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Abstract: A ban on short selling exists on several exchanges, especially in emerging markets. In most
cases, short selling has always been prohibited, thus making it difficult to examine the ban’s effect
on price discovery. In this paper, we consider data from the Dhaka Stock Exchange (DSE) to test
for a short selling ban on market efficiency. The analysis examines runs in daily stock returns
and then forms a distribution of return clusters according to their duration. Using Monte Carlo
simulation, we find that runs of longer duration appear more frequently in the DSE data than we
would expect in efficient markets. We compare these results to stocks in the Dow Jones Industrial
Average (DJIA). We find that the same runs tests accord with market efficiency for liquid and easily
shorted DJIA stocks.

Keywords: emerging market exchange; market efficiency; non-parametric tests of efficiency; Monte
Carlo simulation

1. Introduction

The practice of short selling and profiting from a fall in share price has been around for at least four
centuries. In 1609, Isaac Le Maire formed a secret company to short shares in the East India Company
in anticipation of a new French firm that would offer stiff competition (Bris et al. 2007). As events
played out, the creation of the French rival never occurred, and the ensuing litigation provided yet
another argument to ban short selling practices in the marketplace.

Potential abuse has led regulators to ban short selling in a number of national exchanges.
Restrictions on short selling are especially commonplace in emerging markets, and exist because
of an outright ban or lack of institutional mechanisms to borrow stock.1 Moreover, in many of these
markets there are no parallel option markets to effect a short sale through the buying of puts or writing
of calls. As short selling restrictions inhibit information flow, market prices may be slow to adjust
to news.

While potential abuse has led to a ban on short selling in a number of exchanges, a strain of
research suggests that short sale restrictions may inhibit the price discovery process. For example,
Miller (1977) argues that with divergence of opinion, a short sales ban results in the overvaluation of a
security. Diamond and Verrecchia (1987) develop a formal model to discuss the importance of short
selling in the asset price adjustment process. They show that constraints do not bias prices upward,
although they do reduce the adjustment speed of prices to private information.

1 For a list of global short selling regulations, see Jain et al. (2013).
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One way to test for the effect of a short selling ban is to investigate any differences in price
discovery across regime shifts. For example, Beber and Pagano (2013) examine how temporary bans
in short selling around the world following the financial crisis of 2007–2009 led to a deterioration in
market liquidity.

This was especially true for stocks with small market capitalization and no listed options.2

They displayed slower price discovery, especially in bear markets.3

A short selling ban may hinder price discovery even when news is positive. This can occur if
investors overreact to information, leading to a reversal of prices (see, De Bondt and Thaler 1985).
Atkins and Dyl (1990) first find evidence of market overreaction using daily returns. To the extent
that market corrections require a decrease in returns, a ban on short sales may further inhibit the price
discovery process.

In the following analysis, we examine the effect of short sale restrictions on market efficiency
for the Dhaka Stock Exchange (DSE). The DSE has always had a ban on short selling of securities,
so performing any type of test that depends upon a regime change is not possible. Instead, we rely on
a battery of runs tests to examine market efficiency and the ability of prices to adjust rapidly to new
information. In particular, we test for statistical independence, and employ a standard non- parametric
runs test that looks at clusters of price changes in the same direction.

To further test for the effect of short selling restrictions, we also consider the distribution of daily
price runs. Any evidence of an asymmetric distribution with an unusual number of long, negative
return runs would suggest that a ban on short selling inhibits rapid price adjustment to adverse
information. On the other hand, if investors overreact to positive news, a short sale ban may delay
any market correction. In this situation, the distribution of daily price runs would display an unusual
number of longer runs with positive price changes.

Previous work on the Dhaka Stock Exchange provides conflicting evidence regarding market
efficiency on the Dhaka Stock Exchange. Islam and Khaled (2005) consider DSE index returns for the
period 1990–2001. They suggest that structural changes put in place after the market crash of 1996 led
to market efficiency. Their statistical tests show short term predictability of share prices prior to the
crash, but not subsequently.

Mollik and Bepari (2009) use the runs test to investigate the weak form market efficiency of the
DSE. They examine two stock indices from 2002–2007 to see whether there was an unusual number
of runs. In contrast to Islam and Khaled (2005), they find that returns do not follow a random walk,
and reject weak form efficiency of the DSE in the post-crash period.

In addition to DSE index returns, Mobarek et al. (2008) examine individual stock returns from
1988–2000 provided by a data vendor. Even allowing for structural changes following the 1996 crash,
they find that there is significant auto correlation over the sample period. They reject weak form
market efficiency and call for additional studies using market price information.

Our analysis updates the sample time period, and following the suggestion of Mobarek et al. (2008),
examines the dynamics of individual stock price data obtained directly from the exchange. This allows
us to also adjust for dividends, share splits, and other corporate events. Additionally, we introduce
runs tests that specifically investigate for the effect of short sale restrictions on price adjustment;
for robustness, we compare our results to evidence from the U.S. and Australian stock markets.

2 Swidler (1988) provides one early empirical study of the effect of short shale restrictions on stock prices and the further
effect when there is option trading. He shows that with heterogeneous expectations, estimation risk is more important than
short selling restrictions in explaining asset returns. Moreover, for stocks with listed options, investors can synthetically sell
short via long puts or short calls. The evidence finds that for stocks with listed options, only estimation risk is important in
determining asset returns.

3 Still another study that looks across regime changes is Wang (2014). He finds that when Chinese regulators lifted the short
selling ban on 90 stocks in 2010, they experienced a significant price decline. Moreover, the price declines were positively
related to the amount of short selling and is consistent with the notion that short selling can be used as a mechanism to
correct for overvaluation.
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The runs test analysis suggests that DSE stock returns are not independent. Moreover, DSE stock
prices appear to incorporate information more slowly than one would expect, with the daily runs
distributions exhibiting fatter tails for DSE stocks than for US stocks. In other words, for both good
and bad news, the DSE ban on short selling causes prices to adjust more slowly to a new equilibrium,
resulting in a disproportionate number of lengthy return runs. For emerging market exchanges that
have never experienced short selling, this novel application of the runs test provides a valuable tool to
analyze the effect of short sale restrictions on asset price dynamics.

2. Data and Methodology

2.1. Data

The analysis focuses on the 21 most liquid stocks on the Dhaka Stock Exchange (DSE). We use
daily stock prices from January 1999 through December 2014. This yielded roughly 4000 stock prices
for each of the 21 different stocks.

In addition to looking at individual stock price changes, we also consider stock indices
representing the DSE market as a whole. As no single broad index exists for the entire sample period,
we rely on two of the more popular indices. The DSE Broad Index, referred to as DSEX, represents
97% of market capitalization. This free-float broad index became effective in 2013. The previous broad
index, the DSE General Index or DGEN, existed from December 2002 until July 2013. We thus use
the DGEN index from December 2002 through July 2013, and continue with the DSEX index from
August 2013 through the end of 2014. Hereafter, we will refer to the broad market index as the DSEX,
recognizing that it represents both the DGEN and DSEX in their respective sample periods.

The Dhaka Stock Exchange library provided daily stock prices and data for the Dhaka Stock.
We adjust all prices for cash and stock dividends, splits, bonus and right shares. It is important to
remember that the 21 individual stocks chosen are the most liquid stocks, have trading on virtually
every business day; therefore, they are likely among the most efficiently-priced stocks on the Dhaka
Stock Exchange.

For matters of robustness, we compare the DSE results to similar tests using US data. Specifically,
we consider the Dow Jones Industrial Average and the component stocks. The analysis covers the
similar 1999–2014 period for individual stocks and 2002–2014 for the DJIA index. Because Visa was
only a constituent stock of the index for part of the time, we exclude it from the analysis. Thus,
we examine price dynamics for the DJIA index and the remaining 29 stocks.

2.2. Methodology—Calculating Runs and Testing for Statistical Independence

The runs test is a non-parametric test that can be used to examine randomness in stock returns.
Let returns be defined as (Pt+1 − Pt)/Pt, where Pt is the adjusted stock price on day t. We then define
a run as a string of daily returns all of the same sign. If the data follows a binomial distribution, we
assume that a 0 return continues the run. Thus, the end of a run and beginning of a new run is when
the sign changes from either positive to negative, or vice versa. Put another way, the end of a run only
occurs when there is a sign change.

To illustrate how runs are calculated, let P denote a positive return, N a negative return, and 0
denote no change in daily prices. Suppose that the price data yields the following string of returns:

PPPP N0N PP N PPP0P NNNNN PPP NN

This string of 25 daily returns includes 8 separate runs, the shortest being a 1 day run with a
negative return, and the longest a 5 day run for both positive and negative returns.

Suppose, for the moment, we believe that 50% of returns are positive and 50% are negative.
Given this binomial distribution, we can calculate the number of runs and see if it is more or less than
the number we expect. If the number of runs differs significantly from what we expect, we reject the
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null hypothesis that the data was randomly generated and accept the alternative that the sequence
was not produced in a random manner.

Comparing the number of runs to the expected value is a test of statistical independence. If,
for example, we find significantly fewer runs than expected, that would suggest that the data is highly
clustered. Thus, positive returns likely follow positive returns, and negative returns likely follow
negative returns, a result that implies a positive serial correlation of returns. On the other hand, if there
is little clustering and signs change frequently, such a pattern would indicate negative autocorrelation.

From the above discussion, we compare observed runs patterns to what we expect. In turn,
expectations depend upon the true probability of success, for example, the probability of observing a
positive return and the number of trials or observations in the sample. In our samples, the number of
observations is approximately 4000 for stocks and 3200 returns for each index. With large samples,
it is reasonable to assume as a first approximation that the observed frequency of positive outcomes
is equal to the true probability of “success.” Mollik and Bepari (2009) implicitly follow this line of
reasoning and make this assumption in their runs tests.

Table 1 presents the percentage of positive returns and negative returns for each asset class.
For both the DSEX and Dow Jones indexes, the observed frequency of positive returns is close to 53%.
For stocks, however, the Dhaka and U.S. stocks diverge in the proportion of positive returns. For DSE
stocks, the average frequency of positive returns is 46.33%, whereas for stocks in the Dow, the average
percentage of positive returns is 51.13%.

Table 1. Proportion of Positive and Negative Returns (DSE vs. DJIA).

Indices/Sample Stocks Period Average Proportion
of Positive Returns

Average Proportion
of Negative Returns

DSEX January 2002–December 2014 52.70% 47.30%
DJIA January 2002–December 2014 53.06% 46.94%

21 DSE Stocks January 1999–December 2014 46.33% 53.67%
29 Dow Jones Stocks January 1999–December 2014 51.13% 48.87%

2.3. Methodology—Monte Carlo Simulation and Forming Expectations

To form expectations on the number of runs to expect in a sample, we rely on a Monte Carlo
simulation. Consider the case of the DSEX that has 3119 returns. If we observe positive returns 53% of
the time, we generate 3119 returns from the binomial distribution, with a success rate of 53%. We then
count the number of runs found in our trial. The simulation then repeats this process 10,000 times to
form a distribution of runs generated from all the trials.

Figure 1 illustrates the results of our 10,000 trial simulation given 3119 returns. Based on a success
rate of 53%, 95% of the time we find that the number of runs is between 1497 and 1609. Thus, if the
number of runs observed for the DSE Index is outside the 95% confidence interval, we reject the null
hypothesis of statistical independence. If the number of runs exceeds 1609, that suggests negative
serial correlation, whereas runs fewer than 1497 implies positive serial correlation.
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Figure 1. Monte Carlo Simulation for Number of Runs Observed over 10,000 Trials. This graph assumes
the DSE based parameters of 3119 returns and a success rate of 53%.

We perform a similar Monte Carlo simulation for the DJIA index with 3272 returns. Again assuming a
53% success rate, 95% of the time the number of runs is between 1573 and 1685. If the observed number
of runs is outside this confidence interval, we reject the null hypothesis of independent returns.

2.4. Methodology—The Distribution of n Day Runs and Implications for the Short Selling Ban

While the standard runs test considers statistical independence, it does not directly examine whether
the tails of the runs distribution are larger than expected. If, as Diamond and Verrecchia (1987) and
Beber and Pagano (2013) suggest, a short selling ban inhibits price discovery given bad news, then the
returns distribution would be more negatively skewed than in an efficient market. This implies finding
more runs than expected in the left hand tail of the distribution. Additionally, if markets overreact after
good news, a short selling ban might impede a correction. If that were the case, we would observe
longer, positive return runs than expected yielding a fatter right hand tail of the distribution.

To appreciate what the tails of the n day run distribution might look like, consider again the
Monte Carlo simulation. For each trial, we can also collect the number of n day runs we observe.
So for example, we can observe the number of two day, negative return runs (n = −2) in one trial.
We can then generate the average number of −2 day runs for the 10,000 trials and calculate a 95%
confidence interval for each n day run. We collect this information for all values of n starting with
negative return runs of 10 days or longer (n = −10+) all the way up to positive return runs of 10 days
or longer (n = 10+).

To give the flavor of what the tails of the distribution might look like, consider a probability of
success equal to 50% for a sample of 4000 returns. Table 2 illustrates the tails of the distribution under
these conditions. The second row shows the percentage of n day runs we observe, on average, for the
10,000 trials. From Table 2, negative and positive return runs of 10+ days each typically comprise 0.10%
of all runs in a sample. Looking between |5| and |10+| day runs, we see that in total, this represents
6.16% of all runs (row 3, Table 2). Thus, the 5% tails of the distribution are for runs that are 5 days
or longer.

In the following analysis, we examine the distribution of n day runs by splitting the sample into
runs of 5 days or longer and runs between 1 and 4 days. Observing more runs than expected that are
5 days or longer suggests fat tails, and implies a short selling ban impedes price discovery leading
to extended periods for markets to digest new information. If that result is obtained, it necessarily
follows that shorter run periods (1–4 days) will have fewer runs than expected in an efficient market.
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Table 2. Tails of the n day distribution (probability of success assumed equal to 50%).

−5 5 −6 6 −7 7 −8 8 −9 9 −10+ 10+

3.14% 3.13% 1.56% 1.56% 0.78% 0.78% 0.39% 0.39% 0.20% 0.20% 0.10% 0.10%

3.13% * 4.69% 5.47% 5.86% 6.06% 6.16%

* Cumulates percentages from day |5| to day n.

3. Empirical Results

3.1. Results for Statistical Independence of Index Returns

The first test is to see whether index returns are statistically independent. Consider the returns
to the DSE index. In Table 3, we observe that the total number of runs based on DSEX returns
equals 1334, below the lower bound of the 95% confidence interval. We reject the null hypothesis
of statistical independence, and the fact that there are fewer runs than expected suggests a positive,
serial correlation. For returns on the DSE index, similar sign returns follow each other more than
expected, a result that indicates that the markets are slow to adjust to new information.

Table 3. Statistical Independence of Index Returns.

Indices Actual Number of Runs Lower Tail, 95% CI Upper Tail, 95% CI

DSEX 1334 1497 1609
DJIA 1727 1573 1685

For returns on the Dow Jones Industrial Average, the number of runs equals 1727, which is slightly
higher than the upper bound of the 95% confidence interval, 1685. This result also rejects statistical
independence, instead implying a negative serial correlation of returns. A finding of slight negative
serial correlation is in line with earlier studies of U.S. markets. Fama (1965), for instance, finds that 8 of
the 30 stocks listed in the Dow had negative serial correlations, but that most of the serial correlations
are less than 0.05. French and Roll (1986) repeat Fama’s tests for NYSE and AMEX stocks during
1963–1982 period. They report a small but significant negative serial correlation of daily returns. To get
a better idea of the runs distribution for both indexes, Figure 2A,B plots the number of n day runs
and the 95% confidence intervals. From Figure 2A, the number of runs observed from −2 to +2 is
well below the lower bound of each confidence interval. Conversely, the number of obtained longer
runs tend to be higher than expected. In comparison, Figure 2B illustrates the runs distribution for
the Dow Jones index. Short runs (−2 to +2) occur slightly more often than expected, while longer n
day runs happen within expected boundaries. These results further confirm our previous findings.
For the DSE index, information is more slowly digested in the market, thus yielding positive, serial
correlation. On the other hand, for the U.S. index, runs accord nearly as anticipated, with only slightly
more short-term runs than one might expect in an efficient market. In the next section, we consider
the runs pattern for the individual stocks in both the DSE and DJ indexes and see if similar results
are obtained.

3.2. Run Results for Individual Stock Returns

In order to examine runs for individual stocks, we must first investigate the success rate of a
positive return occurring for each firm in our sample. Figure 3A,B graph the percentage of positive
and negative returns for the 21 DSE and 29 DJ stocks in our sample. As reported earlier, the average
success rate for DSE stocks is 46.33% and equals 51.13% for DJ stocks. The figures reveal that the
success rate for each individual stock is near the relevant average; therefore, we base our confidence
intervals for DSE and DJ stocks on the 46.33% and 51.13% success rates, respectively.



J. Risk Financial Manag. 2018, 11, 59 7 of 17

Figure 2. Cont.
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Figure 2. (A) DSEX Number of n Day Runs and 95% Confidence Intervals; (B) DJIA Number of n Day Runs and 95% Confidence Intervals.
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Figure 3. Cont.
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Figure 3. (A) Percentage of Positive and Negative Returns in Each of the 21 DSE Stocks. Average success rate (positive returns) equals 46.33% for DSE stocks;
(B) Percentage of Positive and Negative Returns in Each of the 29 Dow Jones Stocks. Average success rate (positive returns) equals 51.13% for Dow Jones stocks.



J. Risk Financial Manag. 2018, 11, 59 11 of 17

Table 4A displays the number of runs in the middle of the distribution for each of the 21 DSE
stocks. From before, that includes runs that are between 1 and 4 days, and represents almost 90% of
the distribution. Table 4B exhibits the number of runs for the same 21 firms, except in this panel, |n| is
equal to or greater than 5. This region represents the tails of the distribution, and covers approximately
10% of all runs.

Table 4. (A) Number of Runs in the Middle of the Distribution (n between −4 and +4) for DSE Stocks.
(B) Number of Runs in the Tails of the Distribution (|n| equal to or greater than 5) for DSE Stocks.

(A)

CI 46.33% LB 55
UB 87

113
155

221
278

426
501

494
577

223
279

95
135

40
68

Stocks −4 −3 −2 −1 1 2 3 4

Square Pharma 78 112 247 367 430 229 95 63
Heidelberg 73 141 235 399 467 231 114 60
Shinepukur 78 143 235 312 429 247 107 44

National Bank 75 133 222 348 390 235 118 61
Beximco Pharama 76 142 244 299 401 223 119 64
Fu-Wang Ceramic 71 144 226 356 430 246 113 54

Olympic Industries 72 125 238 401 464 252 115 55
Apex Foods 90 146 239 368 466 264 106 53

ACI 78 130 255 378 469 254 106 49
Aramit Limited 81 132 208 356 412 236 95 65

BATBC 62 138 232 400 427 236 115 56
Islami Bank 70 100 212 382 390 221 101 62
Padma Oil 38 79 180 320 330 188 56 46

Confidence Cement 82 139 209 391 463 231 114 68
Square Textile 49 108 180 305 346 155 80 45

Keya Cosmetics 71 109 186 310 346 185 87 46
Bangladesh Lamps 79 149 260 381 480 250 116 60

Monno Ceramic 79 130 253 399 495 250 98
Quasem Drycells 83 115 208 325 399 243 95 47
Meghna Cement 87 148 242 362 450 256 104 59

Bata Shoes 67 137 253 430 509 217 119 57

(B)

CI 46.33% LB 0
UB 10

0
5

0
7

2
11

5
18

12
29

27
49

16
34

6
19

1
10

0
6

0
4

0
2

0
4

Stocks −11+ −10 −9 −8 −7 −6 −5 5 6 7 8 9 10 11+

Square Pharma 2 1 3 8 16 20 39 24 27 12 6 0 2 5
Heidelberg 0 2 4 3 13 26 38 25 21 8 4 3 1 1
Shinepukur 7 1 8 8 16 27 42 24 13 9 1 2 0 0

National Bank 3 2 2 7 19 27 38 38 17 7 6 2 2 0
Beximco Pharama 7 3 5 11 15 19 43 28 15 11 0 0 1 2
Fu-Wang Ceramic 5 2 11 5 14 22 41 31 10 9 5 0 0 0

Olympic Industries 0 1 5 4 14 22 57 25 17 3 6 2 0 0
Apex Foods 0 1 8 9 14 18 40 20 12 6 5 1 0 0

ACI 4 2 4 9 14 22 36 19 17 10 4 3 0 1
Aramit Limited 1 1 4 3 8 29 33 30 9 6 1 1 0 0

BATBC 0 3 4 6 15 14 31 27 16 10 8 2 3 5
Islami Bank 6 2 4 4 14 26 40 37 17 8 8 3 6 6
Padma Oil 3 0 4 5 6 15 24 18 12 9 3 3 3 1

Confidence Cement 2 1 3 10 12 26 48 27 12 4 2 2 0 0
Square Textile 2 0 3 3 8 27 31 24 10 2 2 3 2 0

Keya Cosmetics 4 2 6 2 12 24 44 29 10 7 3 3 0 0
Bangladesh Lamps 3 0 3 5 8 19 47 24 10 8 3 1 0 1

Monno Ceramic 2 6 2 4 8 20 46 31 15 5 3 0 0 1
Quasem Drycells 5 2 6 5 25 35 42 33 13 9 8 1 0 2
Meghna Cement 0 1 1 5 10 25 43 30 13 8 3 0 0 0

Bata Shoes 3 0 3 10 9 16 29 20 18 9 6 1 1 1

At the top of Table 4A,B are 95% confidence intervals for each n day run. For example, the number
of expected 2-day, negative return runs (n = −2) is between 221 and 278. This assumes nearly 4000 stock
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returns and a success rate equal to 46.33%. Any violation below the lower bound of the confidence
interval is shaded a dark gray, while a light gray cell denotes an upper bound violation.

From Table 4A, we observe a number of confidence interval violations. All but one breach the
lower bound of the relevant 95% band. In contrast, Table 4B reveals several violations of the confidence
interval’s upper bound. Taken together, these results suggest that the n day run distributions have
a skinnier than expected middle, and have fat tails. This evidence implies that the short sale ban on
the Dhaka Stock Exchange contributes to market lags in fully digesting information. Long runs
for both positive and negative returns occur more frequently than you would expect if returns
were independent.

As a matter of robustness, we compare these findings to the run distributions of U.S. stocks
and see if similar results are obtained. Table 5A,B replicate the analysis for 29 of the 30 stocks in
the DJIA. The Dow Jones results are in stark contrast to those of the stocks in the DSE. Specifically,
we note relatively few violations for the U.S. stocks. Roughly 5% of the entire sample breach the
confidence intervals, as we would expect. Moreover, the violations are not all in one direction for the
middle of the distribution and the other direction for the tails. Breaches of the upper and lower bound
violations appear randomly sprinkled throughout Table 5A,B. Thus, the Dow Jones stocks, unlike those
in the DSE, have n day return distributions which are consistent with return independence. Thus, the
results suggest that U.S. markets incorporate information readily, and that returns follow some type of
Markov process.

Table 5. (A) Number of Runs in the Middle of the Distribution (n between −4 and +4) for Dow Jones
Stocks. (B) Number of Runs in the Tails of the Distribution (|n| equal to or greater than 5) for Dow
Jones Stocks.

(A)

CI 51.13% LB 46
UB 75

104
144

225
280

473
554

453
537

224
278

108
149

51
80

Stocks −4 −3 −2 −1 1 2 3 4

Apple Inc. 60 138 264 512 506 236 137 60
American Express Company 57 128 270 550 544 261 143 57

The Boeing Company 58 130 235 550 507 273 109 65
Caterpillar Inc. 65 127 248 485 468 256 121 69

Cisco Systems, Inc. 63 147 274 498 522 244 104 75
Chevron Corporation 57 126 264 529 499 246 127 73

E.I. du Pont de Nemours and Company 57 127 260 512 516 242 127 66
The Walt Disney Company 58 143 269 484 482 250 122 80
General Electric Company 54 129 281 491 506 263 131 64

The Goldman Sachs Group, Inc. 63 116 262 521 511 253 116 73
The Home Depot, Inc. 76 115 268 514 506 253 119 64

International Business Machines Corporation 56 128 245 534 511 260 131 60
Intel Corporation 63 134 241 519 502 263 127 54

Johnson & Johnson 56 128 274 514 505 254 141 56
JPMorgan Chase & Co. 53 139 266 535 527 270 142 57

The Coca-Cola Company 56 121 240 533 508 246 116 66
McDonald’s Corp. 56 133 244 530 467 256 143 66

3M Company 59 127 266 517 499 247 135 55
Merck & Co. Inc. 68 112 271 480 470 230 156 64

Microsoft Corporation 58 140 248 530 535 256 124 60
Nike, Inc. 75 123 281 484 470 250 146 75
Pfizer Inc. 70 108 260 504 503 260 122 61

The Procter & Gamble Company 56 123 273 527 500 263 130 73
The Travelers Companies, Inc. 51 107 265 560 525 264 126 65

UnitedHealth Group Incorporated 53 128 246 541 486 267 125 65
United Technologies Corporation 60 118 287 546 523 266 133 69

Verizon Communications Inc. 53 113 279 519 527 237 131 68
Wal-Mart Stores Inc. 62 125 259 543 519 260 136 62

Exxon Mobil Corporation 39 127 278 565 530 270 138 57
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Table 5. Cont.

(B)

CI 51.13% 0
5

0
3

0
4

0
8

2
13

7
22

19
41

23
46

10
25

3
15

1
9

0
5

0
4

0
9

Stocks −11+ −10 −9 −8 −7 −6 −5 5 6 7 8 9 10 11+

Apple Inc. 0 0 0 0 6 9 26 31 23 6 7 4 3 1
American Express Company 0 0 0 4 4 14 29 27 7 9 4 3 1 0

The Boeing Company 0 0 3 1 5 10 36 37 25 4 5 1 2 0
Caterpillar Inc. 0 1 1 1 7 20 31 31 25 8 4 2 2 0

Cisco Systems, Inc. 0 0 1 2 2 9 24 40 15 9 5 4 1 1
Chevron Corporation 1 0 1 2 1 12 27 44 14 5 5 5 1 1

E.I. du Pont de Nemours and
Company 1 1 3 4 7 14 29 33 15 11 1 3 0 1

The Walt Disney Company 0 2 1 5 6 13 19 33 18 10 2 2 0 1
General Electric Company 0 1 0 5 9 16 31 30 8 5 5 2 2 1

The Goldman Sachs Group, Inc. 1 0 1 4 3 12 30 33 17 4 3 0 0 2
The Home Depot, Inc. 1 0 1 4 6 12 21 47 12 10 5 1 0 0

International Business Machines
Corporation 1 1 1 2 8 12 36 34 11 11 3 1 0 2

Intel Corporation 0 0 1 2 5 8 42 30 21 7 5 3 1 2
Johnson & Johnson 0 1 1 3 6 12 27 37 13 7 4 4 1 1

JPMorgan Chase & Co. 0 1 0 2 8 14 29 31 14 3 2 1 1 0
The Coca-Cola Company 1 0 2 2 8 15 34 35 24 7 8 1 1 0

McDonald’s Corp. 1 0 2 1 5 12 25 46 15 12 1 2 0 1
3M Company 0 2 0 1 8 10 26 44 20 11 1 1 1 2

Merck & Co. Inc. 1 2 0 5 5 18 26 34 24 5 2 1 1 1
Microsoft Corporation 0 1 0 3 8 17 29 29 15 9 4 1 0 1

Nike, Inc. 0 0 0 0 7 12 22 35 14 8 3 2 0 1
Pfizer Inc. 0 1 3 3 9 24 26 32 17 6 3 3 1 0

The Procter & Gamble Company 0 1 0 2 2 16 29 33 19 4 5 1 0 1
The Travelers Companies, Inc. 1 0 0 4 5 21 28 31 17 6 3 3 1 1

UnitedHealth Group Incorporated 0 1 0 4 11 13 17 32 15 11 4 4 4 2
United Technologies Corporation 0 0 2 2 9 10 16 31 16 8 1 2 1 0

3.3. Further Tests of Robustness—Causality

The previous analysis shows that markets with short selling bans exhibit positive serial correlation
and fat tail return distributions. However, that does not necessarily imply that it is the prohibition
of short selling that causes market inefficiency. Islam and Khaled (2005) note that “emerging stock
markets are in many cases characterised by a lower volume and frequency of trading (‘thin trading’),
ease of manipulation by a few large traders, weaker disclosure and accounting requirements, settlement
delays, and a generally less than smooth transmission of financial information.” Thus, any or all of
these conditions, rather than a short selling ban, might lead to market inefficiencies and the return
distributions for DSE stocks that we document.

To link a short selling ban with positive serial correlation and fat-tail return distributions, we look
for a developed market that experienced a recent short-selling ban to see if the return distributions
are structurally different before after the ban. In contrast to emerging markets, exchanges in
developed countries tend to be more liquid, less prone to manipulation, and have greater informational
transparency. If after the structural shift the returns distribution changes and looks similar to our DSE
results, we can conclude that it is the short selling ban, and not other market impediments, that is at
the root of our findings.

To perform our analysis, we turn to a natural experiment precipitated by the financial crisis.
Worldwide, a number of countries banned short selling of stock on their national exchanges at the
onset of the financial crisis. In some cases, regulators restricted the short selling ban to the stock of
financial intuitions. Thus, we can examine run distributions before and after the ban and look for any
differences. However, to do that, the short selling ban period must be long enough for the sample of
runs to be indicative of the underlying population.

From Beber and Pagano (2013), we find that one of the longest short sale bans occurred in
Australia, where prohibition of short selling financial institution stocks occurred from 22 September
2008 to 1 June 2009, a total of 170 trading days. The Australian Stock Exchange (ASX Group 2018) is the
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15th largest, with market capitalization of $1.442 trillion (World Federation of Exchanges 2017). In its
corporate overview, the ASX states that it operates in a “world class regulatory environment”, and its
clearing houses are “among the most secure and well capitalised in the world.” To further confine our
analysis to the most liquid stocks, we examine the nine financial institutions in the ASX 200 index.

Table 6 illustrates the number of runs observed 170 days before and after the ban for each of the
financial institution stocks in the ASX 200 index. In 7 of 9 cases, and in total, there are fewer runs after
the ban. This result suggests that a short selling ban contributes to inefficiency and a positive serial
correlation of returns.

Table 6. Number of Runs before (B) and After (A) Short Selling Ban in Australia.

CBA WBC ANZ NAB MQG SUN QBE AMP ASX Total

B 88 86 88 88 94 90 80 96 82 792
A 87 81 76 76 72 74 86 92 84 728

Given the limited number of banned short selling days, we artificially constructed a longer time
period by combining all nine stocks into one distribution. This simulates a return run distribution
covering approximately six years. Figure 4A graphs the number of runs both before and after the
ban. Similar to our earlier DSE results, there are fewer short runs (4 days or less) and more long runs
(5 days or more) during the period in which short selling is banned. Figure 4B more clearly illustrates
the long runs observed in the tails of the distribution. There are several more runs of positive returns
that are 5 days or longer after the ban. Whereas the longest positive return run observed is 7 days
before the ban, after the prohibition of short selling, we find one 10 day run. For negative return runs,
the longest period observed is 8 days, whereas there are several examples of 9 and 10 day runs after
the ban. In total, evidence from a natural experiment shows that prohibiting short sales contributes to
relatively greater frequency of long runs, and reflects the market’s need for additional time to digest
new information.J. Risk Financial Manag. 2018, 6, x FOR PEER REVIEW  15 of 17 
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4. Concluding Remarks

Regulators for a number of national exchanges have banned the practice of short selling. This is
often the case in emerging markets. Whether the reason is fear of market manipulation or simply
the lack of an institutional framework to borrow shares, a short selling ban potentially impedes the
impounding of information in market prices.

Previous studies typically consider the effect of a short selling ban on price discovery by examining
price dynamics before and after changes in short selling regulations. However, for many exchanges
in emerging economies, investors have never been able to short sell securities. Thus, testing for
differences across regime shifts is not possible.

To address that problem, our analysis compares the return runs we observe to what we would
expect if markets were otherwise efficient. We first construct a simple runs test for statistical independence
of daily stock returns, a necessary condition for market efficiency. A run is a series of returns all of
the same sign, and the test calls for comparing the total number of runs in a given time period to the
expected number of runs. We use Monte Carlo simulation to determine the latter. We then extend the
analysis by considering the number of days for each run and form a distribution of return clusters
according to their duration. Again, we compare the distribution to expectations based on a Monte
Carlo simulation. The extended analysis considers whether runs of longer duration appear more or
less frequently than anticipated if markets are efficient.

Additionally, we examine the symmetry of the distribution to see whether any effects are obtained
for both positive and negative return runs.

Using data from the Dhaka Stock Exchange, we examine whether a short selling ban affects
market efficiency. The runs test provides strong evidence that returns are not independent. Moreover,
a runs distribution reveals fat tails, implying that runs of longer duration appear more frequently in
the DSE data than we would expect in efficient markets.4 Thus, for both positive and negative return

4 While a short selling ban appears to affect both tails of the runs distribution, the tests depend on the success rate, the
percentage of positive returns observed. For all DSE stocks, the success rate is less than 50%, while for all Dow Jones stocks
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runs, we observe a relatively large number of runs that are 5 days or longer. We next consider similar
tests for the DJIA and stocks within the index. This list includes extremely liquid stocks that are easily
shorted. In contrast to the DSE results, the runs tests generally accord with market efficiency. Finally,
to further show causality, we examine Australian stock return runs before and after a ban on short
selling. After the prohibition, the findings are similar to the DSE results and reproduce the longer time
necessary for markets to reach a new equilibrium. The evidence taken as a whole suggests that a short
selling ban delays the market’s digestion of information. This is true for both positive and negative
news. In light of these results, regulators may want to rethink the prohibition of short selling securities.
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