor input cost and as output demand signals.

3.3 Data and Descriptive Analysis

The sample used in this study comes from the SNL homebuilder module and

Dow Jones Indexes. Table 3.1 summarizes the operation profiles and data cov-

erage for each of the 21 publicly listed builders in the United States. Most of

the builders focus on the construction of single-family detached or townhome-

condo residential properties. Only three builders (Centex, KB Home, and Tar-

ragon) involve commercial real estate construction in addition to their residen-

tial construction activities. In terms of the geographical distribution of home-
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building operations, while several of the listed builders focus on as few as two

states, most publicly listed builders are licensed to build homes in more than

a dozen states. D.R. Horton has home construction licenses in 27 states, the

maximum number of operating states in the sample. The average number of

homebuilder operating states is 12. Table 3.2 provides the descriptions of vari-

ables used in this study.

As a measure of the performance of the entire US home construction sec-

tor, we used DJHB returns for the period of 1992-2007. The components of this

index are residential homebuilders, including manufacturers of mobile and pre-

fabricated homes. A company must have float-adjusted market capitalization of

$500 million or more to enter the index. If a company is already a component

of the index, its float-adjusted market capitalization must meet minimum eligi-

bility and liquidity requirements to remain in the index. The DJHB index, the

most widely used index of its kind, has been tracked by several exchange-traded

funds (ETF) and index funds. On May 1, 2006, Dow Jones Indexes announced

that Barclays Global Investors (BGI) licensed the indexes to serve as the basis of

its ETFs. Shares in the Dow Jones US Home Construction Index Fund (ticker:

ITB) have been traded on the New York Stock Exchange since May 5, 2006.1

The lumber cost data we use are obtained from the Chicago Mercantile Ex-

change.2 Random-length lumber futures contracts are actively traded on the

1Another well-known homebuilder index is the S&P select industry index-homebuilders,
which is the basis of the SPDR homebuilders ETF (ticker: XHB), advised by State Street Global
Advisers (SSgA). Not surprisingly, the two indexes are highly correlated, with coefficients of
0.996. Even though XHB started trading on the NYSE on February 6, 2006, the data were incom-
plete.

2The merger between the Chicago Mercantile Exchange (CME) and the Chicago Board of
Trade (CBOT) on July 12, 2007 created the world’s largest futures exchange, CME Group Inc.
On March 17, 2008, CME announced its acquisition of NYMEX Holdings, Inc., parent company
of the New York Mercantile Exchange (NYMEX).
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Table 3.2: Description of Variables

Panel A: Variables in Time Series Regression

Variable Definition and Source of Data

DJHB Dow Jones U.S. Select Home Builder Index returns, which measure the
performance of the U.S. home construction sector. The components of this index
are builders of residential homes, including manufacturers of mobile and
pre-fabricated homes. A company must have float-adjusted market
capitalization of $500 million or more to enter the index. If a company is already
a component of the index, its float-adjusted market capitalization must meet
minimum eligibility and liquidity requirements to remain in the index. [Data
source: Bloomberg]

LB Lumber futures returns with the nearest maturity. [Data source: Bloomberg]
Market S&P 500 Index returns. [Data source: Bloomberg]
GSCI S&P Goldman Sachs Commodity Index returns. The index is a composite index

of commodity sector returns. Components of the index are selected on the basis
of liquidity and weighted by their respective world production quantities.
Lumber is not a component of the index. [Data source: Bloomberg]

Slope Slope of the lumber futures curve, defined as the difference between the
second-nearest-maturity lumber futures and the nearest-maturity lumber
futures, normalized by the nearest-maturity lumber futures price. The slope for
a period longer than one day is the average of the daily slope within the period.
[Estimated in the paper]

HPI FHFA housing price index returns. The FHFA housing price index is the former
OFHEO HPI. The index is constructed through a repeat-sales methodology.
[Data source: FHFA]

Panel B: Variables in Cross-sectional Regressions

Variable Definition and Source of Data

βLB Lumber beta, which is estimated from a two-factor market model for each
firm-quarter, with daily homebuilder returns as the dependent variable, and
daily market returns and lumber futures returns as independent variables.
[Estimated in the paper]

Size The market capitalization of a homebuilder at the end of the quarter. We use the
natural logarithm of market capitalization in the regression. [Data source: SNL]

BTM Ratio of the book value of common equity to the market equity of a homebuilder
at the end of the quarter. [Data source: SNL]

Land The value of land inventory of a home-buider at the end of the quarter. We use
the natural logarithm of total land inventory in the regression. [Data source:
SNL]

Price Unit price of delivered homes of a homebuilder. We use the natural logarithm of
unit price in the regression. [Data source: SNL]

Quantity Number of homes delivered. We use the natural logarithm of quantity in the
regression. [Data source: SNL]

Cost Total expenses associated with construction, sales, general administration, and
financial charges. We use the natural logarithm of cost in the regression. [Data
source: SNL]

National National homebuilder dummy equal to one if a homebuilder operates in more
than twelve states, which is the mean of the number of operating states in the
sample. [Data source: SNL]

Note: For brevity, Panel B does not include the variables that are described in Panel A.
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Figure 3.1: Lumber Price and Slope of Lumber Futures Curve

Time series of lumber futures prices with nearest maturity and the slope of the lum-
ber futures curve. The top figure plots the lumber futures price with nearest maturity
during the period July 1986 to December 2007. The bottom figure plots the slope of the
lumber futures curve during the period July 1986 to December 2007.

 

Chicago Mercantile Exchange,3 and are settled in January, March, May, July,

September, and November. Generic lumber futures prices, which include con-

tracts of maturities ranging from one month to one year, are obtained from

Bloomberg. As shown in Figure 3.1, the lumber futures price is highly volatile.

Moreover, the term structure of lumber futures varies substantially over time.

Figure 3.2 demonstrates four examples of lumber futures term structures in-

dicating that at different time periods the lumber futures curve contains rich

information on future lumber price trends.

We develop the idea that the “housing demand” effect is related not only to

3One contract of random-length lumber futures contains 110,000 board feet (about 260 cubic
meters). The pricing unit is in dollars per 1000 board feet.
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Figure 3.2: Examples of Lumber Futures Term Structures

Examples of lumber futures term structures in different time periods. The four figures
plot the lumber futures price with varying maturities against their respective time to
maturity in different time periods. For example, as shown in the bottom left graph, the
lumber futures curve exhibits contango (negative slope) during the period of January
2005 to March 2005. During the period of July 2007 to January 2008, the lumber futures
curve exhibits backwardation (positive slope), as shown in the bottom right graph.

 

lumber returns but also to the slope of the lumber futures curve, which is de-

fined as the percentage difference between the two futures prices with the near-

est maturity (1 month) and the second-nearest maturity (3 months) normalized

by the nearest futures price. Intuitively, a positive lumber return suggests an

increase in current lumber demand, which indicates that construction activity

in the current period is higher than in the previous period. The homebuild-

ing industry is likely to experience growth in this period. Likewise, an upward

sloping futures curve indicates that the market expects construction activity to
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Figure 3.3: Dow Jones Home Builder Index and Lumber Futures

Time series of the Dow Jones US Select Home Construction Index (DJHB), the S&P
500 Index (Market), the Lumber Price (LB), the S&P Goldman Sachs Commodity Index
(GSCI), and the FHFA Housing Price Index (HPI). DJHB measures the performance
of the U.S. home construction sector. The components of this index are builders of
residential homes, including manufacturers of mobile and pre-fabricated homes. LB is
the lumber futures price with the nearest maturity. GSCI is a composite index of the
commodity sector. Components of this index are selected on the basis of liquidity and
weighted by their respective world production quantities. Lumber commodity is not a
component of this index. The FHFA Housing Price Index (HPI) is the former OFHEO
housing price index, which is one of the most widely used indexes of housing prices.
This figure plots the five time series during the period of January 1992 to December
2007. The level of DJHB, Market, LB, and GSCI are plotted on the left axis. The level of
HPI is plotted on the right axis.

 

increase in the next few months. Therefore, both measures are related to the

housing demand faced by homebuilders. In particular, in the empirical analysis

in Section 3.4.1, we demonstrate that the slope of the lumber futures curve can

be used to predict homebuilder returns.

As controls for homebuilder exposure to overall market conditions and for

exogenous shocks in the commodity market, we include S&P 500 index returns

(Market) and S&P Goldman Sachs Commodity Index returns (GSCI). Compo-
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nents of the commodity index are selected on the basis of liquidity and weighted

by their respective world production quantities. We also include the percentage

change in the FHFA-HPI4 as an additional control for housing demand. The HPI

is constructed through a repeat-sales methodology and is available monthly. We

use the seasonally adjusted index in the empirical analysis. Figure 3.3 plots his-

torical time series of lumber futures, the DJHB, the GSCI, the Market index, and

the FHFA-HPI. Summary statistics as well as correlations among them shown

are in Table 3.3.

To analyze the cross-sectional determinants of lumber exposure for home-

building companies, we further obtain firm-level quarterly information on

homebuilding operation profiles for each builder in the United States.5 The

operation profiles of the builders include detailed information on the number

of new houses delivered, backlogged, canceled, and newly contracted during

each quarter as well as the unit prices associated with them. On the expenses

side, the operation profiles provide a breakdown of cost details ranging from

construction expenses and sales to general and administrative expenses. Ta-

ble 3.3 provides the simple summary statistics for each of the variables used in

the time-series regressions as well as the correlations among them. The follow-

ing variables along with lumber futures term structures are used in the cross-

sectional tests:

Slope: The slope of the lumber futures curve is calculated as the difference

between the second-nearest maturity lumber futures and the nearest maturity

lumber futures, normalized by the nearest maturity lumber futures price. The

slope for a period longer than one day is the average of the daily slope within

4The FHFA-HPI is the former OFHEO-HPI.
5SNL Financial provides detailed construction information only for years since 2003.

111



Table 3.3: Summary Statistics and Correlation Table for Variables Used in the
Aggregate Analysis

Panel A reports descriptive statistics for the Dow Jones U.S. Select Home Builder
Index returns (DJHB), lumber futures returns with the nearest maturity (LB), S&P 500
Index returns (Market), S&P Goldman Sachs Commodity Index returns (GSCI), and
the slope of the lumber futures curve (Slope) from 1991 to 2007 at a daily frequency.
DJHB measures the performance of the U.S. home construction sector. The components
of this index are builders of residential homes, including manufacturers of mobile
and pre-fabricated homes. Lumber return (LB) is lumber futures returns with the
nearest maturity. Market returns is the S&P 500 index return. Commodity returns
(GSCI) is calculated from the S&P Goldman Sachs Commodity Index, a composite
index of the commodity sector. Components of this index are selected on the basis
of liquidity and weighted by their respective world production quantities. Lumber
commodity is not a component of this index. The slope of the lumber futures curve is
defined as the difference between the second-nearest-maturity lumber futures and the
nearest-maturity lumber futures, normalized by the nearest-maturity lumber futures
price. Panel B shows the correlation between the returns of the four time series at a
daily frequency.

Panel A: Summary Statistics of Indices and Lumber Futures Prices

DJHB LB Market GSCI Slope

Number of Obs 4,382 4,382 4,382 4,382 4,382
Mean 0.04% 0.02% 0.02% 0.03% 1.66%
Median 0.00% 0.00% 0.02% 0.00% 1.95%
Minimum -12.52% -18.49% -9.03% -8.78% -16.16%
Maximum 14.85% 19.24% 11.58% 6.76% 22.71%
St.Dev 2.11% 2.22% 1.06% 1.24% 4.88%

Panel B: Correlation among the Indices and Lumber Futures Returns

DJHB LB Market GSCI Slope

DJHB 1
LB 0.04 1
Market 0.59 0.06 1
GSCI -0.02 0.01 0.01 1
Slope 0.01 -0.07 -0.01 0.00 1
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that period. On average, the lumber futures curve is upward-sloping.

Size: Homebuilder market capitalization is used as a measure of home-

builder size.

BTM: The book-to-market ratio is defined as the ratio of the homebuilder’s

book value of equity to the market value of equity.

HPI: The percentage change in FHFA-HPI for each quarter is used to control

for market-level demand shocks.

Land: Homebuilder land inventories vary considerably from firm to firm.

Total land inventory for homebuilders ranges in value from $4.6 million to $7.2

billion with a mean of $4.1 billion for all homebuilders from 2003 to 2011 in our

dataset.

Price: As a measure of the market price of output, we use the unit price of

delivered homes, which averaged $321,600 per unit for 2003 Q1 through 2011

Q4, ranging from a minimum of $178,000 per unit to a maxi- mum of $739,000

per unit in this period.

Quantity: As a measure of quarterly production quantity, we use the total

number of delivered homes in the regression, which averaged 3173 units for

2003 Q1 through 2011 Q4, ranging from 6 units to 18,622 units per quarter.

Cost: Homebuilding companies usually report total expenses associated

with construction, sales, general administration, and financial charges. We use

total construction expenses to measure construction costs.

National: A dummy variable that equals 1 if the builder operates in more
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Table 3.4: Summary Statistics and Correlation Table of Factors Affecting Lumber
Exposures in the Cross-sectional Analysis

Panel A reports the summary statistics for the variables used in the cross-sectional re-
gressions. The slope of the lumber futures curve is defined as the difference between the
second-nearest-maturity lumber futures and the nearest-maturity lumber futures, nor-
malized by the nearest-maturity lumber futures price. Slope used in the cross-sectional
regressions is the average daily slope within the quarter. Size is the market capitaliza-
tion of a homebuilder at the end of the quarter. BTM is the ratio of the book value of
common equity to the market equity of a homebuilder at the end of the quarter. HPI
is the percentage change of the seasonally adjusted FHFA housing price index level.
Land is the value of land inventory held by a home-buider at the end of the quarter
($ million). Price is the unit price of delivered homes of a homebuilder ($ thousand).
Quantity is the number of homes delivered. Cost is the total expenses associated with
construction, sales, general administration, and financial charges ($ million). The na-
tional homebuilder dummy is equal to one if a homebuilder operates in more than
twelve states, which is the mean of the number of operating states in the sample.

Panel A: Summary Statistics of Factors Affecting Lumber Exposures

Variable Slope Size BTM HPI Land Price Quantity Cost National

Number of Obs. 562 562 562 562 562 562 562 562 562
Mean 0.04 2359.70 1.01 201.50 1356.50 321.60 3173.00 108.80 0.58
Median 0.04 1648.00 0.73 200.40 717.50 286.00 2171.00 79.50 1.00
Minimum -0.08 3.05 0.01 168.40 4.60 178.00 6.00 1.10 0.00
Maximum 0.11 11759.75 27.98 226.40 7233.50 739.00 18622.00 693.10 1.00
St.Dev 0.05 2398.91 1.56 17.20 1536.50 119.90 3272.40 105.10 0.49

Panel B: Correlation between Factors Affecting Lumber Exposures

Slope Size BTM HPI Land Price Quantity Cost National

Slope 1
Size -0.21 1
BTM 0.22 -0.22 1
HPI 0.23 0.11 0.18 1
Land -0.01 0.74 -0.07 0.23 1
Price -0.01 0.02 -0.10 0.20 -0.08 1
Quantity -0.20 0.83 -0.15 0.10 0.75 -0.26 1
Cost -0.11 0.82 -0.12 0.23 0.80 -0.15 0.91 1
National 0.03 0.54 -0.15 -0.05 0.44 -0.07 0.44 0.44 1

than 12 states. The average number of operating states in our sample is 12.

Since most housing development and home construction contractors are local

businesses, obtaining permits and licensing in other states represents significant

operating commitments to homebuilders. Therefore, we refer to builders who

have more than the average number of state licenses as “national builders”.
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3.4 Empirical Methodology and Results

Whether homebuilder performance is related to lumber prices depends on how

homebuilders deal with the production risk related to changes in the price of

lumber. If firms use futures to insure certain prices for their inputs and out-

puts, then their performance should not depend on price changes regarding

their inputs and outputs (Dusak (1973)). As Tufano (1998) has documented,

gold-mining firms tend to have varying exposures to gold prices depending on

their hedging models. Thus, it is worthwhile first to consider whether home-

builders hedge the prices of their inputs (lumber) and outputs (houses). Until

recently, there was no effective way to hedge against housing risks.6

In relation to corporate hedging activity on the input side, anecdotal evi-

dence indicates that very few builders, if any, hedge lumber prices using lum-

ber futures or options. To investigate the hedging behavior of input risks, we

have examined all recent annual reports of homebuilders by searching for the

keyword, “hedge”. With the exception of several builders discussing the use of

interest rate swaps to hedge their investments or holdings of mortgage-backed

securities, none of the firms’ annual reports mentioned hedging lumber price

risk or other production risks. Without hedging the price risks of both out-

puts and inputs, homebuilders have been implicitly relying on the naturally

offsetting effects–“production input” and “housing demand”–to attenuate their

lumber exposure. Higher lumber futures returns indicate higher construction

costs in the current period. In the meantime, higher lumber returns also reveal

6The trading of futures and options was launched by the Chicago Mercantile Exchange,
based on the CaseShiller housing index in 2006; trading volume, however, remains low. More-
over, as suggested in Bertus et al. (2008), it might be difficult for a builder to manage the housing
price risk with CME real estate futures, because the Case-Shiller index is based on repeat sales
and has little correlation with new home appreciation.
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that the market expects housing prices to increase. Previous empirical stud-

ies suggest that these two effects counterbalance each other most of the time.

As Rosenthal (1999) shows, the value of new buildings and construction costs

are co-integrated. Using a micro-data set from a large homebuilder, Somerville

(1996) also finds that unexpected variations in structure costs can generally be

passed onto consumers in the form of higher prices. However, the two effects do

not always counterbalance each other. For example, when a world commodity

price rally occurred during 2008 Q3 in conjunction with a slowdown in the US

housing market, the lumber beta was 1.6 (Casassus et al. (2013)). In such cases,

homebuilders are confronted with substantial lumber price risks. Examples of

homebuilders’ annual reports reveal that most managers of homebuilding firms

have realized the importance of the potential risks of lumber price fluctuations,

but none of them has mentioned the use of lumber futures to hedge the produc-

tion risks. Consider the following two examples:

The homebuilding business has from time to time experienced building material and

labor shortages ... as well as fluctuating lumber prices and supply. ... Significant

increase in costs ... could have a material adverse effect upon our sales, profitability,

stock performance, ability to service our debt obligations and future cash flows. –NVR

2008 Annual Report

Fluctuating lumber prices and shortages, as well as shortages or price fluctuations

in other building materials or commodities, can have an adverse effect on our business.

...The potential difficulties described above can. ...incur more cost to build our homes.

We may not be able to recover these increased costs by raising prices because of market

conditions and because the price of each home we sell is usually set several months before

the home is delivered, as our customers typically sign their home purchase contracts
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before construction begins.–K.B. Homes 2008 Annual Report

These two examples imply that it is appropriate when analyzing the effect

of lumber prices on homebuilders to assume that they do not hedge lumber

risks. As we indicated in our introduction, if the lumber returns curve signals

homebuilder housing demand, they must be able to predict future homebuilder

stock performance.

3.4.1 Aggregate Analysis of Homebuilder Stock Performance

We first investigate the effect of lumber futures on aggregate measures of the

home construction industry. We have chosen the DJHB as a proxy for the home

construction industry. Table 3.5 shows the results obtained from the step-wise

regressions of DJHB returns on various factors at daily, weekly, and monthly

frequencies in the form of the following equation:

DJHBt = β0 +βM Markett +βLBLBt +bGS CIGS CIt +βS lopeS lopet +βHPIHPIt + εt, (3.1)

where the dependent variable is the return on the DJHB index at time t. Markett

is the market return at time t, which is represented by the S&P 500 index return.

LBt represents the lumber futures return at time t. GS CIt represents the GSCI

index returns at time t. εt is the error term in the regression.

Panel A reports results from the contemporaneous regressions with returns

and measures of the control variables in the same time period. The results

indicate that market returns serve as a dominant factor in driving aggregate

homebuilder returns. The DJHB index has a market beta slightly greater than

1 (model A). For each 1% increase in market returns, the homebuilder index

117



Ta
bl

e
3.

5:
A

gg
re

ga
te

A
na

ly
si

s
of

th
e

H
om

eb
ui

ld
er

’s
Pe

rf
or

m
an

ce

Th
is

ta
bl

e
re

po
rt

s
th

e
ef

fe
ct

of
lu

m
be

r
re

tu
rn

(L
B)

an
d

th
e

sl
op

e
of

th
e

lu
m

be
r

fu
tu

re
s

cu
rv

e
(S

lo
pe

)o
n

D
ow

Jo
ne

s
U

.S
.S

el
ec

tH
om

e
Bu

ild
er

In
de

x
re

tu
rn

s
(D

JH
B)

fo
r

th
e

pe
ri

od
of

19
92

-2
00

7
af

te
r

co
nt

ro
lli

ng
fo

r
th

e
m

ar
ke

tr
et

ur
ns

an
d

co
m

m
od

it
y

re
tu

rn
s.

Th
e

D
JH

B
m

ea
su

re
s

th
e

pe
rf

or
m

an
ce

of
th

e
U

.S
.h

om
e

co
ns

tr
uc

ti
on

se
ct

or
.

Th
e

co
m

po
ne

nt
s

of
th

is
in

de
x

ar
e

bu
ild

er
s

of
re

si
de

nt
ia

l
ho

m
es

,
in

cl
ud

in
g

m
an

uf
ac

tu
re

rs
of

m
ob

ile
an

d
pr

e-
fa

br
ic

at
ed

ho
m

es
.

M
ar

ke
tr

et
ur

ns
is

th
e

S&
P

50
0

in
de

x
re

tu
rn

s.
Lu

m
be

r
re

tu
rn

s
(L

B)
is

lu
m

be
rf

ut
ur

es
re

tu
rn

s
w

it
h

th
e

ne
ar

es
tm

at
ur

it
y.

C
om

m
od

it
y

re
tu

rn
s

(G
SC

I)
is

ca
lc

ul
at

ed
fr

om
th

e
S&

P
G

ol
dm

an
Sa

ch
s

C
om

m
od

it
y

In
de

x,
a

co
m

po
si

te
in

de
x

of
th

e
co

m
m

od
it

y
se

ct
or

.
C

om
po

ne
nt

s
of

th
is

in
de

x
ar

e
se

le
ct

ed
on

th
e

ba
si

s
of

liq
ui

di
ty

an
d

w
ei

gh
te

d
by

th
ei

r
re

sp
ec

ti
ve

w
or

ld
pr

od
uc

ti
on

qu
an

ti
ti

es
.

Lu
m

be
r

co
m

m
od

it
y

is
no

ta
co

m
po

ne
nt

of
th

is
in

de
x.

Th
e

re
su

lt
s

in
co

lu
m

ns
A

,B
,C

,
an

d
D

ar
e

ca
lc

ul
at

ed
us

in
g

da
ily

re
tu

rn
s

on
th

e
va

ri
ab

le
s,

w
it

h
on

e
ad

di
ti

on
al

ex
pl

an
at

or
y

va
ri

ab
le

fo
r

ea
ch

m
od

el
sp

ec
ifi

ca
ti

on
.T

he
sl

op
e

of
th

e
lu

m
be

r
fu

tu
re

s
cu

rv
e

is
de

fin
ed

as
th

e
di

ff
er

en
ce

be
tw

ee
n

th
e

se
co

nd
-n

ea
re

st
-m

at
ur

it
y

lu
m

be
r

fu
tu

re
s

an
d

th
e

ne
ar

es
t-

m
at

ur
it

y
lu

m
be

r
fu

tu
re

s,
no

rm
al

iz
ed

by
th

e
ne

ar
es

t-
m

at
ur

it
y

lu
m

be
r

fu
tu

re
s

pr
ic

e.
Th

e
sl

op
e

fo
r

a
pe

ri
od

lo
ng

er
th

an
on

e
da

y
is

th
e

av
er

ag
e

of
th

e
da

ily
sl

op
e

w
it

hi
n

th
e

pe
ri

od
.

Th
e

re
su

lt
s

in
co

lu
m

ns
E

an
d

F
ar

e
ca

lc
ul

at
ed

fo
r

th
e

m
od

el
w

it
h

al
li

nd
ep

en
de

nt
va

ri
ab

le
s

us
in

g
w

ee
kl

y
re

tu
rn

s
an

d
m

on
th

ly
re

tu
rn

s,
re

sp
ec

ti
ve

ly
.C

ol
um

n
G

us
ed

m
on

th
ly

re
tu

rn
s

of
th

e
se

as
on

al
ly

ad
ju

st
ed

FH
FA

ho
us

in
g

pr
ic

e
in

de
x

(H
PI

)
as

an
ad

dt
io

na
l

co
ns

tr
ol

.
Pa

ne
l

A
re

po
rt

s
th

e
co

nt
em

po
ra

ne
ou

s
ef

fe
ct

of
lu

m
be

r
re

tu
rn

s
an

d
sl

op
e

on
D

JH
B.

T
he

re
gr

es
si

on
eq

ua
ti

on
in

co
lu

m
n

G
is

gi
ve

n
as

fo
llo

w
s:

D
JH

B
t

=
β

0
+
β

M
M

ar
ke

t t
+
β

LB
LB

t
+

b G
S

C
IG

S
C

I t
+
β

S
lo

pe
S

lo
pe

t
+

β
H

P
IH

P
I t

+
ε t

.P
an

el
B

re
po

rt
s

th
e

pr
ed

ic
ti

ve
re

gr
es

si
on

re
su

lt
s

of
th

e
sa

m
e

m
od

el
s

an
d

da
ta

pe
ri

od
as

in
th

e
Pa

ne
lA

.T
he

pr
ed

ic
ti

ve
re

gr
es

si
on

s
di

ff
er

fr
om

th
e

pr
ev

io
us

co
nt

em
po

ra
ne

ou
s

re
gr

es
si

on
s

in
th

at
th

ey
us

e
lu

m
be

r
re

tu
rn

s
an

d
sl

op
e

in
fo

rm
at

io
n

in
th

e
pr

ev
io

us
pe

ri
od

,
in

st
ea

d
of

th
os

e
in

th
e

sa
m

e
pe

ri
od

as
D

JH
B

re
tu

rn
s.

Th
e

re
gr

es
si

on
eq

ua
ti

on
in

co
lu

m
n

G
is

gi
ve

n
as

fo
llo

w
s:

D
JH

B
t

=
β

0
+
β

M
M

ar
ke

t t
+
β

LB
LB

t−
1

+
b G

S
C

IG
S

C
I t

+
β

S
lo

pe
S

lo
pe

t−
1

+
β

H
P

IH
P

I t
+
ε t

.
St

an
da

rd
er

ro
rs

ar
e

re
po

rt
ed

in
pa

re
nt

he
se

s
an

d
co

ef
fic

ie
nt

s
w

it
h

**
*,

**
,a

nd
*

ar
e

st
at

is
ti

ca
lly

si
gn

ifi
ca

nt
at

th
e

1%
,5

%
,a

nd
10

%
le

ve
ls

,r
es

pe
ct

iv
el

y.

118



Pa
ne

lA
:C

on
te

m
po

ra
ne

ou
s

R
eg

re
ss

io
ns

In
de

pe
nd

en
tV

ar
ia

bl
es

(A
)

(B
)

(C
)

(D
)

(E
)

(F
)

(G
)

D
ai

ly
D

ai
ly

D
ai

ly
D

ai
ly

W
ee

kl
y

M
on

th
ly

M
on

th
ly

M
ar

ke
t

1.
08

7
**

*
1.

08
4

**
*

1.
08

5
**

*
1.

08
4

**
*

1.
19

6
**

*
1.

09
9

**
*

1.
12

2
**

*
(0

.0
25

)
(0

.0
25

)
(0

.0
25

)
(0

.0
25

)
(0

.0
61

)
(0

.1
32

)
(0

.1
26

)
LB

0.
02

0
*

0.
02

0
*

0.
02

2
*

0.
02

0
0.

06
7

0.
08

2
*

(0
.0

11
)

(0
.0

11
)

(0
.0

11
)

(0
.0

25
)

(0
.0

50
)

(0
.0

48
)

G
SC

I
0.

01
2

0.
01

3
-0

.0
48

-0
.0

05
-0

.0
20

(0
.0

21
)

(0
.0

21
)

(0
.0

48
)

(0
.1

00
)

(0
.0

96
)

Sl
op

e
0.

01
1

**
0.

04
7

*
0.

20
6

*
0.

29
9

**
*

(0
.0

05
)

(0
.0

27
)

(0
.1

17
)

(0
.1

14
)

H
PI

6.
77

4
**

*
(1

.5
05

)
In

te
rc

ep
t

0.
00

0
0.

00
0

-0
.0

00
-0

.0
00

-0
.0

00
-0

.0
01

-0
.0

30
**

*
(0

.0
00

)
(0

.0
00

)
(0

.0
00

)
(0

.0
00

)
(0

.0
01

)
(0

.0
05

)
(0

.0
08

)
A

dj
.R

-S
qu

ar
ed

0.
31

1
0.

31
2

0.
31

2
0.

31
2

0.
31

9
0.

26
1

0.
32

5
N

um
be

r
of

O
bs

.
41

73
41

73
41

73
41

73
83

4
20

8
20

8

Pa
ne

lB
:P

re
di

ct
iv

e
R

eg
re

ss
io

ns

In
de

pe
nd

en
tV

ar
ia

bl
es

(A
)

(B
)

(C
)

(D
)

(E
)

(F
)

(G
)

D
ai

ly
D

ai
ly

D
ai

ly
D

ai
ly

W
ee

kl
y

M
on

th
ly

M
on

th
ly

M
ar

ke
t

1.
08

7
**

*
1.

08
7

**
*

1.
08

7
**

*
1.

08
7

**
*

1.
19

8
**

*
1.

12
4

**
*

1.
15

5
**

*
(0

.0
25

)
(0

.0
25

)
(0

.0
25

)
(0

.0
25

)
(0

.0
61

)
(0

.1
32

)
(0

.1
26

)
LB

0.
00

4
0.

00
4

0.
00

5
0.

01
2

0.
01

5
0.

03
1

(0
.0

11
)

(0
.0

11
)

(0
.0

11
)

(0
.0

25
)

(0
.0

49
)

(0
.0

47
)

G
SC

I
0.

01
3

0.
01

3
-0

.0
49

-0
.0

08
-0

.0
21

(0
.0

21
)

(0
.0

21
)

(0
.0

48
)

(0
.1

01
)

(0
.0

97
)

Sl
op

e
0.

01
0

*
0.

05
4

*
0.

15
9

0.
27

1
**

(0
.0

05
)

(0
.0

28
)

(0
.1

21
)

(0
.1

19
)

H
PI

6.
79

8
**

*
(1

.5
23

)
In

te
rc

ep
t

0.
00

0
0.

00
0

0.
00

0
-0

.0
00

-0
.0

00
-0

.0
01

-0
.0

30
**

*
(0

.0
00

)
(0

.0
00

)
(0

.0
00

)
(0

.0
00

)
(0

.0
01

)
(0

.0
05

)
(0

.0
08

)
A

dj
.R

-S
qu

ar
ed

0.
31

1
0.

31
1

0.
31

1
0.

31
2

0.
31

9
0.

25
5

0.
31

8
N

um
be

r
of

O
bs

.
41

73
41

73
41

73
41

73
83

4
20

8
20

8

119



returns increase 1.1%. Model B adds lumber futures returns. Our hypothesis re-

garding the exposure of DJHB returns on lumber is as follows: if supply shocks

are the dominant force in determining lumber returns, then the exposure of the

DJHB to lumber returns βLB should be negative. However, if housing demand

shocks are the dominant influence on lumber returns, βLB should be positive.

In model B, the lumber beta is small but significantly positive, which indicates

that housing demand shocks are the primary determinant of lumber returns

in the sample period we analyze. This result confirms previous studies which

find that, when homebuilder returns and changes in production input factor

prices are co-integrated, current housing demand will bid up the factor price.

This positive builder-lumber relationship remains the same even if we control

for market-level movements of the commodity with the GSCI (model C). This

suggests that current lumber returns contain information on housing demand

shocks.

Since lumber futures contracts with varying maturities are traded in the mar-

ket, we continue to examine whether the lumber futures curve contains infor-

mation about housing demand shocks that is not incorporated in the current

lumber price. We construct the slope of the lumber futures curve and include it

in model D. The lumber slope is defined as the percentage difference between

two futures prices with the nearest maturity (1 month) and the second-nearest

maturity (3 months) normalized by the nearest futures price. Intuitively, a posi-

tive lumber return suggests an increase in current lumber demand, which indi-

cates that construction activity in the current period is higher than in the previ-

ous period. The homebuilding industry is likely to experience growth in such a

period. Likewise, an upward sloping futures curve indicates that the market ex-

pects construction activity to increase in the future rather than that there will be
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a temporary lumber supply shortage. The daily (model D), weekly (model E),

and monthly (model F) regressions shown in Panel A of Table 3.5 indicate that

the lumber slope is an important factor influencing homebuilder returns. The

results show that an upward-sloping lumber futures curve is associated with

positive homebuilder index returns.

To check whether the housing demand effect is captured in the HPI, we in-

clude FHFA-HPI returns as an additional control for current housing demand

shocks (model G).7 Results indicate that HPI is the most important factor af-

fecting builder stock returns: a 1% increase in HPI returns is associated with

a more than 6% increase in the builder index return. However, HPI is not a

summary statistic and the lumber futures curve still contains extra information

on housing demand. To examine whether the additional information from the

lumber futures curve can predict homebuilder returns, we perform additional

predictive regressions.

Panel B of Table 3.5 shows the results developed from step-wise predictive

regressions with model identifications that are similar to those in Panel A. The

only difference in the regression setup is that we use a one-period lag measure

of LB and Slope as the independent variables. The predictive regression results

indicate that the lumber slope is significantly positively associated with home-

builder returns, even after controlling for the HPI. However, the coefficient on

lumber returns is no longer significant.

The overall results provided in Table 3.5 suggest that DJHB returns are pos-

itively and significantly related to stock market returns, HPI returns, and the

lumber slope. After controlling for HPI, market-level shocks to the stock mar-

7HPI data is available only at monthly and quarterly levels.
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ket, and the commodity market, a one-percent increase in the lumber futures

slope is related to a 0.30% increase in DJHB returns and predicts a 0.27% in-

crease in DJHB returns next month. The result is consistent with the hypothesis

that the slope of the lumber futures curve contains extra information on ex-

pected future housing demand in addition to information on current housing

demand shocks.

3.4.2 Cross-Sectional Analysis of Homebuilder Exposure to

Lumber

In addition to the effect on the aggregate homebuilder index (DJHB), the effect

of lumber futures prices on homebuilder performance is likely to differ across

market condition and homebuilding firms. To gain more insight on the effect

of lumber futures prices on homebuilders’ performance, we perform a cross-

sectional analysis of homebuilder exposure to lumber across firms.

To estimate cross-sectional variation quantitatively, we adopt a multivariate

test for the potential determinants of the homebuilder’s lumber exposure with

a two-stage approach.8 In the first stage, we estimate a firm-specific quarterly

lumber beta in the following two-factor market model using daily data for each

firm i and each quarter q.

Ri,t = α + βM,iMarkett + βLB,iLBt + εt, (3.2)

where Ri,t is the daily return on stock i at time t and Markett and LBt are returns

on the S&P 500 index and on the lumber futures price with nearest maturity,
8The two stage approach has been used in studying foreign exchange exposures (Jorion

(1990)), interest rate exposures (Flannery and James (1984)), and commodity prices exposures
(Strong (1991); Tufano (1998)).
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respectively. For each firm, the estimated coefficients βM,i and βLB,i measure the

sensitivities of firm i’s stock returns to market returns and lumber returns, re-

spectively. After obtaining the lumber betas, we estimate the following pooled

OLS regression as the second stage analysis:

βLB,i,q = α +

N∑
j=1

b j,i,qX j,i,q + εt, (3.3)

where X j,i,q represents the jth factor for firm i at quarter q; β j,i,q is the correspond-

ing coefficient estimate.

From the first stage beta estimation, we can potentially obtain 2183 lumber

betas. However, SNL provides detailed information on homebuilder operation

beginning in 2003 Q1.Therefore, 1427 observations are completely eliminated.

After further dropping observations with missing variables, our final sample of

observations is reduced, finally, to 562 firm-quarter observations.

The estimates of the multi-variable OLS model (Eq. 3.3), which examines

the determinants of lumber risk exposure, are reported in Table 3.6. To eval-

uate the sensitivity of the estimated coefficients, four alternative specifications

are estimated. Model I in Table 3.6 considers the lumber futures curve signal–

Slope, market condition (i.e., Market, and HPI), and firm financial characteristics

(i.e., Size, BTM) in the specification. Market and HPI control for overall stock

market return and housing market demand, while Size (the natural logarithm

of the homebuilder market cap) and BTM (the ratio of common equity to mar-

ket equity) control for variations in homebuilder characteristics. The estimated

coefficient on Slope is positive and statistically significant at the 5% level; while

the coefficient on HPI is positive and significant at the 1% level. The results

indicate that, on average, a positive housing market shock will increase home-

builder risk exposure to lumber. The slope of the lumber futures curve contains
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additional information signaling future housing demand.

The estimates reported for model II specification add a Land variable, which

is the natural logarithm of the value of total land inventory hold by the home-

builder. The coefficient on Land is positive and significant at the 5% level, in-

dicating that builders who hold more land inventory have more positive betas

than do those who specialize only in transforming materials into physical build-

ings.

Model specification III in Table 3.6 includes additional home construction

activity variables (i.e., Price, Quantity, and Cost) motivated by Tufano (1998)’s

fixed-production model without hedging. After controlling for market-level

housing demand shocks with FHFA-HPI returns and the slope of the lumber

futures curve, housing demand at the individual firm level with unit price and

quantity of construction as proxies is not significant for explaining the lum-

ber beta. The coefficients on the previous variables remain the same qualita-

tively. Finally, in model IV, we include the national builder dummy to indicate

whether the builder operates nationally. National homebuilders presumably

should have lower lumber betas than local homebuilders due to economies

of scale in lumber inventory and management. Results in model IV indicate

that after, controlling for the size of the homebuilder, the national homebuilder

dummy is negative but statistically insignificant.

The coefficient on the slope is positive, consistent, and robust across all four

model specifications. The results indicate that the term structure of lumber fu-

tures is an important determinant of the exposure in the homebuilder industry

to the price of lumber. Moreover, the lumber beta is significantly positively

related to the percentage change in the FHFA-HPI and market returns. This
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Table 3.6: Cross-sectional Analysis of Homebuilder’s Exposure to Lumber

The cross-sectional regression results for the factors affecting lumber exposures are re-
ported in the following table. The dependent variable for all four models is the lum-
ber beta, which is estimated from a two-factor market model for each firm-quarter be-
tween 2003 and 2011. The slope of the lumber futures curve is defined as the difference
between the second-nearest-maturity lumber futures and the nearest-maturity lumber
futures, normalized by the nearest-maturity lumber futures price. Slope used in the
regressions is the average daily slope within the quarter. Size is the natural logarithm
of a homebuilder’s market capitalization at the end of the quarter. BTM is the ratio of
common equity to market equity of a homebuilder at the end of the quarter. HPI is the
percentage change in the seasonally adjusted FHFA housing price index level within
the quarter. Market is the S&P 500 index returns during the quarter. Land is the natural
logarithm of the value of total land inventory hold by a homebuider at the end of the
quarter. Price is the natural logarithm of the unit price of delivered homes of a home-
builder. Quantity is the natural logarithm of the number of homes delivered. Cost is
the natural logarithm of total expenses associated with construction, sales, general ad-
ministration, and financial charges. National is a dummy equal to one if a homebuilder
operates in more than twelve states, which is the mean of the number of operating states
in the sample. Standard errors are reported in parentheses and coefficients with ***, **,
and * are statistically significant at the 1%, 5%, and 10% levels, respectively.

Model I Model II Model III Model IV

Slope 0.651 ** 0.644 ** 0.650 ** 0.654 **
(0.268) (0.268) (0.268) (0.269)

Size -0.010 -0.024 ** -0.011 -0.010
(0.007) (0.010) (0.017) (0.018)

BTM -0.010 -0.015 ** -0.012 -0.011
(0.007) (0.007) (0.007) (0.007)

HPI 4.069 *** 4.177 *** 4.097 *** 4.078 ***
(0.722) (0.722) (0.740) (0.746)

Market 0.277 ** 0.293 ** 0.284 ** 0.282 **
(0.124) (0.124) (0.126) (0.126)

Land 0.022 ** 0.033 ** 0.033 **
(0.011) (0.013) (0.013)

Price 0.038 0.037
(0.041) (0.041)

Quantity 0.003 0.003
(0.027) (0.027)

Cost -0.030 -0.030
(0.030) (0.030)

National -0.005
(0.024)

Intercept 0.038 -0.151 -0.301 -0.303
(0.053) (0.108) (0.246) (0.246)

Adj. R-Squared 0.079 0.084 0.087 0.086
Number of Obs. 562 562 562 562
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suggests that the lumber beta tends to be negative when there is a negative

housing demand shock or during economic downturns. This result suggests

that hedging lumber price risk with futures contracts might be beneficial for

homebuilders especially when they face significant downside risk in the hous-

ing market.

3.5 Conclusion

In this paper, we have examined the effect of lumber price changes on US home-

builders, and the determinants of the magnitude of this effect. On the one hand,

as a major component of housing construction input, an exogenous negative

shock to lumber production will lead to an increase in lumber prices or a pos-

itive change in the slope of the lumber futures curve. This in turn results in

an increase in construction costs. Homebuilders are likely to experience declin-

ing profits. On the other hand, since demand for lumber as a production input

is derived from housing demand, an increase in lumber prices, or a positive

slope of the lumber futures curve indicates an upward trend in future housing

demand, which will improve homebuilder stock performance. The net effect

of lumber price risk depends therefore on which of the two above mentioned

forces dominates the relationship. Utilizing time series of lumber futures prices

and DJHB returns, we find that the housing demand effect is a dominant factor

for the homebuilding industry. Taking into consideration firm characteristics

across time, we find that homebuilder sensitivity to lumber price movements

depends on the slope of the lumber futures curve, percentage change in the

HPI, and firm-held land inventory.
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Our study has several implications both academic and practical. First, the

lumber futures curve contains additional information on future housing de-

mand, even after controlling for FHFA-HPI returns. Moreover, exposure to lum-

ber prices varies across different firms and time. The slope of the futures curve

can be used to predict homebuilder stock performance in the next period. Fur-

thermore, since the lumber beta is positively related to FHFA-HPI returns and

market returns, the exposure of homebuilder returns to lumber returns tends

to be negative during a slowdown in the housing market or a downturn of the

entire stock market. Even though hedging lumber risk at the corporate level

has not been a common practice in the home construction industry, our results

suggest that the industry should re-consider the question whether “to hedge or

not to hedge”.
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APPENDIX A

CHAPTER 1 OF APPENDIX

A.1 The Case of Zhejiang Dongri

In this appendix, we present another typical case of bubble-creating attack, the

case of Zhejiang Dongri (ZJDR), a real estate firm incorporated in Wenzhou,

China. The firm has 78 million shares (5.17%) of Bank of Wenzhou, a small local

bank in Wenzhou. The total value of this holding is low compared to the market

capital of ZJDR. As of March 28 2012, ZJDR’s market capital is 1.74 billion RMB.

However, estimated at 4.11 RMB per share, the total value of ZJDR’s holding of

Bank of Wenzhou is only 0.32 billion RMB. (The per share value of 4.11 RMB

comes from the transaction price in an auction of Bank of Wenzhou in June

2012.)

On March 28, 2012, Chinese State Council assigned the city of Wenzhou to

the status of a “Comprehensive Pilot Financial Reform Zone”. As one of the

large shareholders of Bank of Wenzhou, ZJDR fits the “Financial Liberalization

Concept”. Therefore, when the news reached the market, it drew collective at-

tention of investors to speculate on ZJDR.

Right after the policy announcement, ZJDR’s stock price rises from 6.60 RMB

to 17.41 RMB at the end of April, a 160% monthly return, which is equivalent to

3.4 billion RMB increase in value. The average daily turnover is 16% during this

period. In comparison, the A-share market had a monthly return of 7% and the

average trading volume as a fraction of total market value is 2.3% during April

2012. Figure A.1 presents the price and trading volume (as a percentage of total
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Figure A.1: Price and Trading Volume of ZJDR around the Policy Announce-
ment
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outstanding share value) of ZJDR in April 2012.

The month long roar of price and trading volume drew attention from the

China Securities Regulatory Commission (CSRC), which is the securities author-

ity in China playing a similar role as the Securities and Exchange Commission

(SEC) in the U.S. CSRC halted ZJDR’s trading for three days at the end of April

and requested the board of ZJDR to announce any information that might cause

the abnormal trading activities of the stock. The board of ZJDR issued a state-

ment on the last trading day of April 2012, clarifying that there is no undisclosed

information. Specifically, the management team has no plan to undertake major

actions in the foreseeable future that will affect firm value, such as asset reorga-

nization, secondary equity offering, or merger and acquisition.
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The price and trading volume slided down after the board’s clarification.

ZJDR closes at 11.62 RMB as of June 29, 2012. In other words, those who bought

ZJDR at the end of April and held on to the stock suffer a loss of 33% in two

months.

A.2 Solution of the Model

Condition for the Existence of An Attack Equilibrium

[F(P2) − F(P1)]θΦ + nc
P1

= β(P1 − P0) is the equilibrium condition at period 2 and

nc = P1[(1 − θ) + θF(P1)]Φ is the equilibrium condition at period 1. Therefore,

[F(P2) − F(P1)]θΦ + [(1 − θ) + θF(P1)]Φ = β(P1 − P0) at period 2, and we have

P2 = F−1( 1
θ
[ β

Φ
(P1 − V) − (1 − θ)])

The parameter values for the existence of an attack equilibrium is P∗2 > P∗1.

That is,

F−1(
1
θ

[
β

Φ
(P∗1 − V) − (1 − θ)]) > P∗1,

where P∗1 is the solution to nc = P1[(1 − θ) + θF(P1)]Φ.

Illustration of Hypothesis 2

Let the purchase cost for loss aversion investors of two stocks, a and b, follow

uniform distributions with cumulative distribution functions Fa(P) =
P − V
Pa − V

and Fb(P) =
P − V
Pb − V

, respectively. Pa > Pb. That is, loss aversion investors
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holding stock a have higher average purchase cost than the ones holding stock

b.

At period 1, for both Pa
1 and Pb

1 to satisfy nc = P1[(1 − θ) + θF(P1)]Φ, Pa
1 > Pb

1.

At period 2, for attack to be an equilibrium, P2 > P1 has to hold. Thus,

P2 − V = [β(P1 − V) − (1 − θ)Φ]
Pa − V
θΦ

> P1 − V.

If attack is an equilibrium for stock b, then [β −
θΦ

Pb − V
](Pb

1 − V) > (1 − θ)Φ. Since

Pa
1 > Pb

1 and Pa > Pb, [β−
θΦ

Pa − V
](Pa

1 −V) > (1− θ)Φ is satisfied. Therefore, attack

is also an equilibrium for stock a.

The previous derivation shows that, given the same level of attention trig-

gered by the event (n) and the amount of capital held by each speculator (c), the

parameter range in which an attack equilibrium exists for stock a contains that

of the parameter range for stock b. (Stocks with high average purchase cost of

loss aversion investors are more likely to be attacked.)
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APPENDIX B

CHAPTER 2 OF APPENDIX

B.1 List of Variables

BM is defined as book value of stockholders’ equity + deferred tax asset de-

ferred tax liability, following Fama and French (1993).

Size is the natural logarithm of firm market capitalization at the end of the pre-

vious month.

Log(BM) is the natural log of book-to-market ratio.

Beta is calculated from past years’ daily returns

MOM is momentum which is defined as the cumulative return from month t-12

to t-2.

REV is the short term reversal measure which is the lagged monthly return.

Turnover is the monthly turnover in the last month.

ILLIQ is the Amihud illiquidity measure from last year.

TVol is the total volatility of a stock in a month, which is defined as the standard

deviation of daily return within that month.

Skewness is the skewness of daily returns in the last month.

Max is the maximum daily return within a month.

Min is the negative of the minimum daily return within a month.
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