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Abstract

This paper studies the elects of the temporary short-selling ban on US bnancial
stocks in 2008 by overcoming a key problem in earlier empirical works of having
to use non-Pnancial stocks as a control group since almost all bnancial stocks were
banned. Alternatively, | use as a control group a synthetic portfolio of non-banned
Pnancial stocks constructed from the Pnance segments of large industrial companies
that were not banned. This control group shares all the properties of the Pnancial
stocks without the ban. With this control group, | Pnd that the ban leads to over-
valuation of banned stocks that is highest at the beginning of the ban and steadily
converges to zero at the end of the ban. To understand this dynamic, | solve the
model of Scheinkman and Xiong (2003) in a Pnite trading horizon with zero trading
cost. The speculative bubble caused by the ban becomes dynamic and satisbes a
partial di'erential equation (PDE) involving time. The closed form solution of this
PDE has the same behavior as found in the empirical bnding. Other implications of
the model are also discussed and tested.
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1 Introduction

On September 19, 2008, the U.S. Securities and Exchange Commission (SEC) surprised the
market by issuing an emergency order to temporarily ban short-selling of almost all Pnancial
stocks. The government presumably did this because they believed that a ban could
support the current price of Pnancial stocks. Over the past decade, an active literature has
argued that short-selling constraints lead to overpricing because pessimistic investors sit
out of the market. Miller (1977) points out this idea; Harrison and Kreps (1978) prove this

in a discrete time model; and Scheinkman and Xiong (2003) show this in a continuous-time
model.

However, recent empirical research on this short-selling ban bPnds mixed results. Harris
et al. (2013) and Autore et al. (2011) bnd this short-selling ban resulted in signibcant
overpricing. Boehmer et al. (2013) and Battalio et al. (2012), in contrast, bnd little
concrete evidence that the ban led to a temporary upward bump in pricésThese studies
Pnd conficting evidence because they use dilerent benchmarks to evaluate the abnormal
return of the banned stocks.

More importantly, none of their benchmarks exclude the dilerence of Pnancial and
non-Pnancial stocks. To clarify, they do not compare the banned Pnancial stocks with the
non-banned Pnancial stocks (Group 1 and Group 2 in Table 1); they compare the banned
Pnancial stocks with the non-banned non-Pnancial stocks (Group 1 and Group 3). To
be specibc, Boehmer et al. (2013) use matcRetbn-banned stocks as the control group,
where all the matched stocks are non-bPnancial. Harris et al. (2013) and Battalio et al.
(2012) compare the return of banned stocks with an index extracted from all the non-
banned stocks, the vast majority of which are non-bPnancial. Beber and Pagano (2011) try

both of these methods. Based on the Fama and French (1993) three-factor model, Autore

1See Section 2 for a detailed summary of the methodologies and findings of these previous studies.

2For each stock subject to the ban, Boehmer et al. (2013) choose a non-banned stock that is listed
on the same exchange, has the same options listing status and the smallest distance, as measured by the
absolute value of the proportional market-cap difference plus the absolute value of the proportional dollar
trading volume difference.



et al. (2011) calculate the abnormal return for banned stocks relative to the entire market,
where bnancial stocks only account for a small proportion. Thus, their benchmarks are
almost all non-banned non-Pnancial stocks.

[Table 1]

Using the improper benchmark of non-banned non-pPnancial stocks, the ban seems have
a signibcant and permanent elect. The cumulative return of banned and non-banned
stocks diverges at the beginning of the ban and the di'lerence continues after the ban in
the following graph.

[Figure 1]

However, the conclusion drawn from this comparison can be misleading because the
fundamental of Pnancial stocks could be quite di'erent from the fundamental of non-
Pnancial stocks during the 2008 bnancial crisis. On one hand, both the short-selling ban
and the concomitant TARP (Troubled Asset Relief Program that targeted on all Pnancial
companies) could cause overpricing for the banned Pnancial stocks. Even if overpricing
is observed, no concrete conclusion can be drawn without bxing the treated and control
groups as Pnancial stocks. On the other hand, the negative elect of the bad fundamental
news of bPnancial stocks and the positive elect of the short-selling ban may be canceled.
Thus, even though some researchers report little overpricing elect for the banned Pnancial
stocks, it is not su“cient to show that the ban is inelective. Beber and Pagano (2011)
summarized this drawback of the literature as leaving only Pnancial stocks in the treated
group and only non-Pnancial stocks in the control group.

However, comparing banned and non-banned Pnancial stocks is di"cult because there
were few Pnancial stocks not subject to the ban. Battalio et al. (2012) mentioned, OSince
almost all Pnancial stocks were targeted by the ban, it is di"cult (if not impossible) to
Pnd an appropriate benchmark against which to evaluate their returns.O

To bPnd a proper benchmark for evaluating the return of banned Pnancial stocks, |

use companiesO business segment data to decompose stock returns and bnd the factor



return of non-banned Pnancial stocks. This benchmark shares all the properties of Pnancial
stocks without the ban. When establishing the short-selling ban, the SEC identibed banks,
insurance companies, and securities Prms by a group of 31 target Standard Industrial
Classibcation (SIC) coded.A SIC code is a four digit number identifying the business type

of a given company. Stocks of companies with SIC codes in the target group were banned
from short-selling? There were also non-Pnancial companies with part of its business in the
Pnancial sector. Since their company-level SIC codes did not belong to the target group,
they were not included on the list of banned stocks by SEC. However, using one companyOs
business segment data, we can know the business-level SIC code and the proportion for
each segment of its business. Then, we can bPnd a Pnancial but non-banned segment inside
this stock. By extracting and aggregating the returns of this kind of non-banned Pnancial
segments, an appropriate benchmark can be formed to evaluate the returns of banned
Pnancial stocks. As an example, two stocksO information is presented in Table 2. Group
1 is banned because 100% of its business is Pnancial. Group 2 is not banned because its
principal business is non-Pnancial, but it has 34.82% of its business that is Pnancial.

[Table 2]

Using this proper benchmark of non-banned Pnancial stocks, a signibcant, dynamic but
temporary elect of the ban is found. There is signiPcant overpricing for the banned stocks
at the beginning of the ban, while this elect shrinks and disappears at the end of the ban.

[Figure 2]

To model the temporary elect of the ban, a continuous time stock pricing model is
developed in which investors have heterogeneous beliefs and short-selling is banned during
a bnite period. | use the same information structure as in the model of Scheinkman and

Xiong (2003). There is only one stock traded in continuous time. The stockOs fundamental

3 According to the SEC (2008), these SIC codes are 6000, 6011, 6020, 6021, 6022, 6025, 6030, 6035,
6036, 6111, 6140, 6144, 6200, 6210, 6211, 6231, 6282, 6305, 6310, 6311, 6320, 6321, 6324, 6330, 6331, 6350,
6351, 6360, 6361, 6712, 6719

4Some stocks with SIC codes not in the target group were also banned by stock exchanges afterward.
This will be discussed in section 3.3.



moves according to a mean-reverting process. Investors cannot observe the fundamental
directly but can observe three processes driven by it: the dividend process and two signal
processes. Investors optimally Plter the information of the three processes to get their
best estimation of the fundamental. However, investors are divided into two groups. Each
group overestimates the precision of one of the signal processes. Thus they get dilerent
estimates of the fundamental. Overconbdence generates heterogeneous beliefs.

ItOs assumed that the investors are risk-neutral and there is a limited supply of the stock.
If there is only one group of competing investors, the stock price will be the investorsO
expected discounted future dividends until the end of the trading. Investors form their
expectation of future dividends based on their current beliefs of the fundamental. When
there are two groups of investors with dilerent beliefs, the short-selling ban makes the
optimistic group hold all the shares of the stock. If the current pessimistic investors
become optimistic in the future, they will buy the stock from the current owners. Being
aware of this resale option, current owners value the stock for a certain amount more than
their expected future dividends. This is the speculative bubble caused by the short-selling
ban.

Unlike Scheinkman and Xiong (2003), a bnite duration of the ban is assumed. Then
the size of the bubble becomes dynamic and the remaining time to the end of the ban
becomes crucial. By assuming zero trading cost, a partial dilerential equation (PDE)
for the dynamic bubble is derived. Using a Laplace transform and Kummer functions, a
closed form solution for the bubble is obtained. Then the bubble is averaged based on the
stationary distribution of the process of the dilerence of beliefs. It is also analyzed that
how economic parameters infuence the magnitude and shape of the bubble. It is shown
that the temporary ban leads to over-valuation that is highest at the beginning of the ban
and steadily converges to zero at the end of the ban.

The predictions of the model and the results of the empirical analysis match well: there

is signibcant overpricing for the banned stocks at the beginning of the ban, while this elect



shrinks and disappears at the end of the ban. The model can also predict the initial bubble
size precisely for other countries where the interest rates and the lengths of the ban are
dilerent. Similar to Hong and Sraer (2012), the model predicts higher overpricing for high
beta stocks. This is also veribed by the empirical analysis.

Section 2 summarizes related literature. Section 3 shows the method to determine the
business segment proportion (the Pnancial factor) and the process to prepare data. A
statistical model is built to compare the return of banned and non-banned Pnancial stocks.
Section 4 presents a continuous-time model of a temporary short-selling ban and proves
the theorem of shrinking bubble. More implications of the model are discussed and tested

in Section 5.

2 Literature Review

Assuming heterogeneous beliefs among investors, Miller (1977) points out that short-selling
constraints will result in overvaluation. If there are no short-selling constraints, the equilib-
rium price will stay between the valuations of optimistic and pessimistic investors. While
pessimistic investors cannot short, optimistic investors will dominate the market and drive
the equilibrium price up to their valuation. Chen et al. (2002) directly follow this idea and
build a model using breadth of ownership as a proxy for short-selling constraints. Following
this intuition, Harrison and Kreps (1978) build a inPnite-horizon model in discrete time to
Pnd the equilibrium price scheme under short-selling constraints. They bPnd overvaluation
in their model caused by upward bias and speculative behavior. Scheinkman and Xiong
(2003) prove this in a continuous-time model. Berestycki et. al. (2013) study the viscosity
solutions of this model when the horizon is bnite and the trading cost is non-zero. Hong and
Stein (2003) explain a variety of stylized facts about crashes by assuming heterogeneous
investors facing short-selling constraints. Hong et al. (2006) examine the relationship be-

tween this kind of speculative bubbles and asset 3oat in a dynamic setting. Hong and



Sraer (2012) also explain why credit bubbles are quieter (low volatility and turnover) than
equity bubbles based on investor disagreement and short-sales constraints.

Diamond and Verrecchia (1987) build a model with rational learning market makers to
show how short-selling constraints can alect the speed of price adjustment. They bnd that
prohibiting traders from shorting reduces the adjustment speed of prices to private infor-
mation. Since informed traders know the true value and market makers learn it rationally,
the price will adjust to the true value sooner or later. Thus their model never generates
overvaluation in equilibrium. However, in the model of this paper, a bubble is generated
due to investorsO heterogeneous beliefs and speculative behaviors. This mechanism is dif-
ferent from previous bubble models (Allen et al. (2006), Tirole (1982), Blanchard and
Watson (1982), Allen and Gorton (1993) and Allen et al. (1993))

During the Pnancial crisis of 2008, a ban was placed on short-selling U.S. Pnancial
stocks from September 19 to October 8. Since only a portion stocks on the market were
subject to the ban, this period olers a good opportunity for economists to evaluate the
elect of the ban by comparing the banned and non-banned stocks in the same market.

Harris et al. (2013) compare the returns of the banned and the non-banned stocks by
the Fama and French (1993) risk-factor model. The model coe"cients for banned stocks
are estimated with the one-year data before the ban. During the ban, factor returns are
estimated by the returns of the non-banned stocks. Then the model coe"cients and the
factor returns are combined to generate the benchmark. They bnd price inf3ation of 10-
12% in the banned stocks and attribute this to the ban. Autore et al. (2011) also use the
Fama and French model, but estimate the factor returns by all the stocks. They bPnd a
positive abnormal return (2.70%) at the onset of the ban and a price reversal (-2.01%) at
the removal of the ban. They also attribute the positive elect to the ban.

Battalio et al. (2012) compare the cumulative returns of the banned stocks with all
the non-banned stocks. They bnd that the ban does little to slow the decline in the prices

of Pnancial stocks. For each stock subject to the ban, Boehmer et al. (2013) choose a



non-banned stock that is listed on the same exchange, has the same options listing status
and has the smallest distance measured by the absolute value of the proportional market-
cap di'erence plus the absolute value of the proportional dollar trading volume di'erence.
They bnd that banned stocks rise by 6.68% on the brst day of the ban, compared to an
average 3.48% of matched non-banned stocks. Banned stocks fall by an average of 8.27%,
compared to a price decline of 5.38% for the matched non-banned stocks. But the authors
think that much of this is caused by good news about the fundamental, not the shorting
ban. They come to this conclusion by looking at the subset of Prms that are added to the
ban list at a later date. Beber and Pagano (2011) test the elect of both the U.S. 2008
ban and other partial bans around the world. They compare the returns of the banned
stocks with both the matched group and the whole non-banned group. In their Figure
6, the cumulative abnormal returns of the U.S. banned stocks increase from about 0.5%
to 10% during the 14 trading days after the ban starts. However they Pnd no signibcant
abnormal return for banned stocks of other countries. Based on these results, they posit,
OThe elect of the ban on U.S. bnancial stock prices may be clouded by the concomitant
TARP announcement, precisely aimed at supporting U.S. Pnancial institutionsO.

Three kinds of benchmarks are used as control groups in these studies: all the stocks,
all the non-banned stocks and matched non-banned stocks. The vast majority (if not all) of
the stocks in these control groups are non-Pnancial. But the banned stocks in the treated
group are almost all Pnancial. However, the fundamental of Pnancial stocks could be quite
di'erent from non-Pnancial stocks during the 2008 bnancial crisis. Though they bPnd more
or less abnormal returns of the treated group, previous research disagree on whether it is
the ban that causes this overpricing. Some of them attribute this overpricing instead to the
concomitant Trouble Asset Relief Program (TARP). Finding a benchmark of non-banned

Pnancial stocks can resolve this debate.



3 Empirical Analysis

3.1 The Financial Factor for a Given Stock

As discussed in Section 1, the Pnancial segments of non-bPnancial Prms are used as the
benchmark to evaluate the elect of the ban. To calculate the proportion of Pnancial
segments in a Pbrmpnancial factor is debPned as the following.

In the COMPUSTAT Database provided by S&P, the 2008 business segment data are
used to calculate the Pnancial factors. Each stock in this database has a SIC code to
identify its principal business. Besides this, each stock has one or more business segments.
For each segment, there is a specibc SIC coda,record of segment asset, and a record of
segment sale$. (Table 3 is an example)

[Table 3]

In this paper, a stock or a business segment of a company is called Pnancial if its SIC
code belongs to the 31 Pnancial SIC codes that the SEC aimed to BarSince the SIC
code 6035 in Table 3 is targeted, the bank segment of this company is called Pnancial.

The Pnancial factor for a given stock is debned by

I'$ $ %

1 Asset Sales
f=-p§" + & &

P

2 Asset  Sales
all all

wherefin is the index of all Pnancial segments. The robustness of this debnition is also
tested in Figure 3. It turns out that very similar results are obtained for dilerent weight

that is assigned to asset and sales.

SThere are segments with two SIC codes. When we use both the segment SIC and the additional SIC,
we can identify 24 more targeted records than 565 records using only the first segment SIC (only 4.2%
up). So we ignored the additional SIC code.

6There are segments created to record the eliminations due to accounting issue. These segments usually
have names like “Elimination”, “Other”, “Adjustment” and so on. Sometimes, the Asset or Sales are neg-
ative for these segments. These segments are ignored during the calculation of financial factors. (Account
for 2.1% of the total records)

"According to the SEC (2008), these SIC codes are 6000, 6011, 6020, 6021, 6022, 6025, 6030, 6035,
6036, 6111, 6140, 6144, 6200, 6210, 6211, 6231, 6282, 6305, 6310, 6311, 6320, 6321, 6324, 6330, 6331, 6350,
6351, 6360, 6361, 6712, 6719



For the example above, we have

( 543712 358553 )

+ = 34.82%
3856109 + 543712 2860177 + 358553 34.82%

1
f=2z
2

A stock with Pnancial factorf =1 is a purely Pnancial company. A stock witH =0
is a purely non-Pnancial Prm. A stock wittD<f < 1 has Pnancial segments.
There are 5447 U.S. stocks in COMPUSTAT with segment data in 2008. Financial

factors are calculated for 5446 stocks among thém.

3.2 Stock Return Data and the Universe

In the CRSP (the Center for Research in Security Prices) database, there are 3973 common
U.S. stock$ listed in the three major U.S. exchanges (NYSE, NASDAQ, and AMEX§ with
full price data during the 58 trading days from August 19 (one month before the ban starts)
to November 7, 2008 (one month after the ban ently and with market capitalization above
$20 million on September 18, 2008.

Based on a link between COMPUSTAT and CRSP, the intersection of the names with
segment data and the names with return data is found. This intersection has 3139 names.
The 3139 stocks in the 58 trading days are the universe of this reseatéhThe daily returns

are recorded in a3131" 58 matrix (r;).

3.3 Ban Names

The ban names come from two sources. The brst source is the original 797 names listed

by the SEC. All the 797 names were banned from the beginning of the ban. The second

80ne stock with ticker BAM has both financial SIC and non-financial SIC, but its Asset and Sales are
all NA values. So its financial factor cannot be determined.

9Common U.S. stocks are the stocks with share code SHRCD=11 in CRSP database.

10Stocks listed in the 3 major exchanges are the stocks with exchange code EXCHCD=1, 2, 3 in the
CRSP database.

' November 8, 2008 is a Saturday. Thus the price data end on November 7, 2008

12Gee Table 5 for details of the sample selection procedure
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source is the stock exchange ban lit. The SEC allowed NYSE, NASDAQ and AMEX to
add and remove names during the ban.

All of the information about the short-selling ban is aggregated into 139" 58 matrix.
During the 14 days of the ban, if thei’* stock among the 3139 stocks is banned on day
then the ban indicator b; = 1, otherwise 0. During the 23 trading days before the ban,
b; = 1 if the stocki is banned from short-selling on the brst day of the ban; during the 22
trading days after the ban,b; = 1 if the stock i is banned from short-selling on the last
day of the ban. The stocks withb;; = 1 before or after the ban serve as the placebo group:
the banned and non-banned Pnancial stocks should behave similarly before the ban, but

dilerently during the ban.

3.4 The Effect of the Short-Selling Ban

Daily return r;, ban indicator b;; and Pnancial factors; are prepared for the 3139 stocks
during the ban,i =1,2,...,3131 t =1, 2,...,,58 For each dayt, assume that the return
of each stock can be decomposed into four parts: the factor return of Banned, Financial
stocks RPF, the factor return of Non-banned Financial stockR¥*, the factor return of
Banned, Non-Pnancial stockfk?", and the factor return of Non-banned Non-Pnancial

stocksRM; then

My = fi(QthBF'{' 1# Qt)RiVF)"' (1# fi)(bitRFN +(1# bit)RiVN) + 1y

Figure 2 shows the cumulative return of the banned bnancial stocksm,(R?") and the
cumulative return of the non-banned bnancial stocksum,(RY*) estimated by this linear
regression. The vertical lines identify the Prst and the last day of the ban.

[Figure 2]

The cumulative returns of the banned and the non-banned Pnancial stocks diverge at

BNYSE/NYSE Arca, NASDAQ, NYSE ALTERNEXT U.S./AMEX CONSOLIDATED HISTORICAL
LIST OF ADDS/REMOVES for SS PROHIBITION
http://www.nyse.com/attachment/CONSOLIDATED-SSPROHIBTION .xls
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the beginning of the ban. The dilerence shrinks and disappears at the end of the ban. This
result is consistent with the prediction made by the model for the temporary short-selling
ban. DebneC; = RPF # RN to be the daily elect of the short-selling ban on bnancial
stocks. A t-test shows that among the 58 days, only on the brst day of the ban (September
19, 2008), the daily e'ect of the ban is statistically di'erent from zero at the 1% level?

The robustness of the debnition of Pnancial factor is also tested in the following Pgure.

[Figure 3]

4 The Model

In this model, the short-selling ban is elective during a Pnite periofD, T] . The information
structure in section 4.1 is the same as Scheinkman and Xiong (2003). The price is dynamic
because time matters in this Pnite period setting. A PDE is derived for the price and
is solved in section 4.2 by Laplace transform and Kummer function. | prove that the
speculative bubble caused by the ban shrinks during the ban and vanishes at the end of
the ban.

Section 4.4 analyzes the trading in an inPnite horizd®, $ ). The prices of two scenar-
ios are compared. In the Prst scenario, short-selling is banned durif@yT] with no ban
afterwards. In the second scenario, there is no ban throughout the trading. Two compo-
nents of the overvaluation are found: an upward bias caused directly by the ban and a

bubble caused by speculative behaviors.

4.1 Information Structure and Beliefs

The assumptions in this section is similar to Scheinkman and Xiong (2003) despite having
the trading only occur during [0, T].

Risk neutral investors in Group A and B trade a stock during a Pnite periofD, T]. The

14Gee Table 7 for more details
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stock pays dividendsD; during this period. The dividend process is driven by a factadf,
with a noise.

dD, = f,dt+ " pdz} (1)

The factor f, Ructuates around a constant?

= ##(F, # Bdt+ " dz/ 2)

The investors know this structure (The SDEs and the parameters) but cannot observe

f,. They can observe the dividends and two more signals driven by the factior.

ds* = f,dt + " ,dz} (3)

ds? = f,dt+ ",dz? 4)

Investors are overconbdent about their own signal. Investors in Group A believe that

the signals;' contains more information than it does in reality as follows.

- *

dst = f,dt+ ", $dz/ + " 1# $2dzA
)
¥ dsP = f.dt+ " ,dz?
With this belief, they can optimally Plter the signalsD,, s;*, and s”to form their beliefs
fXof the factor f,.1°

5Based on the optimal filtering theory, the conditional beliefs about fi of investors in
group A ar

¢ Gaussian with mean £ and variance v, where
—HCE O HCF B SPHA" D) EH )+ (8P Q)]
(1H# 2)+(2# 2)

mean ff to be the belief of Group A investors.

v is a constant v %

. Following Scheinkman and Xiong (2003), I call the

13



$ll n

dfo! = ##(0 # 9dt + (dsA# fO'dt) + (dsB# dt) + - = (dD # f0'dt) (6)

||2

Group A investors respond more to surprises in signa}' than in signal s? due to
overconbdence. Investors in Group B are overconbdent about sigsgl and form their
belief % in a similar way. ¢

The dilerence of beliefsg” = fOB # {04 satispes a simple stochastic di'erential equation

(SDE) based on the proposition 1 in Schenkman and Xiong (2003).

dg = #&ddt+ "dw (9)

where&and " are constant’.

4.2 Price during the Short-selling Ban

Attime t' [0, T], Group A investorsO expectation of the discounted future dividends®is

/6, 0 f@A
Ezél efr(sft)st — _(1 # efr(T t)) (1 # @ —(r+ A)(T— t)) (10)
t
8Investors in Group B believe that
1
A — A
ds; fidt + osdZ; M)

dsB = fudt+ os¢dZl + o 1# ¢2dZB
Based on this, they form their belief Pta on the factor f;.

AP = # NP # Pdt+ —(ds # Bay+ ¢“ng PISTE T 4B # BB ) + —(dD# B dt) (8)

o= BT O A P)F(E+ ). 0= &éqsaf

¥The method to calculate the expected future dividends is as follows: since the expectations of all
the stochastic parts are zero, I ignore the stochastic terms when calculating the expectation. Thus by
equation (6), one has df* = #A(P* # fﬁdt the solution to this ODE is * = f+ Ce™' 6-Y. The
constant C' can be determined by letting s = t. Thus C = f* # £ Thus £ = jz+(£ P# Pet Y,
Ignoring the stochastic part, based on equation (1), one has dDs = fsds. Thus Ef[ tT e ""VdDg] =

T et GO (A # Be Vds= L# e (T-0)+ L1 g e—(r+H)(T-)
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If there are only Group A investors in the market, then the price of the stock will
equal to this expectation. However, there are also Group B investors in the market with a

di'erent expectation of future dividends

/6 , 0

& O # 10
E/ e dD, = C(L# e "T0) + 5 e (AT (11)

t
Since there is a short-selling ban, pessimistic investors with a lower expectation will sit
out of the market. Optimistic investors with a higher expectation will be the owners of the
stock and set the price. It is possible that the pessimistic investors will become optimistic
in the future and want to buy the stock from the current owner. Thus when setting the
price the current owner will also consider the value of the resale option. So the price is the
current ownerOs expectation of future dividends plus a resale option.
o= g 0= bk e TPy cenvrny gy a2)
where the superscript means owner an@® means the group who does not own the
stock. o= A ande= B if f‘%“ > fch and vice versa. The value of the resale optiag(gy, t)
depends on the dilerence of beliefg’ = f®# O between the two groups.
The owner determines an optimal timé to sell the stock to maximize the dividends

collected and the capital gain.t®

3. 5
o

pi= supE;4 e7¢77dD, + 76 (13)
I t!
t

At the end of the trading, the price ispj. = 0 because there are no more dividends to
be collected and there are no more chances to probt from re-selling the stock. Further, the
price is required to be smooth in its variables. This technical requirement guarantees the

uniqueness of the solution.

19T do not consider trading cost in this model. This will simplify the model technically. However, the
speculative bubble still exists like in Scheinkamn and Xiong (2003)
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Expressp; and p? in the optimal decision equation (13) by the candidate equilibrium
price equation (12), one can derive the equation for the resale option. Together with the

boundary condition and technical requirement, one has

th ! T

Fa(@.)= supExe [ (L# e NI 0) 4 (g, )]
% q(gr, T)=0 (14)

g smooth

This is an optimal execution problem. Letx = g° = f®# f& be the current belief
di'lerence among investors. Iix < 0, the owner is more optimistic and chooses to not to
sell and wait®. Then the discount value of this resale optio® "‘g(g?, t) is a martingale to
the current holder. Based on ItoOs lemma and the evolution equation r one has

1|| 2

Egom#&xclﬁqt#rqzo, x< 0

If the current belief dilerence is non-negativex " 0, the owner is more pessimistic and
chooses to sell right now. Then the optimal execution time is equal to current time=t
and the optimal value of the right hand side is realized in the brst equation of (14) right

now.

q(x, t) = %(1# e NTDY 4 q#x,t), X" 0

The requirement ofq(x, t) being smooth in equation (14) meang(x, t) and g.(x,t) are
continuous when x cross 0.
Since lim q(x,t) = lim [-Z(1# e " NT=0) + q#x,t)] = ¢(0,t) and lim q(x,t) =
x—0+ z—0+ T z—0—

q(0, t), the continuation of g(x, t) is satisped automatically.

20Tf there is a trading cost, investors will choose to wait if x<k, where k is a positive number that
depends on the cost and remaining time of trading. However, if there is no trading cost, as was assumed
here, trading will occur whenever the beliefs cross. Thus the owner will wait if x < 0 and sell if z " 0.
This is similar to the theorem 1 in Scheinkman and Xiong (2003).
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Since lim q.(x,t) = lim [-1(1# e N0 # q(#x,t)] = 5 @A # e NIy #
x—0+ z—0+ "

r+ A
g.(0,t) and Iirr01 a.(x,t) = g.(0,t), the continuation of g.(x,t) meansq,(0,t) = Z(T—];-)\)(l#
z—0—
e+ N(T-1)
Thus the optimal execution problem is transformed to a PDE problem fox < 0 and

ort!t T.

qx,T)=0 (15)

G(0,1) = iy (1 # e T NIY)

lll

If the second order derivative term |s} gxzqw instead of3

20,., then it is the BlackbScholes
equation and can be solved by transforming it to a dilusion equation. Without thex? term,
the problem becomes harder. Given the equation above, if the boundary condition is the
Dirac delta function, physists can solve it by performing a Fourier transform. With the
more complicated boundary condition, the PDE becomes much harder to solve.

By carefully performing a Laplace transform on the equation and using the integral
form of the Kummer function, | solved this equation. Based on the proof in the appendix,

one has

Theorem 1. The solution of equation (15) is

6

n o0

! 2 r—21 r+!
ux,t) = —&— e %y 2 (1+y) 2 [1# ef(rﬂ)(Tfth(y))]dy
Ar+#) (& N

e—2! (T 1)

whereN (1) = 1“ ey » M(y) = zIn(1+ ), x< OandO! t! T.

Based on Theorem 1, we know that the speculative bubble (the value of the resale

option) is *
¥ 2L (1# e NI+ u(#x,t) x" 0
a(x,t) = s (16)
= u(x,t) x< 0
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Theorem 2. The speculative bubbleg(x, t) is decreasing in t and equals O whern= T.
From theorem 2, we know that this speculative bubble shrinks during the ban and

vanishes at the end of the ban.

4.3 Dynamics of the Speculative Bubble

According to Theorem 1, the magnitude of the speculative bubblg(x,t) is determined
by time t and x, the current dilerence of beliefs in the ownersO minds. Averaging the
stochastic termx in ((x, t) can lead to the mean magnitude of the bubblg(t), which only
depends on time.

The dilerence of beliefs in Group A investors® mindg! = O # 0! satisbes a simple

SDE based on equation (9)

dg* = #&g'dt+ "dw,

The stationary distribution of this process is normal,N (0,)?), where)? = ‘2’—; The
same distribution applies tog? sinceg? = ' # 0% = # g*. When Group A investors hold
the stock, {9 < 01 | thus x = g < 0. When Group B investors hold the stock f0* <
,thus x = gf = #9g” < 0. Sox is always less than or equal to zero with a stationary

distribution that doubles the left half of the normal distribution N (0,)?) :

1 _x2
w(x)dx =2 é)—&z—_( ae #7dx X< 0 a7)

Theorem 3. Averaging the speculative bubbleg(x,t) in equation (16) with the sta-
tionary distribution w(x)dx in equation (17) leads to the mean magnitude of the bubble

. &

&1 1
- - i (T—t) —(r+ A(T—1)
at) = & ([r(l# e J# —(1#e ).

Based on theorem 3, the size of the bubble increases linearly'inthe volatility of the

: . . & .
disagreement process. It also increases linearly 11&, the square root of the mean reversion
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coe"cient of the disagreement process. When the disagreement process is more volatile,
itOs more likely to observe extreme disagreement and trading occurs more frequently. This
leads to a higher speculative bubble. Increasing the mean reversion coe"cient will also
increase the chance for investorsO beliefs to cross. This increases the speculative bubble by
increasing the chance of resale.

Generally, increasingr will make the size of the bubble smaller because it decreases
the present value of the future resale price, which makes investors less willing to speculate.
Increasing# will also decrease the size of the bubble because it makes the fundamental
converge to the long-term mean faster, which decreases the excess dividends that optimistic
investors were expecting to collect. This makes the optimistic investors not that optimistic
and makes the bubble smaller. The following Pgures show the dilerent dynamics.

[Figure (4)]

[Figure (5)]

The interest rate r and the mean reversion coe"cient of the true fundamenta# not
only inBuence the size of the bubble, but also infduence the shape of the bubble as described
in the following theorem.

Theorem 4. The average bubbleg(t) is decreasing it and vanishes at the end of the
ban. Let' * = %In(1+ é); then the inBection point ofg(t) isatt*= T# ' *. Whent<t*,

g(t) is concave; whert* <t < T , g(t) is convex. At the inf3ection point, the bubble has
the highest decreasing spee?|,_ . = ﬁﬁ(ﬁ)%.

Based on Theorem 4, the remaining time when the bubble crosses an inf3ection point

is'* = %In(l + %). When the remaining timeT # t is bigger than' *, the curve of the

bubble is concave. When itOs very close to the end of the ban (iTe# t is smaller than
'), the curve is convex. Asr ( +$ ,'* ( 0. This means the curve is always concave,
the highest speed of decreasing occurs at the end of the ban.rA§ 0,'* ( +$ . The

1

whole curve will be convex. At ( +$ ,'*( Oandas#( 0,'*( ;. r and# together

determine the position of the in3ection point and thus the shape of the bubble curve.
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Fixing the other parameters, increasing T can be realized by moving thie= 0 point to
the left (extend the curve to the left such that it takes time T to vanish). Bigger T leads
to a higher initial bubble; however, the bubble wonOt go to inbnity. Actually a ( +$ ,
p(t) % Pr= o = 9P __  An inbnite ban leads to a constant average bubble.

2(rt Ny

4.4 Overvaluation Caused by the Ban

When there is no short-selling ban, assume that the price is just the average of the two
groupsO expected future dividends. One group longs the stock while the other group shorts.
The price lies in the middle of their beliefs. Instead of ending the trading at tim€&, consider
trading during [0,$ ). Attime t' [0, T], the expected sum of future dividends for Group
Ais

/6 0 16 , 6 0

[e.9] o0

EA e"*9dD, = E{ e "7 9dD, + e 0dD, = AT+ A®  (18)

t t T

where AT = 5(1 # e (-0 + %@,(1 # e (+N(T-1) is Group AOs expectation of the
dividends to be collected during the periodt, T], Ax = fe (70 + ff:—_fe‘(“”(T‘t) is
Group AOs expectation of the dividends to be collected after T. Similarly, BOs expected
future dividends come from two parts

B*=B/+By

When there is no short selling ban through0, $ ), the price is

1 1 .
pYenien = Z(AT + B) + S(AT + BF).

When there is a short selling ban throughO, T] and no ban afterwards, since investors

know that the ban will end at T, they agree with the average price of the dividends after the
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ban, J(A%® + B%°) . Thus att' [0, T], the price comes from two parts: one is this average
price of the dividends after the ban, the other is the ban-period price 10ve calculated in
the previous sections. In the previous sections, | end the trading at and Pnd the price
consists of the optimistic investorsO expectation of the dividends during the ban and the

speculative bubble. Thus

1
Py = max(A{,By) + o(gr, 1) + S(AT + Br).

Thus the overvaluation caused by the ban is

an onpban 1 ol
V, = pPen# plont =5IA?# B+ o(gr, t).

By the depnition of A7 and B, one has

= TS e g,
The brst part of the overvaluation is the upward bias directly caused by the belief
di'lerence. It will shrink over the duration of the ban and vanish at the end of the ban
because there is less time to collect dividends. The second part of the overvaluation is the
bubble caused by speculative behaviors. It will also shrink over the duration of the ban

and vanish at the end of the ban as was proved in the previous section. It shrinks because

there is less time to re-sell the stock to the counter-party speculatively.

5 Test the Implications of the Model

5.1 Understand the Initial Bubble Size

Based on theorem 3, the average size of the bubble is determined by the length of the
ban, interest rate and other parameters of the underlying belief dynamics. The US, the

UK, Canada and Germany had dilerent interest rates and announced partial bans with
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di'erent lengths. This section uses the length and interest rate data to understand the
initial bubble size based on the model developed in this paper.

For Canada, the UK and Germany, the initial bubble size is measured by the abnormal
return of banned Pnancial stocks at the beginning of ban. The control group is constructed
by the non-banned stocks with targeted Pnancial SIC codes in the same exchange: the
Toronto stocks exchange, the London stock exchange and the Frankfurt stock exchange.
The returns are averaged by capitalization. The lengths of the bans are the lengths an-
nounced in the Prst announcement in each country. Some of the countries extended the
ban, but this information should not be used to understand the initial bubble size. The
interest rate is the central bank rate in each country during September 2008. The following
table summarizes the information of these bans.

[Table 8]

| assume the parameters of the underlying belief dynamics are the same across all the
countries. | recover them by applying the least square method on the data of interest rates,
lengths of the bans and observed initial bubble sizes. Then the predicted and observed
initial bubble size is plotted. The shape of the curve predicted by the model match the
data very well.

[Figure 6]

5.2 Shorting Activity around the Short-Selling Ban

The overpricing elect of the two treated groups is attributed to the short-selling ban. It

is good to test whether the treated groups really su'er from less shorting activity than
usual. During the 28 days from September 10 to October 18, 2008 there are 2282 NYSE
stocks with full daily short transaction data?' These 2282 stocks are put into two groups:
one group of 261 stocks that were banned throughout or at some point during the ban and

another group of 2021 stocks that were never banned. For each group the daily median

21The data are taken from the Princeton University database of NYSE short sales.
http://dss2.princeton.edu/data/3151/2008 /nyseshortsales200809/

22



shorting activity is plotted in the Figure 7. The shorting activity s;; is dePned to be the
number of round lots transacted in all the shorting trades of stockon dayt. The vertical
lines are the brst and last day of the short-selling ban.

[Figure 7]

For the group of stocks that were once banned from short-selling (solid line), shorting
activity was high before and after the ban but was low during the ban. For the Never-
Banned group (dashed line), shorting activity was constantly low. The shorting activity
for banned stocks was lower than the non-banned stocks but was not zero because market
makers were still permitted to provide liquidity by shorting??

Similar results are found if the two groups are controlled to be Pnancial (see Figure 8).

5.3 2008 Short-Selling Ban and Speculative Betas

Are high beta assets more prone to speculative overpricing? Hong and Sraer (2012) gave a
positive answer in their model: if investors have dilerent beliefs about the common factor
of the stocks, high beta will amplify this divergence of beliefs while low beta will narrow
this divergence. With the short-selling ban, there should be more overpricing for high beta
stocks based on the overvaluation theory of Miller (1977).

This section tests their predictions based on the factor model developed in this paper.
The betas for the 3139 stocks in my universe are calculated based on the winsorized 1-year
daily return?. The factor model can distinguish the elect of the ban on both Pnancial
and non-bPnancial stocks based on the segment data and detailed ban names. For example,
when only inputting the information of the low beta stocks, the model decomposes the
returns of the low beta stocks into four parts: Banned Financial, Banned Non-bnancial,
Non-banned Financial, and Non-banned Non-Pnancial. By comparing these four return

series, one can tell the magnitude of the overpricing on low beta stocks during the ban.

22 According to the SEC (2008), they were providing a limited exception for certain bona fide market
makers.

23CRSP daily return data from September 18, 2007 to September 18, 2008 are used. Both 1% and 0.1%
winsorizing thresholds are tested in this analysis. They yield the same results.
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Figure 9 shows the cumulative returns of non-Pnancial stocks during the ban: the left
one with the lowest beta (bottom 20%) and the right one with the highest beta (top 20%).
C; = RPF # RN is debned to be the elect of the short-selling ban on Pnancial stocks.
The dashed blue line shows one standard deviation of the cumulative elect of the short-
selling bancum,(C).24. On the left graph, the cumulative return of banned stocks (blue
solid line) and the non-banned stocks (red solid line) cross each other several times and
remain close. On the right graph, the banned stocks always have a higher price than the
non-banned stocks. A signibcant overpricing elect can be observed according to the one
standard deviation line. This is consistent with the prediction by Hong and Sraer (2012).

[Figure 9]

In order to be concrete, the stocks are separated into 5 groups based on their beta
values, from bottom 20% beta group to top 20% beta group. For each group, the stock
information is inputted to my factor model and the cumulative returns are decomposed
into four parts. The average daily dilerence of the cumulative returns between the banned
and non-banned stocks is used to measure the size of the bubble. Figure 10 shows the
bubble size of dilerent beta groups: left for Pnancial stocks and right for non-Pnancial
stocks (with dilerent y-axes). Generally, high beta stocks are more prone to speculative
overpricing during the 2008 ban.

[Figure 10]

6 Conclusion

By solving Scheinkman and Xiong (2003)Os model in a Pnite trading horizon with zero
trading cost, | obtain a closed form solution for the bubble caused by a temporary short-

selling ban. | average the bubble based on the stationary distribution of the dilerence

24 Assume that C; ) N(gt,éé‘) are$indep§ndent for t =1,2,...,14, then the cumulative effect of short
ﬁelling ban is cum (C) = Cs) NC &, 6(2:1). Thus the standard deviation of cum;(C) is &' ¢, =
$7

)
62, .
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of beliefs and analyze how economic parameters inBuence the magnitude and shape of
the bubble. | show that the temporary ban leads to over-valuation that is highest at the
beginning of the ban and steadily converges to zero at the end of the ban.

| verify this prediction using the 2008 temporary ban on US Pnancial stocks. | overcome
a key problem in earlier empirical works which use non-Pnancial stocks as a control group
(since all Pnancial stocks were banned). Instead, | use as a control group a synthetic
portfolio of non-banned Pnancial stocks constructed from the Pnance segments of large
industrial companies which were not banned. The predictions of the model and the results

from my empirical analysis match qualitatively.
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A  Proofs

Proof of Theorem 1

The PDE to be solved is

I\)II—‘

*
% #&xq +q#rqg=0

= (19)
-% 9.(0,t) = 2(Mm(l# e~ (r N(T—1)
wherex < 0and 0! t! T. The boundary condition is at the end of the ban when

t = T. By the transform ' = T # t, one can make the boundary condition lie at the

beginning of the new time' . Let I(x," )= q(x,T # '), then I(x," ) satisbPes

%" 20 # &XIL,# I # 1l =0 PDE

T HHH ¥

I(x,0) =0 Initial condition (20)

'HHH

1.(0,") = Z(T—iA)(l# e~ ("*NT)  Boundary condition

wherex < Oand 0! ' . The PDE and the boundary condition is well-dePned for all
'>T , thus we can solve it for all' " 0 and then pick theQ! ' ! T part.

Consider performing a Laplace transform on this PDE. The Laplace transform of a
function f (") isF(s) = L[f(")] = e*STf( )d'. Let L(x,s) = L[I(x,")]. Performing a
Laplace transform on the PDE ofl (x,' ) and using the following properties of the Laplace

transform

Llaf (") + bg" )] = aF(s) + b((s)

L[f'(" )] = sF(s) # f (0)
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one gets

1‘!1 2

> oLoo # &XL, # [SL(X,s) # I(x,0)]# rL =0

Using the initial condition I(x, 0) = 0, one has

l|| 2

> oLoc# &XL, # (s+ 1)L =0

For a bxeds, this is an ODE ofx. This ODE has a class of solutions of the form

L(X,s) = *(s)h(x,s) (21)

where* (s) is an arbitrary function of s and

+ S

I ¢ 1 &,
h(x,s) = U(Z—&’ > X (22)
whereU(§ is the Kummer U functior?®
1 0
U(a,b,d = — ey (1 + y)’ =2 1dy. (23)
I(a) o

We can use the boundary condition to pin down the functiori (s). Using linearity and

the following property of Laplace transform

1
L™= S# a

one has the Laplace transform of the boundary condition

1
2(r + #)
25Gcheinkman and Xiong (2003) use this Kummer U function to express the solution of a similar ODE.

They use the sum of series for the U function. I use the integration form of the Kummer U function
because it makes the inverse Laplace transform possible.

1 1 1
—#
2+ #)'s s+r+#

L.(0,s) = L[,(0,")]= L[ (1# e (N7 = ).
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On the other hand, we knowL ,(0,s) = *(s)h,(0,s) and h,(0,s) = —=¥* . Thus

ol 5N 3"

we can solve* (s)

Wy sy 3
*(s) = !—Zp)!(g_)(}# ;)_ (24)

20+ #)( &s s+r+#

Based on equations (21), (22), (23) and (24) we have

I
e — —M(y)s
L(x,9) . A(X,Y) s# a—— e dy

where A(X,y) = e 77y (1+y)" 7 and M (y) = %In(l + l%)

a
4(r+ )P
With the following property of the inverse Laplace transform, we can gd{(x,' ) from

L(x,s):

1
L—l —bs71 — " # —a(T—b)
[ 58 "1=uC # be
whereu(x) is the unit step function: if x> 0, u(x) =1; if x< 0, u(x) =0.

(.j o
I(x," )= L7YL(x,8)] = A(x, Y)[L# e NE-MW) |dy
N(T)
672!%

WherEN(I ) = T—c—2% -

Thus, the solution to our original PDE (19) isu(x,t) = I(x, T # t). So

8

_ ) T o paty 2 —EL gy o (e N(T—t— M(y)) -
U(X,t) m N(t)e "2y 2 (1+y) 2 [1#e ]dy Xx< 00! t! T

=21 (T =)

whereN (1) = 1= =y and M (y) = zIn(1+ J).

Proof of Theorem 2

First, we prove u;(x,t) < 0.
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Since

b o0
u(x,t) = A(X,y)[1# e NIT-=Mu) gy
N(#)
where A(X,Y) = zay7me Y L+ y) T NG = ey and M (y) =

1 1
Z—pln(l + 5), we have

U (x,t) = #A(x,N (1))[1# e (" MAT=MINOI Z 2 A(x, y)(r+#)e (NI —t=M) gy,

N(2)

dN(D)
dt

where AN (D)1 # e C+IHT-=MINOIND = g pecauseM [N(1)] = T # t. The
integral N(t)A(X y)(r+ #)e "+ MNT—1=MW) dy js positive, becausér + #)e~ "+ NT—t=M() >

0 by debnition and wheny > N (t), A(X,y) > 0. Thus u,(x,t) < O.

Since
¥ Zo(1# e NI + u(#x,t) x" 0
q(x, t) = s
- u(x,t) x< 0.
we know
ft#xe‘(T”)(T‘t) +u(#x,1) x" 0
q(x,t) =
T w(x,t) x< 0.
Thus g(x,t) < 0.
On the other hand,
ftu(#x,T) x" 0
a(x, T) =

S u(x, T) X< 0

Thus q(x, T) =0 becauseu(x,T)=0
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Proof of Theorem 3
Sincex ! 0,

0 0
q(t) = u(x,t) aw(x)dx

— 00

where, according to equation (17),

w(x)dx = 2 a)ﬁ&lzz( 427 dx

with )2 = ¢ and

n 0 o0
! 2 r=21 r+!
U(X,t) = & e 2% yy 2 (1 + y)_ 21 [1# e (r* )\)(T—t—M(y))]dy
Ar +#) (& n

e—2! (T =)

with N(t) = = , M(y) = 2—1pln(1+ %), x< O0andO! t! T according to

theorem 1.
In u(x,t) , the only term containing x is e 77, Let$ = \/%7 then
0, | 0, 2
e 2% aw(x)dx = (L + y) 2 é‘g&zz:( e 22dx = (L+ y) 2.

With the term containing x integrated,

8

n (0.9]

- -3 -5 —(r+ N(T—t—M(y))
pa(t) m&(—&- N(t)(l"'Y) yZ (1+y) 7 [1# € Idy.

Plugging M (y) = %In(l + i) into this equation and reorganizing the terms,

0 0

t) = —&_ 11+ v) 2 Igy# et (T > 711 + y)or g
A= v & o) (1+y) y o) (1+y)z “dy]
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«
With the integration formula ~ y*~*(1+y)~*~'dy = ly*(1#y)~*, p(t) can be simpliped

as
-t 28 s R
p(t) = m&ﬁ[ yz' L+ y) 7 + g (NI Y7 I+ ) X
Plugging N (t) = % into this equation and reorganizing the terms,
n &&
qt) = _&T[ (1# e "7~ t>)# Lap#e (re M(T=0y],

Proof of Theorem 4
Based on the equation ofy(t)

. &
da(t) & o r(T—1) N(T—t)
G = e (TILE e )< 0

since all the parameters are positive an@! t! T.
It is also easy to verify thatg(T) = 0. Thus the bubble shrinks and vanishes at the end
of the ban.

Since

d’p(t) &
+ ANT—t) o (T—1)
e #—&—2# ([r# (r+#e le”

Letting ddﬁ(zt) = 0, one can solve for the inf3ection point* = T # '*, where'* =

Ln(L+ 2).
The size of the bubble at the in3ection point ig(t*) = 2T(rm)f[l# (=5)° 27%? .
The decreasing speed at the inRection point 2|, . = %ﬁ(ﬁ)@
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B Tables

Table 1: Control and Treated Groups
When evaluating the elect of the 2008 short-selling ban, previous studies compare the
banned Pnancial stocks with the non-banned non-Pnancial stocks (Group 1 and Group 3 in
this table). The conclusions drawn from these comparisons can be misleading because the
fundamental of Pnancial stocks could be quite dilerent from non-Pnancial stocks during
the 2008 Pnancial crisis. To obtain a concrete conclusion about the elect of this ban, |
compare the banned with the non-banned stocks given they are all Pnancial (Group 1 and
Group 2 in this table).

Banned | Non-banned
Financial Group 1| Group 2
Non-Pnancial Group 3

Table 2: An Example of Segment SIC Codes
| use companiesO business segment data to identify Pnancial portions of non-banned stocks.
In this example, the prst stock is banned because 100% of its business is bPnancial. The
second one is not banned because its principal business is non-Pnancial, but there is still a
portion of 34.82% of its business that is Pnancial.

SIC Business SIC
Stock Company targeted Business Segment Segment targeted
ticker SIC by SEC? | Banned? Segment | Proportion SIC by SEC? Group
Group 1
AHL 6331 Yes Yes Insurance 100% 6331 Yes
Banned Pnancial
Electric
65.18% 4911 No
Utility
HE 4911 No No
Group 2
Bank 34.82% 6035 Yes
Non-banned Pnancial

Table 3: 2008 Business Segment Data for Hawaiian Electric Inds
In the COMPUSTAT Database provided by S&P, each stock in this database has a SIC
code to identify its principal business. Besides this, each stock has one or more business
segments. For each segment, there is a specibc SIC code, a record of segment asset, and a
record of segment sales.

Ticker | SIC Segment Segment SIC| Asset Sales
HE | 4911 Electric Utility 4911 3856.109| 2860.177
Bank 6035 5437.12 | 358.553
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Table 4: Previous Research on the 2008 Short-selling Ban

Three kinds of benchmarks are used as control groups in previous research: all the stocks,
all the non-banned stocks and matched non-banned stocks. The vast majority (if not
all) of the stocks in the control groups are non-Pnancial. But the banned stocks in the
treated group are almost Pnancial. However, the fundamental of Pnancial stocks could
be quite di'lerent from non-Pnancial stocks during the 2008 Pnancial crisis. Though they
Pnd more or less abnormal returns of the treated group, previous research disagree on
whether the ban causes this overpricing. Some of them attribute this overpricing to the
concomitant Trouble Asset Relief Program (TARP). Finding a benchmark of non-banned
Pnancial stocks can resolve this debate.

Control group Methodology The ban
causes
overpricing?

Harris et al. (2013) All the non-banned stocks Risk factor model Yes
Autore et al. (2011) All the stocks Risk factor model Yes
Battalio et al.(2012) All the non-banned stocks Cumulative return No
Boehmer et al. (2013) Matched non-banned stocks Cumulative return No

Beber and Pagano (2013)  All the non-banned stocks Median excess return  No

Matched non-banned stocks
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Table 5: Sample Selection Procedure
In the CRSP (the Center for Research in Security Prices) database there are 3973 common
stocks listed in the three major U.S. exchanges (NYSE, NASDAQ, and AMEX) with full
price data during the 58 trading days froml9” Aug (one month before the ban starts) to
7" Nov 2008 (one month after the ban ends), and with market capitalization above $20
million on September 18, 2008. Based on a link between COMPUSTAT and CRSP, | bnd
the intersection of the names with segment data and the names with return data. This
intersection has 3139 names. The 3139 stocks in the 58 trading days are the universe of
this research.

Total Number of securities in CRSP with full return data 6767
during 8/19 to 11/7, 2008

Remove securities not in NYSE, NASDAQ, or AMEX -266
Remove securities other than common stocks -2161
Remove stocks with capitalization below $20 million -367
Remove stocks without business segment information -842
Stocks in Pnal sample 3139
Sample stocks once banned from short-selling 205

Table 6: Descriptive Statistics of the Sample
Stocks are grouped based on the Pnancial facfor This table shows the number of banned
and non-banned stocks in each-group. One can Pnd banned stocks in all thie-groups.
The percentage of banned stocks is generally higher for larger

f=0 0<f<0.25 0.25xf<0.5 0.5f<0.75 0.75xf<1 f=1

Once Banned 44.00 5.00 10.00 7.00 36.00 107.00
Never Banned 2900.00 6.00 5.00 4.00 1.00 6.00
(Banned/All) 0.01 0.45 0.67 0.64 0.97 0.95
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Table 7: The El!ect of the Short Selling Ban on Financial Stocks
The factor return of banned and non-banned Pnancial stocks are estimated by the statistical
model in section 3. DebPn€; := R # RN to be the daily elect of the short-selling ban
on Pnancial stocks. A t-test shows that among the 58 days, only on the brst day of the
ban (20080919), the daily elect of the ban is statistically di'erent from zero at 1% level.
See Figure 2 for a plot of these two factor returns.

Estimate Std. Error tvalue Pr(>|t])

20080904 0.004 0.008  0.449 0.653
20080905 0.003 0.007  0.375 0.707
20080908 -0.026 0.011 -2.478 0.013
20080909 -0.005 0.010 -0.557 0.578
20080910 -0.002 0.009 -0.177 0.859
20080911 0.009 0.008 1.174 0.241
20080912 0.018 0.009 2.037 0.042
20080915 -0.005 0.011 -0.435 0.663
20080916 0.008 0.012 0.672 0.501
20080917 -0.003 0.011 -0.288 0.773
20080918 -0.004 0.018 -0.213 0.832
20080919 0.048 0.016  3.028 0.002
20080922 0.021 0.015 1.361 0.174
20080923 0.002 0.013 0.164 0.870
20080924 0.003 0.013 0.254 0.799
20080925 -0.005 0.012 -0.389 0.698
20080926 0.009 0.014 0.646 0.518
20080929 0.013 0.021 0.621 0.535
20080930 -0.001 0.020 -0.066 0.947
20081001 0.018 0.015 1.189 0.234
20081002 -0.016 0.016 -1.002 0.317
20081003 -0.012 0.014 -0.888 0.375
20081006 0.020 0.019 1.042 0.298
20081007 -0.034 0.018 -1.856 0.063
20081008 -0.005 0.019 -0.285 0.776
20081009 -0.047 0.022 -2.159 0.031
20081010 -0.024 0.031 -0.782 0.434
20081013 0.036 0.030 1.189 0.235
20081014 0.041 0.023 1.814 0.070
20081015 -0.016 0.021 -0.762 0.446
20081016 -0.025 0.025 -0.987 0.324
20081017 0.007 0.018 0.372 0.710
20081020 0.011 0.018 0.612 0.540
20081021 -0.011 0.017 -0.638 0.524
20081022 -0.015 0.019 -0.769 0.442
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Table 8: Lengths of the Bans, Interest Rate and Initial Bubble Size

For Canada, the UK and Germany, the initial bubble size is measured by the abnormal re-
turn of banned Pnancial stocks at the beginning of ban. The control group is constructed
by the non-banned stocks with targeted Pnancial SIC codes in the same exchange: the
Toronto stocks exchange, the London stock exchange and the Frankfurt stock exchange.
The returns are averaged by capitalization. The lengths of the bans are the lengths an-
nounced in the brst announcement in each country. Some of the countries extended the
ban afterwards, but this information should not be used to understand the initial bubble
size. The interest rate is the central bank rate in each country during September 2008.

Length Announced (days) Interest Rate (%) Initial Bubble Size(%)

Canada 9 3.00 2.30
usS 10 2.00 4.80

Germany 73 4.25 10.20
UK 84 5.00 7.60
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C Figures

Figure 1: The Elect of the Short-selling Ban without Controlling for Financial

The following graph plots the cumulative estimated return of the banned (solid) and the
non-banned (dashed) stockgum,(R3), cum,(R"). The vertical lines identify the brst and
the last day of the ban. The cumulative returns of the banned and the non-banned stocks
diverge at the beginning of the ban. Without controlling for Pnancial stocks, the dilerence
does not shrink and exists even after the ban.
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Figure 2: The Elect of the Short-selling Ban on Financial Stocks
The following graph plots the cumulative estimated return of the banned (solid) and the
non-banned (dashed) Pnancial stocksum,(R?F), cum,(R"). The vertical lines identify
the Prst and the last day of the ban. The cumulative returns of the banned and the non-
banned Pnancial stocks diverge at the beginning of the ban. The dilerence shrinks and
disappears at the end of the ban. This result is consistent with the prediction made by the
model for the temporary short-selling ban.
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Figure 3: Test the Robustness of the Debnition of Financial Factor

The following graph tests the robustness of the debnition of Pnancial factor. L&t =
Asset Sales
andf, = *——, then the bnancial factor in this paper is debned ds= 3f,+ 1f,.

fin
Asset
all

all
The cumulative return of banned Pnancial stocks and non-banned Pnancial stocks is plotted
in the following graph whenf,, f, andf are used as the Pnancial factor. It turns out that
very similar results are obtained for dilerent weight that is assigned to asset and sales.
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Figure 4: Average Speculative Bubble during the Ban
The x-axis shows the time starting at 0 and ending at T. The y-axis shows the average
overvaluation caused by the ban. Increasing , the interest rate, will make the size of
the bubble smaller because it decreases the present value of the resale price, which makes
investors less willing to speculate.

Dynamics of the Bubble for Different r

—— smallr
--- mediumr

006 0.08 010 0.12

Bubble

0.00 0.02 0.04
|

42



Figure 5: Average Speculative Bubble during the Ban
The x-axis shows the time starting at 0 and ending at T. The y-axis shows the average
overvaluation caused by the ban. Increasing , the mean-reversion coe"cient of the true
fundamental of the stock, will also decrease the size of the bubble because it makes the
fundamental converge to the long-term mean faster, which decreases the excess dividends
that optimistic investors were expecting to collect. This makes the optimistic investors less
optimistic and makes the bubble smaller.
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Figure 6: Back up the Bubble Sizes by Interest Rates and Lengths of the bans

The x-axis shows the length of the temporary ban in the initial announcement. The y-axis

is the initial bubble size caused by the ban. The colored curves are the predicted initial
bubble size for di'erent interest rates. Increasing the interest rate will make the size of
the bubble smaller because it decreases the present value of the resale price, which makes
investors less willing to speculate. The four circles are the initial bubble size predicted by
the model based on the corresponding interest rate and length of the bag. The solid points
are the initial bubble size observed in the data (in this graph# = 0.05, " ~ &= 0.005.
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Figure 7: Shorting Activity around the Ban
For both the once-banned stocks and the never-banned stocks, the daily median shorting
activity is plotted here. The shorting activity s;; is dePned to be the number of round
lots transacted in all the shorting trades of stock on dayt. The vertical lines are the
prst and last day of the short-selling ban. For the group of stocks that were once banned
from short-selling (solid line), shorting activity was high before and after the ban, but
was low during the ban. For the Never-Banned group (dashed line), shorting activity was
constantly low. The shorting activity for banned stocks was lower than the non-banned
stocks but was not zero because market makers were still allowed to provide liquidity by
shorting.
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Figure 8: Short Interest for Financial Stocks
Short interest can also be decomposed;; = f;bSPF + f,(1# b)SN + (1 # f,)bSPY +
(1# f,)(1# b)SMV + 1. This is the graph for the short interest of banned and non-banned
Pnancial stocksS?" and SN (ObnancialO is bxed; compare the once banned and never
banned groups). Shorting activity of the banned Pnancial group was high before and after
the ban, but was low during the ban. Shorting activity of the non-banned Pnancial group
was constantly low.
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Figure 9: The Elect of Short-Selling Ban on Low and High Beta Stocks
The following two graphs show the cumulative returns of non-bPnancial stocks during the
ban: the left graph shows returns with the lowest beta (bottom 20%), while the right graph
shows returns with the highest beta (top 20%). Debn€, := RPF # RN be the elect
of the short-selling ban on Pnancial stocks. The dashed blue line shows the one standard
deviation spread of the cumulative elect of the short-selling bartcum,(C). In the left
graph, the cumulative return of banned stocks (blue solid line) and the non-banned stocks
(red solid line) cross each other several times and stay within one standard deviation of
each other. In the right graph, the banned stocks always have a higher price level than the
non-banned stocks. A signibcant overpricing elect can be observed according to the one
standard deviation line (blue dashed line). This is consistent with the prediction by Hong
and Sraer (2012).
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Figure 10: Beta vs. Overpricing
The stocks are separated into 5 groups based on their beta values, from bottom 20% beta
group to top 20% beta group. For each group, the stock information is given to the factor
model and the returns are decomposed into four portions. The average daily di'erence of
the cumulative returns between the banned and non-banned stocks is used to measure the
size of the bubble. The following two graphs show the bubble size of dilerent beta groups,
left for Pnancial stocks and right for non-Pnancial stocks (note the dilerent scales of the
y-axes). Generally, high beta stocks are more prone to speculative overpricing during the
2008 ban.
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