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Abstract

During the Chinese stock market turmoil in the July of 2015, about half of the list stocks chose

to suspend trading on their stocks, for an average duration of about five days. We use this event

and the account-level trading data obtained from the Shanghai Stock Exchange (SSE) to study

the determinants and impact of stock trading suspension during crisis time. We find that poor

recent stock returns, both stock-level and market-wide, are the strongest predictors of suspension

decisions. Suspension does not lead to long-term return differentials between suspended and

unsuspended stocks. However, trading patterns for suspended and unsuspended stocks differ

significantly both between individual and institutional investors and across various institutional

groups. In addition, we find that accounts with higher suspension ratio have lower cash outflow

and earn significantly higher future two-week returns.
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1 Introduction

Extreme stock price movements are often considered undesirable by exchanges and policy markers.

Various measures are put in place to halt trading when prices are deemed too volatile, ranging from

market-wide circuit breakers to stock-level price limits. While the rationale and effectiveness of

trading restrictions during extreme price movements are widely debated, empirical tests are limited.

As Subrahmanyam (2012) puts it, “since they (circuit breakers) are triggered so rarely (NYSE market-

wide circuit breakers have been triggered only once, in 1997), at the present moment, it is challenging

to ascertain their costs or benefits with any degree of reliability. Any discussion of potential benefits

has to be based on logic, rather than evidence.”

One common feature of various trading restrictions is that they are imposed by the exchange and

implemented based on predetermined mechanical rules about price movements or order imbalances.

Market participants or firms do not have discretion or influence over the decision to suspend trading

on their stocks. As a result, it is hard to assess how these measures are perceived by market

participants ex ante and whether they meet the regulatory goals ex post. In addition, most of the

existing trading restrictions are designed to counteract extreme order imbalances in a relatively short

period of time (in minutes or hours). Therefore, these regulatory tools are less likely to have material

impacts if we look at the market for a longer period (e.g., in days or weeks).

The 2015 Chinese stock market crash provides an interesting testing ground for the benefits and

costs of trading suspension due to a unique feature of the Chinese market. In order to protect small

investors from significant information disadvantage, the Chinese stock exchanges require corporations

to disclose information and to suspend trading on their stocks if there are “major corporate events”

that can materially affect firm valuation, including the intention of mergers and acquisitions.1 More

importantly, in 2015, the Chinese exchanges granted approval to almost all requests, effectively

shifting the discretion of whether to suspend trading on their stocks to corporations. At its peak, on

July 9, 2015, a total of 1438 stocks suspended trading, representing 52% of the Chinese exchange-

listed stocks and 36% of total market capitalization. The average duration of suspension during this

period is about five days, but can be as long as two weeks or even two months. The simultaneous

presence of both suspended and unsuspended stocks, along with the detailed account-level trading

1This feature is also implemented in various exchanges around the globe and can find its root in the discretionary
trading halt by the U.S. stock exchange. In particular, the exchange has the discretion to halt trading when the
corporate news release is deemed material. However, this option is rarely exercised in the U.S. without material new
information and even if trading halt occurs, it often lasts for 15 minutes or less, and very rarely would exceed a day at
a time. In contrast, Chinese companies routinely suspend trading for major corporate events, for months at a time.



data, affords us the unique opportunity to study the determinants and consequences of trading

suspension during market crash.

A priori, it is not clear whether investors can benefit from trading suspension on their stocks.

Opponents of trading suspension often question the rationality of stopping investors from trading

during a market crash. Investors can always choose not to trade when the market is open. Therefore,

having the option to trade and rebalance their portfolio is always beneficial for rational and uncon-

strained investors. Tradability might be particularly important during extreme market movements

as more information is revealed during turmoil times, either about fundamentals or about investors’

risk preferences. Indeed this feature of continuous trading was considered so critical by some market

participants that in 2016, MSCI cited ‘arbitrary and long suspensions’ as a main reason for vetoing

the inclusion of Chinese A-shares in its emerging market index. They only decided to include Chinese

A-shares in 2017 after both Shanghai and Shenzhen exchanges issued more stringent rules on stock

trading suspension.2

On the other hand, trading suspension might be beneficial for constrained market participants,

who might otherwise be “forced” to trade. The forced selling could either be driven by hard con-

straints like margin calls and fund outflows, which are often more severe when the market stays open

and prices fall drastically. The forced selling could also be due to (perceived) information disadvan-

tage, when investors become less informed or less certain of their current trading strategy during

drastic market movements. Trading suspension may give investors the much-needed time to process

new information, without which investors may choose to stay out of the market altogether. Finally,

drastic price movements may cause panic and overselling which may lead to inefficient portfolio deci-

sions. Independent of the reasons behind the “forced” selling, the possibility that additional selling

demands can exacerbate the crisis is the main rationale behind most government interventions and

trading restrictions during crisis times.

On balance, it is an empirical question whether the benefits of trading suspension outweigh

the costs and whether the tradeoff differs for different investor groups and under different market

conditions. It is even less clear whether and how firms should make decisions on behalf of their

investors. We observe significant cross-sectional variation in this decision across firms. In this paper,

we investigate the factors that drive the suspension decisions for firm managers when they decide on

behalf of their investors and study the impact of trading suspension on different groups of investors.

2Even the new rules do not fully eliminate the concern regarding potential trading suspension. MSCI shortly issued
warning to the 222 companies included in their index that long trading suspension will result in the stock being dropped
from the index. See https://www.msci.com/documents/1296102/ffd4f403-40c8-4821-a521-d74d7e4e1127.
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We first investigate the determinants of stock trading suspension decisions. We find that poor

recent stock returns, both at the stock level and in the market, are the strongest predictors of sus-

pension decisions. Firms tend to suspend trading on their stocks following extreme price movements

in their own stocks and in the market, as measured by a large number of stocks hitting the daily price

down-limit and experiencing large trading volume. Other firm-level variables, such as the percent-

age of shares pledged for borrowing by existing shareholders and the margin trading on the stock,

are all significant determinants of trading suspension. However, the marginal explanatory power of

these variables are relatively small comparing to stock returns. Counter to the popular perception

that share pledge is the most important factor for trading suspension, we find that about half of

suspended firms have very low share pledge (below 10%). In addition, given Chinese stock market’s

daily stock-level price limit of 10%, margin constraints only become binding after a few days’ of price

drops. Therefore, if margin constraints are the main drivers behind trading suspension, a stock’s

past one- or two-week cumulative return should be more informative than its prior-day return in

predicting suspension. Yet we find that the stock-level one- or two-week cumulative return is not as

significant as the prior-day return, either stock-level or market-wide, in driving suspension decisions.

Therefore, in addition to binding constraints induced by margin trading and share pledges, expec-

tations about future price drops and the concern about future constraints are also important forces

behind the massive stock trading suspension in the summer of 2015.3

Next, we study the impact of trading suspension on stock prices by matching suspended firms with

unsuspended firms and comparing their returns following the suspension period. In particular, we

first compute the abnormal return of the event firms by using a benchmark portfolio of firms matched

by industry and size. We then keep track of the event firms’ abnormal returns 50 days before and

50 days after the suspension event. In the time series, the average abnormal return is close to zero

until about 10 days before suspension, after which the event firms have much lower returns, with an

abnormal return of about -5% one day prior to the suspension. During the suspension period, the

matching firms have a large positive return as the market rebounds. After resumption, the event

firms quickly catch up with the matching firms in about 5 trading days, and the abnormal return

after 50 trading days is close to zero. In the cross-section, we regress the post-resumption-period

3Constraint-induced trading (Fostel and Geanakoplos (2008) and Brunnermeier and Pedersen (2009)) and the antic-
ipation of future constraints (Bernardo and Welch (2004) and Garleanu and Pedersen (2011)) are studied extensively in
the literature of margin constraints and liquidity demands. Our finding suggests that current constraints and anticipa-
tion about future constraints are also important for firm managers’ decision to suspend trading on their stocks. Indeed,
trading suspension can be viewed as an extreme measure of liquidity management implemented by firm managers on
behave of their investors.
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return on the pre-suspension-period return and the portfolio return of matching firms during the

suspension period. We find that suspended stocks fully catch up with the matching firms and also

partially recover the pre-suspension loses. Therefore, trading suspension does not lead to long-term

return differentials between suspended and unsuspended stocks.

Despite the similar long term stock performance of suspended and unsuspended stocks, trading

suspension can still have significant impact on investors by affecting their trading behavior. In the

next part of our analysis, we use the account-level trading data obtained from the Shanghai Stock

Exchange (SSE) to study the impact of trading suspension for different investor groups. We find that

trading patterns differ significantly both between individual and institutional investors and across

various institutional groups, leading to significant trading gains and losses for various groups.

Several interesting trading patterns emerge. First, individual investors are net sellers and insti-

tutions (with the exception of mutual funds and hedge funds) are net buyers during this period. By

decomposing net trading into buying and selling demands, we find that individual investors have

much higher turnover as a group. They sell about 40% of their original holdings and buy back about

30%, in contrast to about 15% of buy and 10% of sell for institutional investors. Second, suspension

affects trading decisions of investors, but very differently for individual and institutional investors.

Individual investors sell aggressively during the week of market crash, and they sell disproportional-

ly more unsuspended stocks. In contrast, institutional investors do not sell much during crisis, but

they sell more suspended stocks once trading is resumed. Third, trading patterns differ significantly

among institutional investors. Unlike most institutions, mutual funds and hedge funds follow sim-

ilar trading patterns to individual investors. Hedge funds have even more pronounced differences

between their selling of suspended and unsuspended stocks during market downturn. In contrast,

mutual funds have a slight increase in their holdings of unsuspended stocks in the beginning of the

crisis and sell similar amount of suspended and unsuspended stocks throughout the period. This

pattern is consistent with the hypothesis that mutual funds maintaining their liquidity by holding

on to the more liquid unsuspended stocks in anticipation of drastic market movements and fund

outflows in the future.

When we aggregate selling pressures from various investor types, we find that although suspended

stocks experience less selling around market crash when trading is suspended, the selling pressure

catches up after trading resumption. This trading pattern is consistent with the finding that returns

of suspended stocks also catch up quickly with those of matched unsuspended stocks. Interestingly,

when we separate stocks into different market capitalization groups, we find that the catch-up speed is
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faster for small- and large-cap stocks, but slower for mid-cap stocks. Suspended mid-cap stocks enjoy

lower selling pressure more than a month after trading is resumed. The lower catch-up selling pressure

for mid-cap stocks is consistent with their higher catch-up return following trading resumption.

Finally, based on the account-level trading data, we find that individual investors on average

enjoy better return than mutual funds. For example, small (large) individuals on average earn about

8.86% (8.64%) for the two weeks following the market crash, while mutual funds earn only 5.9%. In

addition, accounts with higher suspension ratio earn significantly higher returns in the two weeks

following the event. Both of these findings are related to the investors’ trading behavior. For example,

individuals on average withdraw less cashflow from their accounts, 4.56% (5.14%) for small (large)

individuals, whereas mutual funds on average withdraw 9.48% of their account balance during this

period. Similarly, for accounts that have no suspended stocks, investors on average withdraw 16.62%

of their account balance in the two-week period. Yet, those with all stocks suspended, on average

add an inflow of 49.28% of their current account value.

Our paper is most related to literature on trading restrictions during market crisis. Subrah-

manyam (1994) shows that a circuit breaker may affect decisions of investors prior to the triggering

of the breaker and cause a “magnet effect”, in which the probability of hitting the trigger price

increases as the stock price approaches it. The reason is that as the price nears the circuit breaker,

investors anxious about being denied the opportunity to trade will advance their trades in time,

thus increasing trading-generated price volatility. Chen, Petukhov, and Wang (2017) develop an

equilibrium model to examine the impact of circuit breakers and find that circuit breakers can lower

stock prices, increase stock volatility, and generate “magnet effects” in an equilibrium setting. Their

model can shed light on the brief introduction and quick termination of circuit breakers in the Chi-

nese stock market in the January of 2016. A common empirical challenge with circuit breakers is to

assess their costs and benefits, especially given the rare occurrence of triggering events and the fact

that they are imposed exogenously by the exchange. It is particularly challenging for the exchange

to decide what the right levels should be for breakers. In our setting, the firms have the discretion

to choose whether and when to suspend trading, and when to resume trading. The sizable sample of

both suspended and unsuspended firms allows us to study the optimal level of “breakers” chosen by

market participants, and to assess the consequences of the breakers for various groups of investors.

Chen, Gao, He, Jiang, and Xiong (2017) study another trading restriction in the Chinese stock

market, the 10% daily price limit, and find that investor speculation can make the daily price limit

rule counter-productive. Specifically, they find that large investors tend to push stock prices up to
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the 10% limit on days with large positive returns and then profit from selling on the next day. In

doing so, their trading makes extreme positive returns more, rather than, less likely.

Our paper is also related to literature on the Chinese stock market and its incredible boom-and-

bust episode in 2015. Bian, Da, Lou, and Zhou (2017) and Bian, He, Shue, and Zhou (2017) use

brokerage-account-level data to study the role of margin constraints. Bian, Da, Lou, and Zhou (2017)

study the cross-sectional transmission and amplification of negative shocks among stocks connected

through common margin holdings and show that margin constraints can lead to contagion. They

use network analysis to identify important players in the network and generate policy implications

on efficient interventions in the market. Bian, He, Shue, and Zhou (2017) study the differences in

leverage-induced fire sale behavior between broker-financed and shadow-financed margin accounts

and the implications for asset prices. While these two papers focus on the role of leverage and its

impact on investors’ trading decisions, our focus is on the trading suspension decision, which is chosen

by firms, and its consequences for various investors. Our paper is complementary to these papers,

as both the decision to suspend trading and the consequences of trading suspension are amplified by

the presence of margin trading.

Hansman, Hong, Jiang, and Liu (2018) also study the impact of margin trading. Using the

2010-2015 staggered deregulation of stock margin lending by brokerages and banks in China, they

show that some sophisticated investors are able to anticipate and speculate on when credit becomes

available. In particular, these unconstrained investors bought stocks likely-to-qualify for lending and

sold them to constrained investors at high prices after margin became available.

Liu, Xu, and Zhong (2017) also examine the role played by trading restrictions, including price

limits and trading suspension during the 2015 stock market crash. Using data on mutual funds’ stock

portfolios and stock trading, they document that a stock is more likely to be sold if its major holders

are exposed to a larger proportion of non-traded stocks in their portfolio, confirming the link between

trading restrictions and market contagion. We study both the decision for firms to suspend trading

on their stocks and the return consequence for different types of investors. In addition, we have data

from all types of institutions in addition to mutual funds and find that they differ significantly in

their trading behavior.

2 Institutional Backgrounds

According to the statistics published by the China Securities Regulatory Commission (CSRC), there

are 3485 publicly listed companies in the Chinese stock market by the end of 2017, with total market
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capitalization of 56.7 Trillion RMB (or 8.8 Trillion USD). Among those, majority of shares are

listed as domestic A-shares priced in RMB, and only 100 of them listed as foreign B-shares priced

in USD or HKD. There are two stock exchanges in Shanghai and Shenzhen. The Shanghai Stock

Exchange (SSE) only has ‘Main Board’ which was opened in 1991. The Shenzhen Stock Exchange

(SZSE) has three boards: ‘Main Board’, ‘SME’ and ‘ChiNext’, with the later two opened in 2004

and 2009 with more relaxed listing standards to accommodate small and medium enterprises and the

entrepreneurial firms, respectively. The difference in the types of stocks listed in the two exchanges

also reflected in the pricing ratios. For example, by the end of 2017, the SSE listed stocks have an

average price-to-earnings ratio of 19.7, comparing with the much higher ratio of 39.5 in SZSE. See

Carpenter and Whitelaw (2017) for a detailed discussion of the development of China’s stock market

and a survey of the relevant literature.

There are two types of restrictions on trading. The first is the daily maximum price movement

limit. For the majority of the A-share stocks, the daily price limits are ±10% relative to the last

closing price. There are small number of stocks that have ‘ST’ in front of their stock name, which

stands for ‘Special Treatment’ status because of operating losses for two consecutive years. For these

stocks, the daily price limits are ±5%. Any trading during the day has to happen within the specified

price band.

Another type of trading restriction is to suspend the stocks’ trading, which means the stock is

no longer tradable. The exchanges allow companies to suspend trading if there are “major corporate

events” that can materially affect firm valuation, including the possibility of merger and acquisition.

The listed company will apply to the exchange under variety of quoted reasons, ranging from “we

plan to conduct an M&A” in one day and “we cannot reach agreement after careful negotiation”

several days after, to “we are planning a major event” in one day and “after careful examination this

is merely a routine event, does not qualify for major event” several days after.

More important, the exchanges allow the trading suspension to last for a long period of time,

some times even longer than one month. Even though other major exchanges, such as the NYSE,

also have restrictions on trading when companies have pending news that may affect the security’s

price, it happens only in the form of trading halts or delays–which typically last less than an hour. In

practice, they rarely choose to halt trading without material pending events. In China, in contrast,

the exchange errs on the side of conservatism and almost always approves requests for trading

suspension, without strictly enforcing the validation of the claimed reasoning behind suspension

request. So the decision power shifts to corporations in deciding whether or not to suspend trading
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on their stocks. This is one of the major concerns of the MSCI to include the Chinese A-shares in

its emerging market index.

3 Data

The data used in this study contains two parts. The first part is the data related to firms’ decision

to suspend and resume trading on their stocks, which includes firm characteristics, the timing of

suspension and resumption, as well as market-wide conditions. The second part is the account

level data which includes the trading and holding data for each account that is registered with the

Shanghai Stock Exchange.

3.1 Stock data

The data on the determinants of firms’ suspension and resumption decisions is obtained from the

Wind database, which contains detailed financial data for Chinese exchange listed companies. It

provides daily market trading data as well as the quarterly accounting data for each publicly listed

company. We include all the A-share stocks listed in both Shanghai and Shenzhen stock exchanges.

We keep track of each stock’s trading status, so that we can determine the timing as well as the

duration of a trading suspension.

Figure 1 plots the daily number of stocks in 2015 that are in trading suspension (Panel-A), and

the number of stocks in July 2015 that start suspension or resumption on each day (Panel-B). Panel-

A shows that the number of stocks that are in trading suspension is in the order of 300 to 400 in

the first six months and it spikes quickly in early July, with the peak number of suspension to be as

high as 1438 on July 9, 2015, which represents about 52% of the total 2772 listed stocks or about

36% in terms of total market capitalization. It then quickly drops to the pre-July level in about two

weeks. To relate the suspension events to the market condition, we also plot the cumulative market

return since January 5, 2015. It shows that the Chinese stock market went through a huge run-up

since March of 2015 and peaked in around mid-June, and then dropped quickly in a short period of

three weeks, right before the large suspension events. Panel-B shows that starting from July 2, the

number of newly suspended stocks surpasses the number of newly resumed stocks, with the peak of

565 newly suspended stocks on July 8, 2015. The number of newly resumed stocks surpasses the

newly suspended stocks on July 10, with the peak number of 360 resumptions on July 13, and the

two numbers are both very small after July 23. Therefore, in this study, we focus exclusively on the

large number of suspension and resumption events in the period from July 2 to July 23, 2015.
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We extract from the Wind database the company-level characteristics, such as the exchange

(‘SZSE Dummy’ is the dummy for stocks listed in the Shenzhen Stock Exchange), the controlling

shareholder type (‘SOE Dummy’ is the dummy for state-owned-enterprise), the fraction of regulat-

ed margin-long trading relative to the firm capitalization (‘MarginLongFraction’), the percentage of

shares that are pledged by shareholders to borrow (‘SharePledgedFraction’), the top-10 shareholders’

total ownership (‘Top10 Ownership’), the stock capitalization in billion-RMB (‘Size’), the institu-

tional ownership (‘InstituteOwnership’), the price-to-book ratio (‘PBRatio’), the debt-to-asset ratio

(‘Debt2Asset’), the daily return and turnover, the cumulative return, the return standard devia-

tion, the average turnover from June 15, 2015 to the day before the current day (‘CumRet Jun15’,

‘stdRet Jun15’, and ‘avgTurn Jun15’).

We also aggregate the firm-level data to construct the market-wide variables: ‘nMaxDownLimit’

(‘nMaxUpLimit’) is the total number of stocks that hit the maximum down (up) daily price limit,

after which the stocks cannot be further traded outside the limit. For the majority of the stocks, the

daily price limits are ±10% relative to the last closing price. There are small number of stocks that

have ‘ST’ in front of their stock name, which stands for ‘Special Treatment’ because of operating

losses for two consecutive years. For these stocks, the daily price limits are ±5%. For example, in

our selected sample period, the largest number of stocks hitting the down-limit is 1750 on July 7, out

of which only 34 stocks are ‘ST’ stocks. ‘MKTTurnover’ is the value-weighted market-wide turnover.

These variables are meant to capture the overall market conditions, such as return and trading.

To include in our analysis, we require that the stocks are trading at the beginning of the selected

window (July 2, 2015), but the stocks can be either trading or suspended at the end of the window

(July 23, 2015). For the analysis of suspension decision, we keep track of stocks from July 2, and

stops once it suspends trading, or till the end (July 23) if the stocks did not suspend during this

period. Similarly, for the analysis of resumption decision, we start to keep track of a stock once it is

suspended, until either the resumption day or the end of the window (July 23) if it did not resume

trading by then. Therefore, we have unbalanced panels for both events.

Panel-A of Table 1 provides the summary statistics for the main explanatory variables of the

suspension decision using the suspension sample. For example, the average fraction of shares pledged

is 7.6%, with the highest fraction to be 59%. The fraction of the margin long trading relative to

firm size is relative low: the average is only 2.9% and the maximum is 23%. Roughly half of stocks

are SOEs and stocks are listed half-half in the two exchanges. The average ownership of Top-10

largest shareholders is 57.5%. The average values are 22.7 billion-RMB for firm size, 39.1% for the
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institutional ownership, 6.98 for P/B ratio, 0.45 for the debt-to-asset ratio. The average cumulative

return since June 15, 2015 is about -34.7%, reflecting the sharp down-turn of the Chinese stock

market since mid-June to early July (see Panel-A of Figure 1). The turnover based on the floated

shares is 6.1% per day, and the market-wide (value-weighted) turnover is 2.9% per day.

For the resumption sample, out of 1,055 suspended stocks, 86% of them (or 903 stocks) resumed

trading before our sample-end (July 23, 2015), and the average suspension duration for these stocks

is 4.4 days. The rest of the suspended stocks extend the suspension beyond our analysis window,

and therefore have much longer suspension duration (the average duration is 11.5 days if we truncate

the suspension on July 23, 2015).

3.2 Account data

We have access to the entire trading record in our studied period for stocks listed on Shanghai Stock

Exchange. Our data set covers three main files: trading, holding, and account type. In the trading

file, we have account-trade level data that cover the common trade variables, with security code,

encrypted account identifier, trade price, trade volume, trade direction, and the date and time of the

trade. The holdings file is recorded daily to reflect each account’s end-of-day holdings. The holdings

variables include encrypted account identifier, date, security code, holding balance, and effective

date. The account type file classifies each account under a specific type, including individuals,

mutual fund, qualified foreign institutional investor, social security fund, insurance firm, brokerage

asset management, broker self- account, hedge fund, and other institutions.

We conduct two sets of analysis using account level data. For the first part, we only use infor-

mation on holdings to understand trading patterns of each types of investors, and use the entire

sample of account. For the second part, we sort investor accounts according to the suspension ratio

of the portfolio and study their trading and related gains. Individual investors are sorted into two

groups–small and large–based on their account value. The large individuals are defined as accounts

with more than 1-million RMB and the rest accounts as small individuals. Given the huge amoun-

t of calculation needed, we randomly select 10% of small individual investor accounts, with their

encrypted account ID number ending with “9” and use all large individual accounts. In order to

include accounts that are affected by trading suspension, we put additional criterion for sample for-

mation. First, the average account value in July, 2015 needs to be greater than RMB10,000; second,

the account needs to have at least one transaction (either buy or sell) in July, 2015; and third, the

account needs to have at least 3 stocks in portfolio daily average in July, 2015.
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In Panel B of Table 1, we report the summary statistics using account level information. We

report holdings of suspended and unsuspended stocks by different investor types on July 1, 2015. On

average, individual investors hold about 30% of unsuspended stocks and 51% of suspended stocks,

while institutions hold the rest. So individuals holds disproportionally more suspended stocks. Note

that holdings are very small for some institutional types, like broker self managed account and

hedge funds, and partly due to low participation of these institutions in the market, partly due to

unidentified “other institutions.”

After applying the filter and the 10% sampling for individual accounts, we are left with 363,999

individual accounts, of which 361,952 are small individual accounts, with an average account balance

of RMB229,146; and 2,047 are large individual accounts, with an average balance of RMB19,265,021.

The mutual fund sample has 3,185 accounts, with an average account balance of RMB290,942,369.

4 Determinants of Trading Suspension and Resumption

In this section, we study what determines the firms’ decision to suspend their stock trading, and

subsequently when to resume the trading.

4.1 Trading suspension decisions

To study the firms’ choice of suspending stock trading, we carry out our analysis in two steps. In

the first step, we analyze the static sample and ask whether a firm chooses to suspend its stock

trading within our selected window. In the second step, we analyze the dynamic sample and ask in

addition when the firm chooses to suspend their stock trading by including time-varying explanatory

variables.

A Static sample

The static sample contains one observation for each stock and the key variable is the dummy that

indicates whether the stock chooses to suspend its trading during the selected window (from July 2

to July 23, 2015). To explain the probability of trading suspension during this period, we use the

following explanatory variables: (i) dummy variables, such as whether it is a SOE firm, whether it is

listed in Shenzhen Stock Exchange, whether it is allowed to be traded on margin; and (ii) the firm-

characteristics by the end of the second quarter (June 30, 2015), which is right before our selected

event window.

Table 2 reports the result of logistic regression of the suspension dummy on the ten explanatory
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variables. The result indicates the following: (i) firms with larger fraction of shares pledged by their

shareholders are more likely to suspend their stocks, reflecting the possible motivation to prevent

margin calls from the pledged borrowing; (ii) firms with larger fraction of long position from margin

trading are more likely to suspend; (iii) SOE firms are less likely to suspend their stocks, either

because they are less concerned about significant stock price drops or because they are concerned

about the negative reputation cost that might come with trading suspension;4 (iv) stocks listed in

Shenzhen Stock Exchange have higher probability to suspend trading, possibly reflecting the different

types of stocks listed in the two exchanges; (v) small stocks are more likely to suspend; (vi) firms

with lower recent cumulative returns are also more likely to suspend; and (vii) firms with higher

price-to-book ratio are more likely to suspend.

Note that the debt-to-asset ratio and the two ownership measures are all insignificant. In addition,

the margin-long fraction is only marginally significant—despite the common argument that it is the

high margin induced leverage that creates the sharp increase and then fall of the stock market

in the summer of 2015. One possible explanation is that the regulated margin trading generates

only modest leverage, while the shadow margin market, outside the regulator’s book, may generate

extremely high leverage and therefore should take all the blames instead. For a detailed analysis

on the difference between these two types of margin trading, see, e.g., Bian, Da, Lou, and Zhou

(2017). Finally, the model explains whether the firm chooses to suspend its stock trading with only

modest success. For example, the log-likelihood improves only by 13% (the pseudo R-square) by the

explanatory variables.

B Dynamic sample

In the above analysis of the static sample, we can only ask whether or not a firm chooses to suspend

its stock trading within the chosen window. To answer the question of when to suspend, we need

a dynamic sample. In this case, start from the beginning of the sample period (July 2), we keep

track of firms until either it chooses to suspend its trading or by the end of the sample period (July

23). The benefit of the dynamic sample is that we can have time varying explanatory variables, such

as the firm’s most recent return and trading volume, the market-wide conditions. We extend the

analysis on the static sample by adding new time varying variables on the dynamic model.

Table 3 reports the result of panel logistic regressions with random effect. To compare the

4Trading suspension might exacerbate market panic if investors take it as a sign of significant market stress. After
all, to maintain market stability, shortly after the drastic down movements in the market, Chinese government required
all SOEs to choose one of five measures to support prices, including not selling the stock and buy back shares.

12



dynamic sample with the static sample, we first repeat the same logistic regression as the static

model. The result (model-(1)) confirms that the coefficients and their statistic significance are very

similar to that reported in Table 2. However, for the dynamic sample, the static model-(1) only

increases the loglikelihood by 7% (vs. 13% in the static sample), reflecting the difficulty of explaining

the timing of the suspension using only the static variables. Next, we add two return measures to

model-(1). The results show that the cumulative return from June 15 to the previous day (model-(2))

and the current day return (model-(3)) are both significantly negative in predicting the next day’s

probability of suspension. More important, the Pseudo R-square increases only slightly to 8.4% in

model-(2) but significantly to 18.5% in model-(3). In model-(4), we add the two returns at the same

time and the R-square increases to 20.5%. The results from models (2-4) indicate that the prior day’s

return is more important than the cumulative returns before that in explaining the firms’ suspension

decisions. In model-(5), we add further the return volatility and trading turnover measures, which

are all significant and increase R-square to 21.6%. Finally, we add further the market-wide return

and turnover in model-(6). The result shows that, more number of firms that hit the daily price

down-movement limit and higher market-wide turnover increase firms’ probability to suspend their

stock trading the next day. Adding the market-wide variables increase R-square further to 28.8%.

These results indicate the importance of the dynamic variables in explaining the firms’ probability

to suspend stock trading. In particular, firm-level current day and past returns, and market-wide

return and turnover are the most important explanatory variables to determine both whether and

when the firm decides to suspend stock trading.

4.2 Trading resumption decisions

In this section, we study firms’ decision to resume trading once they suspend their stocks. We keep

track of firms from the first day of their suspension until they resume trading before the sample end,

or by the sample end if they are not resumed by then. So, we have an unbalanced panel of suspended

stocks, with the duration of the suspension truncated by the end of our analysis window (which is

July 23, 2015). We then perform the panel logistic regression on the panel data, similar to what we

did above for the suspension sample.

Table 4 reports the logistic regression results. There are three firm-level variables that are signif-

icant. First, firms with higher share pledged by their shareholders are less likely to resume trading

(or, equivalent, they take longer time to resume trading). Second, stocks listed in Shenzhen Stock

Exchange also take longer time to resume trading. Third, firms that have suspended trading for
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longer period is more likely to resume trading. Forth, the number of firms hitting the daily price

limits, especially the up-limit, positively predicts the resumption probability. Finally, the two vari-

ables at the same industry level as the suspending stocks, the cumulative return since suspension

and the current-day turnover, are both significant explanatory variables for resumption decision.

Combining the analysis in the previous section on the suspension decision, it seems that firms

listed in the Shenzhen Stock Exchange, firms with higher fraction of share-pledged, when the market

have more firms hitting the down price limit, all lead to higher probability of suspension, and once

suspended, lead to longer period to resume trading. In other words, stocks that are more likely to

suspend are also those that suspend for a longer period.

4.3 Further analysis on the leverage effect

Bian, Da, Lou, and Zhou (2017) studies the market contagion effect from high leverage, especially

induced by the ‘shadow-lending’ market. In the analysis above, we have included three measures

that are related to leverage. The first is the firm-level debt-to-asset ratio; the second is the leverage

induced by margin trading, and finally, the leverage induced by share pledged borrowing by the

existing large shareholders. Note that the first two measures do not seem to have explanatory power

for firms’ suspension decisions, while the share pledged fraction show significant explanatory power.

In this section, we show that the effect of explanatory variables that we report in the previous

section hold the same even for firms that have near-zero share-pledge. This indicates that even

though the concern of the margin calls on the share-pledge is intuitive and bears evidence in the

data, other variables seem to play an even bigger role in explaining the observed suspension decisions.

Table 5 provides the summary statistics for the suspension rate and duration for firms with

different degree of share-pledge. Panel A reports that the average suspension rate increases from

30% to 65% from the lowest to highest share-pledged groups, with total of 2312 stocks in our sample.

Even though the average suspension rate is positively correlated with the share-pledge ratio, the

fact that even the lowest share-pledge group has a large suspension rate indicates that other factors

besides the share-pledge must be important as well. This will become clear when we carry out

the sub-sample analysis below. Panel B separates the suspended firms in each share-pledge group,

and count the number of stocks that resume trading either before or after the end of our analysis

window (July 23, 2015). For example, for middle share-pledge group, out of the total 199 suspends,

168 resumes trading before July 23, and 31 keeps suspending after July 23. Panel C reports the

corresponding average duration (number of days in suspension), where we truncated the duration for
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those that extended outside our analysis window by July 23. The highest two groups have average

suspension duration of more than 6 trading days and the lowest groups have slightly lower duration

of less than 5 days.

The simple summary statistics, on the surface, seem to suggest that the share-pledge fraction is

the main driver of the firms suspension decision, as the suspension rate increases near-monotonically

with the share-pledge fraction. One may argue that the reason we only find the share-pledge to be

marginally important is because of the data quality regarding the share-pledge, and in particular,

we do not have a good measure of the distance to margin call for the share-pledged borrowing for

shareholders. To address this concern, a direct approach would be to construct such a measure,

which is conceptually possible, but empirically very challenging. We take an alternative route: if

the argument is true that share-pledge plays a key role in firms’ suspension decision because of

the potential concern of margin calls for the pledged borrowing, then we should not see material

suspension events for firms that have near-zero share-pledged. Recall that for firms with share

pledge ratio below 1%, the suspension rate is 30%, and for those with lower than 10% pledged, the

suspension rate is 51%. This indicates that the driven force for those low pledge stocks has to be

something else other than the share-pledge itself.

To test this conjecture formally, we separate the full sample into two subsamples, one with

near zero share pledge (below 1%) and the other with higher pledge (rest of the sample). We

then re-run the logistic regression for each subsample. Table 6 reports the results for the two

subsamples. The results clearly show that the two subsamples have very similar coefficients across

all the explanatory variables. The only difference that is significant is the effect of SZSE Dummy on

the suspension probability: while it is highly significant for the low-pledged stocks, it is not significant

for high-pledged stocks. All the other variables have the same qualitative significance across the two

subsamples.

In order to test if all the explanatory variables jointly have similar effect on the suspension decision

across the two subsamples, we run a joint logistic regression with interaction terms of a dummy for

low-pledge stocks with all other variables. We then test the hypothesis that the joint coefficients

on the interaction terms are zero. That is, we test formally in the logistic regression, whether the

explanatory variables have similar effect on the two subsamples with different share-pledge fraction.

We find that we cannot reject the hypothesis at the 5% level that all the explanatory variables have

the same effect on the suspension decision irrespective of the firms’ share-pledged fraction. In other

words, the explanatory variables have the same joint effect (coefficients) on the near-zero share-pledge
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sample as the full sample. Therefore, we can comfortable conclude that even though the share-pledge

plays some role in the suspension decision, other explanatory variables are also very important. This

holds true even if the share-pledge data we have may contain some measurement errors.

5 Effects of Trading Suspension

In this section we study the effect of trading suspension on both the stocks and investors. We first

analyze the performance of stocks involved in suspension before and after the trading suspension in

Section 5.1. We then study how suspension events affect investors’ trading behavior and profits by

using detailed account-level data from Shanghai Stock Exchange.

5.1 Stock-level analysis

A Time series: return before and after suspension

In this section, we construct the event-time series returns for the suspended stocks. In particular,

we select stocks that choose to suspend and then resume trading within the time window of July

2 to July 23, 2015. We first aggregate the suspension period into the ‘0’ event-day. Then we keep

track of the suspended stocks 50 trading days before the suspension and 50 trading days after its

resumption. To construct the full 100 event days returns, we compute the average returns (either

equal- or value-weighted, in which the lagged size is used as weight) for each event day. Based on

the daily average returns, we then construct the cumulative average returns over event time.

Figure 2 reports the event time series of raw returns. Panels A and B plot the daily average

equal- and value-weighted returns respectively. Since there is no trading for suspended stocks, the

return during the suspension period is zero for these stocks. Note that there are large negative

returns for the 5 days just before the suspension, and the first two days after resumption have very

large positive returns. Panels C and D plot the cumulative average returns under equal- and value-

weighting respectively. It is clear that there is huge run-up from 40 to 15 trading days before the

suspension, with the value-weighted cumulative return of over 40% (nearly 60% for equal-weighted

average return). Then it quickly drops from the peak to the bottom just before the suspension. Note

that the peak is roughly around June 15, 2015. The stocks bounce back quickly after resumption, but

then drop back to the pre-suspension level about 30 trading days after resumption. For comparison,

we also plot two reference returns. The first, ‘Non-Event firms’, is the market returns based on

non-event stocks that are trading. The second, ‘Matching firms’, is the non-event stocks that belong

to the same quintile size portfolio within the event firms’ industry. The figure clearly shows that
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the pattern of steep rise and then fall of stocks prices for suspended event stocks tracks very well

the overall pattern of the rest of the market. It also indicates that the event firms and non-event

firms are quite different in the pre-event window. Therefore, we will use the matching firms as the

benchmark return, which tracks well the event firms’ return before the suspension.

Figure 3 reports the event time series of abnormal returns. In order to compare the event firms

with other non-suspending firms, we construct the quintile size portfolios within an event firm’s

industry as the benchmark.5 Each event firm is matched to the benchmark portfolio by industry

and size. Then the abnormal return is the difference between the event stock’s raw return and

the its corresponding benchmark return. Panel A plots the event time series abnormal returns. It

seems that event firms have very similar returns as their benchmark except in the very short period

surrounding the suspension. Panel B plots the cumulative abnormal returns (CARs). For value-

weighted CAR, it is close to zero from 50 to 10 days before the suspension. It then starts to drop

to about -5% one-day before the suspension. Then the event-day (zero) abnormal return simply

reflects the benchmark return (because the event firms have zero return during suspension). In our

data, on average, the abnormal return on the event day is large and negative, indicating that the

comparable trading stocks have large price appreciation during the event firms’ suspension period.

Once the event firms resume trading, the CARs bounce back quickly within 5 trading days, and the

overall return is only slightly lower than zero. We will use the cross-section to look into this return

dynamics after resumption in the next section.

B Cross-section: return reversal and catch up after resumption

In the above analysis we find that the average abnormal returns of the event firms seem to bounce

back. There are two possible effects. The first one is the cumulative abnormal returns right before

the suspension. If these CARs are temporary, then once the stock resume trading, the negative

CARs should disappear. On the other hand, if these CARs reflects the quality of the event firms

relative to the benchmark, then these CARs will remain even after resumption. The second one is

the CARs during the suspension. If the event firms and the benchmark firms are similar, then once

the stocks resume trading, the event firms will catch up with the benchmark returns. That is, the

CARs during the suspension should be fully reverted back. Of course, it could be that the event

5To reduce idiosyncratic returns, we require the benchmark portfolio to have at least ten trading stocks. Since some
industries may have small number of stocks, we form the benchmark in the following order. We first construct the
size-quintile for each finer industries (total of 90), and if the number of stocks is less than ten, then we re-do it for each
of the broader industries (total of 19), and if the number of stocks is still less than ten, we then form the size decile
portfolios using all non-event stocks on each day.
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firms are indeed different from the benchmark stocks so that they will not fully catch up in terms

of returns. Therefore, we would like to test these two effects, one on the reversal of pre-suspension

abnormal return and the other on the catch up of suspension period benchmark return.

Table 7 reports the results. The dependent variables are the 5-day (10-day) CARs after the

trading resumption for the first (last) four models. The explanatory variables include the suspension

period CARs, the 10-day CARs right before the suspension. We also separate the 10-day into

9-day and 1-day for robustness analysis. The regressions use the suspension period CARs and pre-

suspension CARs as the main variables to explain the post-suspension CARs. The coefficient of

‘Suspension CAR’ reflect the degree of return catch up and the coefficient on the pre-suspension

CARs reflect the degree of return reversal. The key results are the following. First, in all the models,

the coefficient for ‘Suspension CAR’ is close to -1, indicating that the event firms fully catch up

with the benchmark returns after trading resumption. Note that the magnitude of the coefficients

are greater than 1 when we estimate the 5-day post-resumption abnormal returns (see models 1-4).

However, the coefficients are not statistically different from -1 when we estimate the 10-day post-

resumption abnormal returns (see models 5-8). In other words, the resumption firms first regain

more than peers’ return during their suspension shortly after their resumption, and gradually reduce

to the full catch up within 10 trading days after resumption. Second, all the coefficients for the pre-

suspension CARs are negative but with magnitude less than 1, indicating that there are partial but

not full reversal of pre-suspension CARs. Note that we also separate the CARs into one-day before

the suspension and the rest of CARs, we find that the reversal for the one-day before suspension

abnormal return is much stronger than longer distance of pre-suspension returns. Third, even though

two of the controlling variables (SOE Dummy and SZSE Dummy) are significant in explaining the

5-day post-resumption return, both of them become insignificant for the 10-day post-resumption

return. Finally, the intercepts are all positive and they become significant, in the order of 3%, when

we explain the 10-day CARs after resumption (models 5-6). This positive intercept can also be

viewed as return reversal for the suspending stocks as a group, which on average have much lower

pre-event returns than their matching stocks.

To quickly summarize our main findings based on the cross-sectional regression of post-resumption

CARs: (i) event firms fully catch up with the benchmark firms after resumption, (ii) the pre-

suspension CARs are only partially reversed after the resumption, and (iii) the overall post-resumption

returns are slightly higher than the benchmark return after taking into account the catch up and

reversal effect.
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C Subsample analysis

In this section, we repeat the above analysis for sub-sample of stocks. In particular, we separate stocks

into size groups according to their market capitalization on June 30, 2015: Small-Cap (bottom 30%),

Mid-Cap (middle 40%), and Large-Cap (Top 30%). We first construct the time series of cumulative

abnormal returns over event time, and then we perform the cross-sectional return analysis. Note

that, when computing the abnormal returns, we construct the benchmark portfolios use only stocks

in the same size group as the event firm. The rest of the procedure is identical to the full sample

analysis described above.

Figure 4 plots the cumulative abnormal returns of suspended stocks across the three size groups,

where we normalize the cumulative return one-day before suspension to be zero. Even though the

overall pattern is quite similar, there is some subtle difference among the three size groups. First,

large-cap stocks have the smallest suspension period abnormal returns, and take the shortest time

for suspended firms to catch up. Second, after catching up the suspension period returns in three to

four days, all size groups have similar return patterns in the VW figure (Panel B), but mid-cap stocks

have slightly higher post-resumption returns than the other two groups in the EW figure (Panel A).

In both figures, mid-cap stocks have the lowest pre-suspension period abnormal return. Therefore,

the higher post-resumption returns for mid-cap stocks likely reflect a larger catch-up of suspension

period returns rather than a larger reversal of pre-suspension returns.

To formally test the difference in the return reversal and catch-up across these size groups,

we carry out similar cross-sectional regressions as reported above by adding interaction terms. In

particular, from our full-sample analysis, we know the most important determinants in the post-

resumption return are the suspension-period cumulative return and the pre-suspension return. We

then interact these two returns with two size dummies: SmallCap Dummy which equals 1 for Small-

Cap and 0 otherwise, and MidCap Dummy which equals 1 for Mid-Cap and 0 otherwise–with the

Large-Cap to be the base group. Table 8 reports the results. First, models (1) and (4) are very

close to the results for the same models reported in Table 7, with the small difference coming from

the benchmark portfolio.6 Second, for Small-Cap stocks the catch-up effect is indifferent from the

Large-Cap stocks for both post-5 and post-10 day CARs. For Mid-Cap stocks the catch-up is highly

significant and larger than Large-Cap for both post-5 day and post-10 day CARs.7 This is consistent

6In particular, in the full sample, the benchmark portfolio uses all available stocks, while in the size subsamples,
the benchmark portfolio uses only stocks in the same size group as the event stocks.

7In testing the catch-up effect, for the full sample, either the post-5 day (model-1) or post-10 day (model-
4) CARs more than fully catch-up with suspension period CARs. That is, the coefficient of Suspension CAR<-
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with the pattern plotted in Figure 4. Finally, there does not seem to have any difference in the return

reversal across size groups.

We also performed a similar analysis for subsample of SOE and Non-SOE stocks. To save space,

we can report without showing the details that the two groups do not seem to have much difference

in terms of the return patterns over time and across stocks.

5.2 Account-level analysis

In this section, we study the impact of trading suspension on the trading decisions and the subsequent

performances of various types of investors. We first study how investors trade over time on stocks

that with or without experiencing suspension event, and in particular, how different investor types

differ in their trading across these two groups of stocks. We then study the trading behavior of

investors with different degree of suspension of their portfolio.

A Trading behavior across investor types

This section reports the trading behavior of different investor types for the suspended and unsus-

pended stocks over time. Following similar convention as in Section 5.1 for stock return analysis,

we focus only on stocks that are open for trading both on July 2 and July 23, 2015. We categorize

a stock as “suspended” if it suspends and then resumes trading and is “unsuspended” if it never

suspends trading within the time window of July 2 to July 23.

As seen from Table1 Panel B, holdings can be very small for some institutional types, like hedge

funds and broker self managed accounts. Yet their trading patterns may be representative of other

unidentified institutions. To focus on the trading patterns for each types of investors, we normalized

future holdings of each investor types by their corresponding holdings on July 1 2015.

Figure 5 reports the holdings of suspended and unsuspended stocks by institutional and individual

investors following the stock market crash in July 2015. For each panel, the left plot reports over

time the fraction of holdings retained by existing investors on July 1, 2015, and the middle plot

reports the fraction of holdings purchased by new investors, also normalized by the original holdings

of the corresponding investor type on July 1. The right plot is the sum of existing and new investors’

1. For subsample of Large-Cap stocks, they fully catch-up the suspension period CARs (coefficient of Suspen-
sion CAR=-1). For subsample of Mid-Cap stocks, they more than fully catch-up the suspension period CARs (coef-
ficient of Suspension CAR+MidCap Dummy×Suspension CAR<-1). For subsample of Small-Cap stocks, the post-5
day CARs (model 2) more than catch up (coefficient of Suspension CAR+SmallCap Dummy×Suspension CAR<-
1), and the post-5 day CARs (model 3) and post-10 day CARs (models 5,6) fully catch up (coefficient of Suspen-
sion CAR+SmallCap Dummy×Suspension CAR=-1) with the suspension period CARs.
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holdings.

The following example illustrates our definition of existing and new investor holdings. Assume

an investor holds 100 shares of stock A on July 1, sold 50 shares, and later bought back 20 shares, all

in stock A. Then his existing holdings are 100, 50 and 70 shares over time. If however, the investor

choose to come back to the market after selling 50 shares of A, but instead bought 20 shares of stock

B, which he does not own on July 1. Then he is considered a new investor in stock B. His total

holdings are 50 shares of existing holdings in stock A and 20 shares of new holdings in stock B. We

then aggregate existing and new holdings of each stock for all investors in a given type, and value-

weight across stocks to derive the existing and new investor holdings. Finally we normalized these

holdings by the total holdings of the corresponding investor type on July 1 to derive the fraction of

existing and new investor holdings over time.

Several interesting patterns emerge. First, individual investors reduce their holdings after the

market crash and institutions increase their holdings. This difference is driven mostly by individual

investors’ drastic selling decisions. On average, existing individual investors sell about 40% of their

original holdings by August 21, whereas existing institutions sell less than 10%. Individuals also have

more buys from new investors, averaging about 30% of their original holdings. These new buys could

either reflect new individual investors’ entering the market (which is less likely during the period),

or reflect individual investors’ switching to different stocks from their original holdings. These new

buys are not sufficient to offset the drastic sell by individual investors early on, leading to a net sell

over the period. In contrast, institutions sold very little early on, and bought more aggressively later,

leading to a net buy over the period.

Second, suspension affects trading decisions of investors, but very differently for individual and

institutional investors. Existing Individual investors sell aggressively unsuspended stocks before July

10, when the market is in severe distress. They sell suspended stocks to a much lesser degree, leading

to a significant holdings difference for suspended and unsuspended stocks on July 10, at 85% and

71% respectively. In contrast, existing institutional investors sold very little of both types of stocks,

keeping about 96% of their original holdings for both by July 10th. After July 10, most suspended

stocks resume trading. Both individuals and institutions increase their selling of suspended stocks.

For individual investors, their net sell of unsuspended stocks remains significantly lower (about 15%),

relative to their net sell of suspended stocks (about 7%). For institutional investors, the net buy for

suspended and unsuspended stocks are similar over the period, at about 7% for both.

Next, we study the trading decisions for different types of investors within the two large categories

21



of individual and institutional investors. We find that the trading patterns are very similar for

large and small investors. For conciseness, we do not report the results here. Interestingly, the

patterns are very different for different institutions. Figures 6 reports the trading patterns of four

representative institutions, including mutual funds, hedge funds, insurance companies and broker

self-managed accounts. During the period of July 2 to August 21, mutual funds and hedge funds on

average reduce their stock holdings, insurance companies maintain similar levels of stock holdings,

and broker self-managed accounts increase significantly their stock holdings.

The buy and sell patterns of mutual funds is quite similar to that of individual investors. They sell

about 35% of their original holdings and buy about 30% as new investors, with a net sell of about

5%. One noteworthy difference is that, instead of overselling unsuspended stocks like individual

investors do, mutual funds have a slight increase in their holdings of unsuspended stocks in the

beginning. They sell similar amount of suspended and unsuspended stocks throughout the period.

In addition, they don’t buy as aggressively as individual investors before July 15 (less than 5% new

buys comparing to about 15% new buy for individual investors during the same period). These

patterns are consistent with mutual funds maintaining their liquidity by holding on to the more

liquid unsuspended stocks and by maintaining more cash holdings, in anticipation of drastic market

movements and fund outflows in the future.

Hedge fund sell even more aggressively than individual investors, selling more than 50% of their

original holdings by the end of the period. They sell much more unsuspended stocks than suspended

stocks early on, and later fully catch up on their selling of suspended stocks. They buy similar

fraction of new stocks as individual investors and mutual funds. The net effect is that hedge funds

are the most aggressive sellers in the market. One surprising feature is that half of their selling occur

after July 25th, especially for suspended stocks, perhaps due to the liquidation of some failed funds.

Despite slightly different patterns for mutual funds and hedge funds, their behaviors are largely

consistent with individual investors. They exit the market during market downturn, partly driven by

fund flows and by binding margin constraints. They can sell even more aggressively than individual

investors, exacerbating the problem during market downturn.

Insurance companies act quite differently from mutual funds and hedge funds. Their trading

pattern is closer to that of institutional investors in Figure 5, except that their net trading is close

to zero on average. They also treat suspended and unsuspended stocks very differently. On the one

hand, they maintain their holdings of unsuspended stocks throughout the period, with little selling or

buying. On the other hand, there is significant selling of suspended stocks and significant buying by
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new investors. This evidence suggests that insurance companies may differ significantly about their

preferences for suspended stocks. Some companies have a strong distaste for suspended stocks and

sell a large fraction over the period, while other insurance companies gradually buy these suspended

stocks, perhaps at discounted prices. On net, these two forces cancel out and the net trading of

suspended stocks is close to zero among all insurance companies.

Broker self-managed accounts are the most significant net buyers among institutional investors.

Their trading pattern is very striking. On the one hand, their sell pattern is very similar to that

of mutual funds, even with slightly larger magnitudes. On the other hand, they are the outlier in

terms of new investor buying. They treat suspended and unsuspended stocks very differently. For

suspended stocks, they buy about 40%, which is only slightly higher than 30% for mutual funds.

For unsuspended stocks, however, their new buy amounts to about 100% of their original holdings,

which is significantly higher than any other groups of investors. This pattern is consistent with the

conjecture that some of their buy decisions reflect bailout efforts.

In unreported analysis, we also study social security funds and other unidentified institutions.

Their trading patterns are largely similar to those of insurance companies, with slightly more net

buying.

Figure 7 plots the holdings of different market capitalization stocks by institutional and individual

investors. Institutions sell more small cap than large cap stocks, and they buy similar amounts across

the size groups. On net, they increase holdings of large and mid cap stocks and have small net changes

for small cap stocks. Suspension affects their trading mostly through new buy orders of mid cap

stocks, before July 10th. This trading pattern is consistent with the conjecture that bailout effort is

concentrated in this segment of the market.

For individual investors, they sell similar amount across different size groups, but buy more small

cap stocks as new investors. Therefore, they are net sellers of mid and large cap stocks, but with little

net trading of small cap stocks. For individual investors, suspension has more pronounced effect on

overall trading pattern, mainly by delaying their selling of suspended stocks and increase selling of

unsuspended stocks early on. For small and large cap, the selling on suspended stocks largely catch

up. But for the mid cap group, the effect of suspension on stock holdings is more permanent.

B Trading behavior across suspension ratio

For a given trading account with both suspended and unsuspended stocks, suspension decisions

on some stocks may have both positive and negative externalities for other stocks. On the one
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hand, investors need to sell unsuspended stocks to meet all liquidity demand for the account, due to

margin calls, fund flows, or other institutional constraints. This effect causes significant downward

price pressure for unsuspended stocks, and gives firms reasons to herd on their suspension decision.

On the other hand, in a market with significant price drops, if there are capital injection from

sidelined investors, unsuspended stocks can enjoy the price support from capital injections along the

way. Investors exit earlier may receive better prices. In contrast, suspended stock can only trade

after trading resumption, which is usually after prices settle to new levels. If the new price level is

significantly lower, owners of suspended stock may miss out on the opportunity to exit the market

while they can.

Although constrained investors can benefit from trading suspension if they can avoid forced

liquidation, unconstrained investors are likely hurt by suspension if trading suspension restricts

their ability to rebalance their portfolio, especially during volatile market conditions. It is therefore

important to evaluate the impact of stock trading suspension on the portfolio performance of different

types of investors.

To study the impact of trading suspension across investors, we construct the account-level sus-

pension ratio on each day. The account-level portfolio suspension ratio is calculated as the value

of suspended stocks as a percentage of entire portfolio value. We use the end of last trading day’s

account holding value and closing price to construct the account level trading suspension ratio. If a

stock is suspended and does not have closing price for that day, we use the most recent closing price

for that stock in our calculation.

We then sort this portfolio suspension ratio on each day from July 3 to July 10. We rank those

accounts with zero portfolio suspension ratio as group 1. We rank those accounts with 100% portfolio

suspension ratio as group 5. For the rest of the accounts we divide them equally into three groups,

with rank equal to 2, 3, 4 corresponding to increasing portfolio suspension ratio. Table 9 reports the

summary statistics on account balance and suspension ratios.

Tables 10 and 11 report the 2-week cumulative return and cash flow for different investor types

and for accounts with different suspension ratios. We find that individual investors on average

enjoyed better return than mutual funds. Small (large) individuals on average earn about 8.86%

(8.64%) for the two weeks following the market crash, while mutual funds earn only 5.9%. The main

reason is that individuals on average withdraw less cashflow from their accounts, 4.56% (5.14%) for

small (large) individuals, whereas mutual funds are probably subject to fund outflows and are forced

to liquidate more. They on average withdraw 9.48% of their account balance during this period.
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Note that we follow all these accounts for two weeks after the event date. Nonetheless, the two-week

return following July 3 is very different from two-week return following July 6, simply because of the

difference in whether to include return on July 6th.

When we sort accounts based on fraction of portfolio value suspended for trading, we find in

Table 11 that accounts with higher suspension ratio earn significantly higher return in the two

weeks after the event. Recall from our prior analysis that at the stock level, the return between

suspended and unsuspended stocks are not significantly different once the stock resumes trading.

But we find that investors tend to withdraw from their account when they can trade, and these

trade lose significant value. In contrast, for accounts with mostly suspended stocks, investors added

money to the account, perhaps partly to meet margin calls on other stocks in their accounts. As a

result, they earn significant returns. In particular, we find that for account that has no suspended

stocks, investors on average withdraw 16.62% of their account balance in the two week period. Yet,

those with all stocks suspended, on average add an inflow of 49.28% of their current account value.

This difference in cash flow lead to significant difference in portfolio returns: investors without any

stock suspension (group 1) earn only 1.74% during the period, yet those with all stocks suspended

for trading (group 5) earn a return of 18%. Investors with only partial of their portfolio suspended

(i.e., groups 2-4) earn much higher return than those without any suspension in their portfolio (i.e.,

group 1).

6 Conclusion

Recent years have witnessed one market crash after another. Liquidity dry up and panic selling

by market participants are major concerns for exchanges and policy makers worldwide. Theoretical

work has identified potential market failures during the process and the need for intervention by

the stock exchange or the government during crisis time. However, it is extremely challenging to

empirically evaluate both the ex ante perception of market participants and the ex post effectiveness

of these intervention measures, because we never observe the counterfactual market dynamics had

interventions not occurred. In this paper, we are able to shed some light on both questions, because

of the unique feature of discretionary trading suspension in the Chinese stock market and its large

scale adoption during the July 2015 Chinese stock market crash.

For the first question of market perception about the benefits and costs of trading suspension,

we find that, by revealed preference, about half of the firms find it optimal to suspend trading on

their stocks while others choose to remain open. The suspended firms also choose very different
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policy when it comes to trading resumption decisions, with durations of trading suspension ranging

from one day to more than two months. On the other hand, there are also common determinants

of suspension decisions. In particular, market-wide conditions, as measured by the number of stocks

hitting the daily price down-limit and the trading volume, are strongest predictors of firms’ choice

of trading suspension, indicating that concerns about market-wide panic and/or contagion effect are

behind firms’ choice of trading suspension. Moreover, although the percentage of shares pledged

for borrowing by shareholders and the amount of margin trading on the stock are both significant

determinants for trading suspension, the marginal explanatory power of these variables are relatively

small comparing to stock returns. We also find that the prior-day return, both stock-level and market-

wide, is more important drivers for suspension decisions, than past one or two weeks’ cumulative

return on the stock, even though the latter might be a better measure of how binding margin

constraints are. Therefore, anticipation about future price drops and future constraints are also

important determinants for suspension decisions.

For the second question of the effectiveness of trading suspension, we study the trading patterns

of different types of investors and the return differential between suspended and unsuspended stocks

after trading resumption. Based on the account-level trading data obtained from the Shanghai

Stock Exchange (SSE), we find that individual investors, along with other more market-oriented

institutions, like mutual funds and hedge funds, sell aggressively during the week of market crash,

unloading disproportionally more unsuspended stocks. When we aggregate selling pressures from

various investor types, we find that suspended stocks experience less selling around market crash

when trading is suspended. Selling demand on suspended stocks catches up after trading resumption,

but over a long time period, often up to a few weeks. In some cases, like for mid-cap stocks, the

selling demand does not fully catch up even after a month. Finally, suspension does not lead to

long-term return differentials between suspended and unsuspended stocks.
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Figure 1: Number of Stock Suspension and Resumption and Market Return

The figure plots the number of Chinese stocks that suspended their trading in year 2015. Panel A reports the
total number of stocks in suspension for each trading day in the full year of 2015. Panel B reports the daily
new events of suspension and resumption in the full-month of July, 2015. The sample includes all A-shares
listed in Shanghai and Shenzhen stock exchanges.
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Figure 2: Event-time raw returns of suspended stocks

The figure plots the average raw returns in event-time. To include in the event sample, we require that stocks
suspended and then resumed trading during July 2 to July 23, 2015. The event day of ‘0’ represents the full
suspension period. The negative event days represent the relative trading days before the suspension day, and
the positive event days represent the relative trading days after the resumption day. The “Non-Event” sample
contains all tradable stocks in the market excluding the event firms and the “Matching” sample selects from
the “Non-Event” firms that belong to the same industry and size-portfolio as the event firms. For each event
day, we calculate the average raw returns (equal- or value-weighted) in the upper panels and then construct
the cumulative average returns in the lower panels.
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Figure 3: Event-time abnormal returns of suspended stocks

The figure plots the average abnormal returns in event-time. To include in the sample, we require that stocks
suspended and then resumed trading during July 2 to July 23, 2015. The event day of ‘0’ represents the full
suspension period. The negative event days represent the relative trading days before the suspension day, and
the positive event days represent the relative trading days after the resumption day. The abnormal return is
computed as the raw return net of the benchmark portfolio return. The benchmark is the portfolio of stocks
that are in the same size-quintile within an industry as the event firm. We require that benchmark portfolio
to have at least ten stocks, otherwise, we use size-decile of the whole market as the benchmark. For each event
day, we calculate the average abnormal returns (equal- or value-weighted) in Panel-(A) and then construct
the cumulative average abnormal returns in Panel-(B).
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Figure 4: Event-time cumulative abnormal returns of suspended stocks: size groups

The figure plots the average cumulative abnormal returns of three size groups of stocks in event-time. To
include in the sample, we require that stocks suspended and then resumed trading during July 2 to July
23, 2015. The event day of ‘0’ represents the full suspension period. The negative event days represent the
relative trading days before the suspension day, and the positive event days represent the relative trading days
after the resumption day. The abnormal return is computed as the raw return net of the benchmark portfolio
return. We construct the benchmark and abnormal return separately for Small-Cap (bottom 30%), Mid-Cap
(middle 40%), and Large-Cap (top 30%) stocks. For example, for Small-Cap event stocks, the benchmark is
the portfolio of Small-Cap stocks that are in the same size-quintile within an industry as the event firm. We
require that benchmark portfolio to have at least ten stocks, otherwise, we use size-decile of the same group
stocks as the benchmark.
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(A) Holdings of Individual Investors

(B) Holdings of Institutional Investors

Figure 5: Stock Holdings of Institutional and Individual Investors

The figure plots the holdings of suspended and unsuspended stocks by institutional and individual investors
following the stock market crash in July 2015. Panels A and B report the VW average for individual and
institutional investors, respectively. For each panel, the left plot reports over time the fraction of holdings
retained by original investors since July 1; the middle plot reports the fraction of holdings purchased by new
investors, also normalized by the original holdings of the type of investors on July 1; and the right plot is
the sum of existing and new investors’ holdings. In each plot, the blue solid line reports the VW-average for
unsuspended stocks, and the red line with stars reports the the VW-average for suspended stocks.
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(A) Holdings of Mutual Funds

(B) Holdings of Hedge Funds

(C) Holdings of Insurance Companies

(D) Holdings of Broker Self-Managed Accounts

Figure 6: Stock Holdings of Various Institutional Investors

The figure plots the holdings of suspended and unsuspended stocks by various institutional investors following
the stock market crash in July 2015. Panels A, B, C and D report the VW average for mutual funds, hedge
funds, insurance companies and broker self managed accounts, respectively. For each panel, the left plot
reports over time the fraction of holdings retained by original investors since July 1; the middle plot reports
the fraction of holdings purchased by new investors, also normalized by the original holdings of the type of
investors on July 1; and the right plot is the sum of existing and new investors’ holdings. In each plot, the
blue solid line reports the VW-average for unsuspended stocks, and the red line with stars reports the the
VW-average for suspended stocks.
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(A) Small Cap

(B) Middle Cap

(C) Large Cap

Figure 7: Holdings of Different Size Stocks by Institutional and Individual Investors

The figure plots the holdings of small, mid, and large cap stocks by institutional and individual investors
following the stock market crash in July 2015. Panels A, B, and C report the VW average for small, mid,
and large cap stocks, respectively. For each panel, the left plot reports over time the fraction of holdings
retained by original investors since July 1; the middle plot reports the fraction of holdings purchased by new
investors, also normalized by the original holdings of the type of investors on July 1; and the right plot is
the sum of existing and new investors’ holdings. In each plot, the two blue lines report the VW-average for
unsuspended stocks, with solid lines for institutions and dotted lines for individuals; the two red lines report
the VW-average for suspended stocks, lines with triangle marks are for individuals and with with star marks
are for institutions.

33



Table 1: Summary statistics

This table reports the summary statistics of Chinese stocks that are included in our main analysis for the
period of July 2 to July 23, 2015. ‘SharePledgedFraction’ is the fraction of shares pledged by shareholders;
‘MarginLongFraction’ is the fraction of margin long trading relative to the firm size; ‘SOE Dummy’ is the dum-
my for state-owned-enterprise; ‘SZSE Dummy’ is the dummy for stocks listed in the Shenzhen stock exchange;
‘Top10 Ownership’ is the top-10 shareholders’ total ownership; ‘Size’ is the stock capitalization in billion-
RMB, ‘InstituteOwnership’ is the institutional ownership; ‘PBRatio’ is the price-to-book ratio; ‘Debt2Asset’
is the total debt to asset ratio; ‘Return’ is the current-day stock return; ‘CumRet Jun15’ (‘stdRet Jun15’) is
the cumulative return (standard deviation) from June 15, 2015 to the day before the current day; ‘Turnover’
is the current-day turnover; ‘avgTurn Jun15’ is the average turnover from June 15, 2015 to the day before the
current day; ‘nMaxDownLimit’ (‘nMaxUpLimit’) is the number of stocks that hit the down −10% daily price
movement limit (up 10%); ‘MKTTurnover’ is the market-wide turnover. Note that we assign the aggregate
variables to each firm on the same day, and then compute the cross-sectional summary statistics.

Panel A: Stock Characteristics

N Mean StdDev. Min Max

SharePledgedFraction 22919 0.076 0.120 0.000 0.590
MarginLongFraction 22971 0.029 0.049 0.000 0.230
SOE Dummy 22968 0.469 0.499 0.000 1.000
SZSE Dummy 22971 0.539 0.498 0.000 1.000
Top10 Ownership 22971 57.536 16.350 20.130 92.660
Size 22926 22.723 42.591 2.696 316.363
InstituteOwnership 22952 39.111 23.808 0.520 90.356
PBRatio 22926 6.980 7.161 1.159 62.767
Debt2Asset 22969 0.447 0.231 0.047 0.962
Return 22971 -0.013 0.079 -0.101 0.101
CumRet Jun15 22971 -0.347 0.303 -0.678 2.272
stdRet Jun15 22968 0.067 0.014 0.024 0.152
Turnover 22969 0.061 0.051 0.000 0.396
avgTurn Jun15 22969 0.055 0.035 0.001 0.199
nMaxDownLimit 22971 665.9 680.5 0 1750
nMaxUpLimit 22971 390.9 498.6 15 1550
MKTTurnover 22971 0.029 0.004 0.025 0.038

Panel B: Stock Holdings by Different Investor Accounts on July 1 2015

Small Large Mutual Hedge Insur. Broker Social Other
Ind. Ind. Fund Fund Com. Self Secur. Inst.

Unsuspended 0.23 0.07 0.028 0.005 0.041 0.004 0.010 0.62
Suspended 0.36 0.15 0.048 0.008 0.008 0.007 0.014 0.41
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Table 2: Suspension: static logistic model

This table reports the results from a static logistic regression of the suspension decision on ten explanatory
variables. If the stocks suspended their trading during July 2 to July 23, the binary decision variable of
‘Suspension’=1, and zero otherwise. All the explanatory variables are measured by the end of the previous
quarter (June 30, 2015). ‘CumRetJun15 Jun30’ is the cumulative return from June 15 to June 30, 2015. All
the other nine explanatory variables are defined in Table 1.

Suspension

SharePledgedFraction 3.557∗∗∗

(8.79)

MarginLongFraction 2.056∗

(2.02)

SOE Dummy -0.995∗∗∗

(-8.15)

SZSE Dummy 0.305∗∗

(2.98)

Size -0.008∗∗∗

(-4.08)

PBRatio 0.017∗

(2.31)

Debt2Asset 0.151
(0.62)

Top10 Ownership -0.005
(-1.43)

InstituteOwnership 0.001
(0.27)

CumRetJun15 Jun30 -0.510∗

(-1.98)

Constant -0.317
(-1.20)

Observations 2283
Pseudo R2 0.130

z statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 3: Suspension: dynamic logistic model

This table reports the dynamic logistic regression of firms’ suspension decision on all the explanatory variables
over time. Starting from July 2, 2015 and ending in July 23, 2015, stocks are kept in the sample until
they suspend trading. The model estimates the effect of variables available by today on the probability of
suspending trading the next day (Suspension=1). All explanatory variables are defined in Table 1.

(1) (2) (3) (4) (5) (6)
Suspension Suspension Suspension Suspension Suspension Suspension

SharePledgedFraction 2.783∗∗∗ 2.721∗∗∗ 2.270∗∗∗ 2.239∗∗∗ 2.175∗∗∗ 2.266∗∗∗

(10.25) (9.58) (10.39) (9.37) (8.99) (9.48)

MarginLongFraction 4.272∗∗∗ 4.058∗∗∗ 2.499∗∗∗ 2.095∗∗∗ 2.626∗∗∗ 2.094∗∗∗

(5.77) (5.45) (4.43) (3.64) (4.55) (3.54)

SOE Dummy -0.928∗∗∗ -1.006∗∗∗ -0.919∗∗∗ -0.970∗∗∗ -0.981∗∗∗ -0.944∗∗∗

(-8.98) (-9.50) (-10.07) (-10.18) (-10.32) (-10.13)

SZSE Dummy 0.286∗∗∗ 0.300∗∗∗ 0.265∗∗∗ 0.265∗∗∗ 0.312∗∗∗ 0.270∗∗∗

(3.38) (3.43) (3.64) (3.43) (4.03) (3.60)

Size -0.007∗∗∗ -0.004∗ -0.003∗∗ 0.001 0.000 -0.001
(-4.43) (-2.46) (-2.66) (0.64) (0.09) (-0.91)

PBRatio 0.013∗∗ 0.010∗ 0.008∗ 0.005 0.007 0.008
(2.81) (2.12) (2.04) (1.18) (1.56) (1.90)

Debt2Asset 0.127 0.177 0.067 0.161 0.047 0.158
(0.66) (0.90) (0.42) (0.95) (0.28) (0.94)

Top10 Ownership -0.001 0.002 -0.002 0.003 0.003 0.001
(-0.49) (0.68) (-0.72) (1.06) (1.41) (0.26)

InstituteOwnership 0.002 0.001 0.002 0.001 -0.002 -0.004
(0.90) (0.63) (1.09) (0.63) (-0.83) (-1.91)

CumRet Jun15 -2.384∗∗∗ -3.255∗∗∗ -2.998∗∗∗ -1.833∗∗∗

(-6.79) (-7.90) (-7.09) (-5.62)

Return -19.087∗∗∗ -18.902∗∗∗ -17.148∗∗∗ -4.253∗∗∗

(-19.54) (-20.62) (-19.39) (-3.78)

stdRet Jun15 -11.043∗∗ 8.887∗

(-3.14) (2.28)

Turnover -10.507∗∗∗ -8.119∗∗∗

(-6.64) (-5.01)

avgTurn Jun15 4.877∗∗ 0.246
(2.99) (0.16)

nMaxDownLimit 0.003∗∗∗

(11.35)

nMaxUpLimit 0.001∗∗∗

(3.36)

MKTTurnover 262.405∗∗∗

(12.76)

CumRetJun15 Jun30 -0.490∗∗

(-2.62)

Constant -3.447∗∗∗ -4.478∗∗∗ -4.272∗∗∗ -5.820∗∗∗ -4.555∗∗∗ -16.398∗∗∗

(-16.48) (-16.59) (-23.35) (-20.59) (-12.33) (-15.18)

Observations 22853 22853 22853 22853 22853 22853
Pseudo R2 0.070 0.084 0.185 0.205 0.216 0.288

z statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 4: Resumption: dynamic logistic model

This table reports the dynamic logistic regression of firms’ trading resumption decision over time. It uses
information available as of today and predicts the probability of resumption tomorrow (Resumption=1). Stocks
enter the sample if they begin suspension after July 2, until the earlier of trading resumption or July 23, 2015.
‘SuspensionDays’ is the number of days that the stock is in suspension; ‘CumIndRet SinceSuspension’ is the
same-industry cumulative return since the firm’s suspension; ‘Ind Turnover’ is the same-industry turnover in
the current day.

Resumption

SharePledgedFraction -1.182∗∗∗

(-4.40)

MarginLongFraction 0.310
(0.37)

SZSE Dummy -1.202∗∗∗

(-10.81)

nMaxDownLimit 0.000∗

(2.36)

nMaxUpLimit 0.002∗∗∗

(9.95)

SuspensionDays 0.106∗∗∗

(4.20)

CumIndRet SinceSuspension 4.671∗∗∗

(11.85)

Ind Turnover -19.585∗∗∗

(-5.95)

Constant -2.166∗∗∗

(-7.11)

Observations 5637
Pseudo R2 0.184

z statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 5: Suspension and resumption by share-pledged-fraction groups

This table reports the summary statistics of suspension and resumption for subgroups of firms with different
level of share pledged fraction. Firms are classified into 5 groups according to the ‘SharePledgedFraction’,
with the lowest group-1 having less than 1% of shares pledged and the highest group-5 with more than 40% of
shares pledged. Panel A reports the average (as well as standard deviation and total firm number) suspension
rate in each group. Panel B reports the frequency of suspended firms resuming trading before and after July
23, 2015. The ‘DurationType’ indicates whether the suspended stocks resume trading before or after the end
of our sample period. Panel C report the average suspension duration in days. Note that the suspension
duration is truncated by the end of our period (July 23, 2015) if the stocks resume trading outside of our
analysis window.

Panel A: Suspension rate across different share pledge fraction

SharePledgedFraction Category Mean StdDev. N

1(< 1%) 0.296 0.457 1045

2(1 ∼ 10%) 0.510 0.501 416

3(10 ∼ 20%) 0.588 0.493 340

4(20 ∼ 40%) 0.682 0.466 362

5(> 40%) 0.651 0.478 149

All 0.461 0.499 2312

Panel B: The frequency of different suspension duration

SharePledgedFraction Category
DurationType

After July 23 Before July 23 Total

1(< 1%) 28 275 303

2(1 ∼ 10%) 26 183 209

3(10 ∼ 20%) 31 168 199

4(20 ∼ 40%) 51 196 247

5(> 40%) 16 81 97

All 152 903 1,055

Panel C: Suspension duration across different share pledge fraction

SharePledgedFraction Category
DurationType

After July 23 Before July 23 Total

1(< 1%) 9.214 3.815 4.314

2(1 ∼ 10%) 11.462 4.503 5.368

3(10 ∼ 20%) 11.645 4.464 5.583

4(20 ∼ 40%) 12.137 4.622 6.174

5(> 40%) 13.438 5.457 6.773

All 11.520 4.398 5.424
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Table 6: Suspension: low and high share pledge groups

This table reports the results from a dynamic logistic regression of suspension decision. We estimate the
model separately for low and high share-pledged stocks. A stock is classified as low pledged group if its
SharePledgedFraction<0.01, otherwise, it is classified as high pledged group. The sample and method are the
same as in Table 3.

Low Share-Pledged Subsample High Share-Pledged Subsample
(1) (2)

Suspension Suspension

SharePledgedFraction 54.895 1.576∗∗∗

(1.95) (5.85)

MarginLongFraction 2.269∗ 1.407∗

(2.27) (2.15)

SOE Dummy -0.930∗∗∗ -0.960∗∗∗

(-7.20) (-8.45)

SZSE Dummy 0.468∗∗∗ 0.154
(3.68) (1.77)

Return -4.504∗∗ -4.059∗∗

(-2.70) (-3.29)

CumRet Jun15 -1.475∗∗ -1.945∗∗∗

(-2.63) (-5.14)

Turnover -11.306∗∗∗ -5.381∗∗∗

(-4.26) (-3.59)

nMaxDownLimit 0.002∗∗∗ 0.003∗∗∗

(6.73) (9.48)

MKTTurnover 185.474∗∗∗ 252.258∗∗∗

(6.89) (10.50)

Constant -12.075∗∗∗ -15.155∗∗∗

(-9.52) (-12.54)

Observations 11990 10924
Pseudo R2 0.240 0.273

z statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 7: Cross-sectional regression: return reversal and catch-up

This table reports the cross-sectional return regression for stocks that have experienced the suspension and
then resumption event. To include in the sample, we require that stocks suspended and then resumed trading
during July 2 to July 23, 2015. The abnormal return is computed as the raw return net of the benchmark
portfolio return. The benchmark is the portfolio of stocks that are in the same size-quintile within an in-
dustry as the event firm. We require that benchmark portfolio to have at least ten stocks, otherwise, we use
size-quintile of the whole market as the benchmark. The dependent variables are the post-resumption 5-day
cumulative abnormal returns (post5 CAR in models (1–4)) and the post-resumption 10-day cumulative abnor-
mal returns (post10 CAR in models (5–8)). The independent variables are: (i) Suspension CAR—the CAR
for the suspension period, (ii) pre10 CAR—the CAR of 10 days before the suspension, (iii) pre1 AR—the
abnormal return one day before the suspension, (iv) pre10to2 CAR—the CAR from 10 to 2 days before the
suspension. All other variables are defined in Table 1.

(1) (2) (3) (4) (5) (6) (7) (8)
post5 CAR post5 CAR post5 CAR post5 CAR post10 CAR post10 CAR post10 CAR post10 CAR

Suspension CAR -1.180∗∗∗ -1.198∗∗∗ -1.140∗∗∗ -1.155∗∗∗ -1.071∗∗∗ -1.091∗∗∗ -1.074∗∗∗ -1.091∗∗∗

(-28.95) (-28.90) (-26.26) (-26.32) (-18.90) (-18.92) (-17.60) (-17.66)

pre10 CAR -0.279∗∗∗ -0.281∗∗∗ -0.329∗∗∗ -0.335∗∗∗

(-13.85) (-13.97) (-11.74) (-11.86)

pre1 AR -0.506∗∗∗ -0.497∗∗∗ -0.574∗∗∗ -0.573∗∗∗

(-4.39) (-4.31) (-3.58) (-3.53)

pre10to2 CAR -0.266∗∗∗ -0.268∗∗∗ -0.316∗∗∗ -0.323∗∗∗

(-12.87) (-12.95) (-10.98) (-11.06)

Low Pledge Dummy -0.004 -0.005 -0.002 -0.002
(-0.50) (-0.54) (-0.13) (-0.17)

SOE Dummy -0.029∗∗ -0.030∗∗ -0.020 -0.020
(-2.84) (-2.89) (-1.36) (-1.40)

SZSE Dummy 0.028∗∗ 0.027∗∗ -0.011 -0.012
(3.25) (3.21) (-0.94) (-0.98)

Margin Dummy 0.011 0.011 0.012 0.011
(1.20) (1.14) (0.91) (0.86)

Size 0.000 -0.000 -0.000 -0.000
(0.03) (-0.23) (-0.16) (-0.36)

InstituteOwnership -0.000 -0.000 -0.000 -0.000
(-0.47) (-0.46) (-1.03) (-1.02)

Top10 Ownership 0.000 0.000 0.001 0.001
(0.47) (0.50) (1.45) (1.48)

Price2Book 0.000 0.000 -0.000 -0.000
(0.15) (0.16) (-0.78) (-0.78)

Debt2Asset 0.005 0.007 -0.024 -0.022
(0.29) (0.38) (-0.91) (-0.83)

Constant 0.011 0.005 -0.004 -0.008 0.034∗∗∗ 0.027∗ 0.033 0.027
(1.48) (0.63) (-0.18) (-0.43) (3.38) (2.57) (1.20) (0.99)

Observations 884 884 884 884 884 884 884 884
Adjusted R2 0.536 0.539 0.547 0.550 0.357 0.359 0.357 0.359

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 8: Cross-sectional regression: size-group comparison

This table reports the cross-sectional return regression as in Table 7 across different size groups. To include in
the sample, we require that stocks suspended and then resumed trading during July 2 to July 23, 2015. The
abnormal return is computed as the raw return net of the benchmark portfolio return. We group stocks into
Small-Cap (bottom 30% in size), Mid-Cap (middle 40% in size), and Large-Cap (top 30% in size) categories.
For each group, the benchmark is the portfolio of stocks in the same group that are in the same size-quintile
within an industry as the event firm. We require that benchmark portfolio to have at least ten stocks, otherwise,
we use size-quintile of the same group as the benchmark. The dependent variables are the post-resumption
5-day cumulative abnormal returns (post5 CAR in models (1–4)) and the post-resumption 10-day cumulative
abnormal returns (post10 CAR in models (5–8)). The independent variables are: (i) Suspension CAR—the
CAR for the suspension period, (ii) pre10 CAR—the CAR of 10 days before the suspension, (iii) Small-
Cap Dummy=1 if the stock belongs to the Small-Cap group and zero otherwise, (iv) MidCap Dummy=1 if
the stock belongs to the Mid-Cap group and zero otherwise. All other variables are defined in Table 1.

(1) (2) (3) (4) (5) (6)
post5 CAR post5 CAR post5 CAR post10 CAR post10 CAR post10 CAR

Suspension CAR -1.227∗∗∗ -1.071∗∗∗ -1.065∗∗∗ -1.120∗∗∗ -0.915∗∗∗ -0.948∗∗∗

(-29.59) (-14.20) (-13.97) (-19.20) (-8.59) (-8.63)

pre10 CAR -0.279∗∗∗ -0.249∗∗∗ -0.263∗∗∗ -0.309∗∗∗ -0.296∗∗∗ -0.307∗∗∗

(-12.55) (-5.84) (-6.30) (-9.91) (-4.92) (-5.10)

SmallCap Dummy×Suspension CAR -0.103 -0.032 -0.128 -0.058
(-0.95) (-0.30) (-0.83) (-0.38)

SmallCap Dummy×pre10 CAR -0.038 -0.038 -0.035 -0.043
(-0.59) (-0.59) (-0.38) (-0.47)

MidCap Dummy×Suspension CAR -0.265∗∗ -0.238∗ -0.367∗∗ -0.338∗

(-2.65) (-2.40) (-2.59) (-2.36)

MidCap Dummy×pre10 CAR -0.052 -0.038 -0.022 -0.026
(-0.99) (-0.74) (-0.30) (-0.35)

Low Pledge Dummy -0.008 -0.002
(-0.96) (-0.19)

SOE Dummy -0.032∗∗ -0.015
(-3.12) (-1.05)

SZSE Dummy 0.031∗∗∗ -0.007
(3.70) (-0.59)

Margin Dummy 0.010 0.005
(0.97) (0.36)

Size 0.001∗ 0.001
(2.13) (1.42)

InstituteOwnership -0.000 -0.000
(-0.22) (-1.61)

Top10 Ownership 0.000 0.001∗

(1.04) (1.97)

Price2Book 0.000 -0.000
(0.84) (-0.02)

Debt2Asset -0.024 -0.048
(-1.33) (-1.82)

SmallCap Dummy 0.005 0.034 0.003 0.030
(0.27) (1.53) (0.11) (0.94)

MidCap Dummy -0.007 0.011 -0.021 -0.003
(-0.44) (0.59) (-0.87) (-0.12)

Constant -0.000 0.002 -0.036 0.020 0.028 0.005
(-0.05) (0.17) (-1.38) (1.96) (1.62) (0.12)

Observations 884 884 884 884 884 884
Adjusted R2 0.537 0.545 0.568 0.343 0.349 0.356

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 9: Summary Statistics: Account Level Data

This table reports summary statistics for account level data. Suspension Ratio is the dollar fraction of assets suspended for trading for a given account.

Panel A: Number of Accounts and Total Account Value

Investor Total Freq Avg. Acc. Value Total Portfolio Value in All Accounts (Billion RMB)

Type (6 days) (in 1,000 RMB) (6 days) 3-Jul-15 6-Jul-15 7-Jul-15 8-Jul-15 9-Jul-15 10-Jul-15

Small Individual 2,171,207 202 438 83 77 76 71 64 66
Large Individual 12,246 16,967 208 39 37 36 34 30 32
Mutual Funds 19,036 274,184 5,219 927 888 922 887 791 805

Total 2,202,489 5,865 1,049 1,002 1,034 992 885 903

Panel B: Suspension Ratio

Rank of Suspension Total Acc.
Suspension Ratio Value (6 days) Total Frequency

Ratio (average) (Billion RMB) (6 days) 3-Jul-15 6-Jul-15 7-Jul-15 8-Jul-15 9-Jul-15 10-Jul-15

1 0.0% 1,226 1,401,062 290,289 285,919 276,465 260,838 158,831 128,720
2 6.2% 2,621 259,761 25,297 26,504 29,781 35,031 67,462 75,686
3 25.0% 1,158 259,776 25,300 26,507 29,782 35,033 67,465 75,689
4 61.0% 822 259,770 25,299 26,506 29,781 35,032 67,464 75,688
5 100.0% 37 22,120 999 1,406 1,509 1,730 5,955 10,521

Total 5,865 2,202,489 367,184 366,842 367,318 367,664 367,177 366,304
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Table 10: Subsequent two week returns and cash outflows for different types of investors

This table reports two week returns and cash outflows for different types of investors. For each day from July 3 to 10th, for each account, we calculate
the cumulative cash outflow and portfolio return in the subsequent two weeks, then report value-weighted average across investor types for each of
the six event days. We also report the value-weighted average for all six days.

Panel A: Subsequent 2-week Returns

Investor Average
Type (6 days) 3-Jul-15 6-Jul-15 7-Jul-15 8-Jul-15 9-Jul-15 10-Jul-15

Small Individual 8.86% -6.71% 4.90% 6.11% 12.65% 22.22% 19.09%
Large Individual 8.64% -5.06% 5.04% 6.35% 11.84% 20.68% 17.63%
Mutual Funds 5.90% -4.85% 4.41% 3.56% 6.80% 15.34% 12.37%

Panel B: Total cash outflows in two weeks as a fraction of total account balance

Investor Average
Type (6 days) 3-Jul-15 6-Jul-15 7-Jul-15 8-Jul-15 9-Jul-15 10-Jul-15

Small Individual 4.56% 5.92% 7.54% 5.83% 4.81% 1.28% 0.85%
Large Individual 5.14% 8.34% 8.51% 6.68% 4.11% 0.12% 1.37%
Mutual Funds 9.48% 8.35% 10.15% 12.48% 12.06% 8.68% 4.51%
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Table 11: Subsequent two week returns and cash outflows for accounts with different suspension ratios

For each day from July 3 to 10th, for each account, we calculate the cumulative cash outflow and portfolio return in the subsequent two weeks, then
report value-weighted average across groups with different suspension ratios, for each of the six event days. We also report the value-weighted average
for all six days.

Panel A: Subsequent 2-week Returns

Rank of Average
Susp. Ratio (6 days) 3-Jul-15 6-Jul-15 7-Jul-15 8-Jul-15 9-Jul-15 10-Jul-15

1 1.74% -4.23% 4.90% 1.38% 2.46% 10.53% 5.02%
2 6.78% -4.39% 5.88% 4.68% 7.57% 14.60% 9.53%
3 8.59% -6.43% 3.58% 5.31% 11.55% 22.23% 21.50%
4 7.22% -6.10% 1.22% 3.93% 9.65% 15.71% 18.29%
5 18.17% 1.92% 4.45% 11.89% 11.98% 18.10% 20.22%

VW average 6.22% -5.01% 4.47% 3.84% 7.39% 16.01% 13.05%

Panel B: Total cash outflows in two weeks as a fraction of total account balance

Rank of Average
Susp. Ratio (6 days) 3-Jul-15 6-Jul-15 7-Jul-15 8-Jul-15 9-Jul-15 10-Jul-15

1 16.62% 13.14% 16.02% 19.55% 18.66% 16.77% 15.83%
2 10.62% 3.64% 6.78% 10.91% 12.40% 15.55% 12.09%
3 7.07% 9.57% 10.83% 10.27% 9.78% 2.10% -2.52%
4 -2.47% 7.81% 4.82% 2.32% -1.68% -11.63% -15.52%
5 -49.28% -109.99% -164.05% -103.13% -71.53% -53.72% -35.87%

VW average 8.96% 8.16% 9.89% 11.79% 11.27% 7.86% 4.13%
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