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摘

要

本研究探討臺灣期貨市場中各類型投資人之價格群聚行
為，藉由使用具有完整交易紀錄的資料，可將市場參與者分為
自然人、國內機構投資人、期貨自營商及國外機構投資人四種
類型。實證結果顯示，在臺灣期貨交易所的三大法人盤後交易
資訊揭露規範實施後，整體市場參與者的價格群聚都顯著下
降，尤其對自然人的影響特別明顯；其次，受華人文化與習俗
影響而導致之數字偏好，確實存在於在本國投資人的價格行為
上，其中自然人又尤其明顯；最後，相較於自然人，市場情緒
指數對機構投資人之價格群聚影響較大。整體而言，在分析價
格群聚行為的影響因素上，投資人類型之差異是不可忽略的重
要因素。
關鍵詞： 價格群聚、交易者類型、指數期貨、數字偏好、市場

情緒
JEL碼：G12, G13
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Abstract
This paper investigates the price clustering behaviors of
different types of traders in the Taiwan futures market. Using a
unique dataset obtained from the Taiwan Futures Exchange that
records comprehensive and complete transaction data, we
classify all market participants into individual traders, domestic
institutional traders, futures proprietary firms, and foreign
institutional traders. We find that the implementation of
disclosure regulations is helpful to improve the degree of price
clustering for all traders, and the impact is particularly
significant for individual traders who behave as uninformed
traders. Chinese cultural number preferences are pervasive in the
behaviors of all domestic traders and especially for individual
traders. The global market sentiment is positively associated
with price clustering for individual and institutional traders,
especially for foreign institutions who behave as informed
traders. Overall, the empirical results show that the impacts of
trading transparency, cultural preference, and market sentiment
on the degree of price clustering are related to trader type.
Keywords: Price Clustering, Trader Types, Index Futures, Number
Preferences, Market Sentiment
JEL: G12, G13
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I. Introduction
Extant literature indicates that during a period of high sentiment,
informed traders become less willing to leverage their information
advantages on the futures market, thereby diminishing the futures
market’s role in providing information and contributing to price
discovery (e.g., Lin, Chou and Wang, 2018). Interestingly, Blau
(2019) finds a contemporaneous correlation between price clustering
and investor sentiment. In his empirical analyses of causal inferences,
the results further indicate that causation flows from investor
sentiment to price clustering. Although the study of Blau (2019) shows
that investor sentiment increases the level of price clustering in equity
markets, it is far less clear whether the effect differs between trader
types. The purpose of this paper is to fill this gap in the literature by
characterizing the relation between market sentiment and price
clustering for various types of traders. We propose that information
disclosure and the Chinese culture may affect market efficiency
through price clustering behavior; moreover, the effect is different
between individual and institutional traders (Bloomfield and O’Hara,
1999, 2000; Brown and Mitchell, 2008).
Financial asset prices often tend to cluster at a specific value, a
phenomenon that occurs as a result of traders using a discrete set of
1

prices to specify their trade terms. Under a constrained minimum tick
1

According to prior studies, price clustering can result from many factors,
such as human bias (Hornick, Cherian and Zakay, 1994; Davis, van Ness
and van Ness, 2014), psychological factors (Lucey and O’Connor, 2016; Ke,
Chen, Lin and Liu, 2017), preferences for specific numbers (Goodhart and
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size and in the absence of both market friction and bias, prices should
uniformly distribute across every possible value; nevertheless, the
observed prices invariably round off either up or down. The resultant
clustering of trade prices or the tendency for specific prices to be
observed with higher frequency than others is commonplace; indeed,
this is already well documented in the literature focusing within and
across markets (Kandel, Sarig and Wohl, 2001; Ikenberry and Weston,
2008; Ohta, 2006). In the literature, the most common explanations
used in prior works to illustrate the occurrence of price clustering have
been the price resolution hypothesis (Ball, Torous and Tschoegl, 1985)
and the negotiation hypothesis (Harris, 1991).
The price resolution hypothesis indicates that the degree of price
resolution is a function of the amount of information available in the
market and of the level and variability of prices (Ball et al., 1985).
Rendering price information public leads to more accurate prices that
are mutually acceptable to both buyers and sellers in the market, while
finer pricing units are more likely to be used in transactions.
Furthermore, additional public information is helpful in that it lowers
the price risks faced by traders and especially for large trades that
require more liquidity from market makers. Additionally, the
negotiation hypothesis shows that price clustering occurs as traders try

Curcio, 1991; Aşçıoğlu, Comerton-Forde and McInish, 2007), or even
cultural factors that influence preferences for certain numbers (Brown,
Chua and Mitchell, 2002); additional factors include the likelihood of
collusion occurring between market makers (Christie and Schultz, 1994) or
differences between market structures (Grossman, Miller, Cone, Fischel
and Ross, 1997).
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to use discrete price sets to simplify the negotiation process and to
lower their costs of negotiating. As noted in Harris (1991), the degree
of price clustering depends on the balance of lost gains from trade and
lower negotiation costs. Alexander and Peterson (2007) further explain
that a crude price set benefits traders, as it reduces the occurrence of
misreporting and price risks. Chowdhry and Nanda (1991) also
document that rendering information available improves market
liquidity and reduces the negotiation risks for both buyers and sellers,
thereby improving price clustering.
Several studies have provided evidence of the effect of
information disclosure on market quality and document that the
practice of post-trade transparency induces information efficiency,
decreases differences in investment returns between informed and
2

uninformed traders, and results in better price discovery outcomes. In
contrast to the preceding studies that have generally reported on the
benefits of information disclosure, some of the literature supports the
argument that an increase in transparency does not always improve
market quality.

3

There is no consensus on whether increasing

transparency results in an improvement or deterioration in market
quality (Eom, Ok and Park, 2007); the literature on this issue is still
2

3

Works on the information efficiency of post-trade transparency in equity
markets include Flood, Huisman, Koedijk and Mahieu (1999); Bloomfield
and O’Hara (1999, 2000); Chung, Chen and Chiu (2011) and others. For
example, Bloomfield and O’Hara (1999, 2000) use laboratory experiments
to address how differences in transparency play a key role in the creation of
liquidity.
This literature includes Madhavan, Porter and Weaver (2005), Bloomfield
and O’Hara (1999, 2000), O’Hara (2001), and Board and Sutcliffe (1996).

 7 

期貨與選擇權學刊

第12卷第2期‧2019年8月

‧

Journal of Futures and Options

evolving. Some of the studies in the economic literature attempt to
provide experimental evidence regarding the impacts of changes in
transparency on market participants. Bloomfield and O’Hara (1999)
demonstrate that an improvement in transparency enhances the market
efficiency and that the market-makers gain most from such
improvements; however, for traders with liquidity demands, this
change substantially increases their transaction costs. Furthermore,
Bloomfield and O’Hara (2000) analyze traders’ preferences for market
transparency and find that traders do not exhibit undue favor in
transparent markets.
In addition to favoring prices with the last digits of 0 or 5, a
preference for the number 8 and an avoidance of the number 4 are
traditionally more salient among many Chinese. Chinese investors
view the number 8 as an auspicious number and the number 4 as an
unlucky number; therefore, a number ending in 8 may be attractive,
while traders in the financial market may avoid a number ending in 4.
Several studies (including Brown, Chua and Mitchell, 2002; Cai, Cai
and Keasey, 2007; Brown and Mitchell, 2008; Anderson, Dunstan and
Marshall,

2015;

Hu, Jiang,

McInish

and Zhou, 2017;

and

Bhattacharya, Kuo, Lin and Zhao, 2018) illustrate the influence of
cultural factors on trade price clustering. For example, Brown and
Mitchell (2008) document that cultural factors can influence the
salience of numbers and thus price clustering in segmented markets,
thereby sufficiently insulating them from international forces.
Although these studies admit to the effects of Chinese culture on
number preferences, it is far less clear how this effect varies by trader
type.
 8 
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Using a unique dataset obtained from the Taiwan Futures
Exchange, which records comprehensive and complete transaction
data on market participants,

4

we investigate the impacts of these

influential factors (information disclosure, Chinese culture, and market
sentiment) on the price clustering behavior of market participants and
discuss whether the trader type could help explain the mixed results.
Our analysis leads to several interesting findings. First, there is a
discernible reduction in price clustering for all traders after disclosure
implementation, and this impact is particularly significant for
individual traders. The implementation of information disclosure
mechanisms is, therefore, beneficial for the Taiwan futures market, as
most market participants are individual traders.

5

Additionally, the

influence of cultural factors, i.e., preferences for specific numbers
(e.g., 8) and the avoidance of others (e.g., 4), on individual traders is
more significant than it is for institutional traders. For individual
traders, the degree of price clustering in their buy orders is more
significant than that in their sell orders. Moreover, the price clustering
of individual traders is significantly positively related to market
volatility and trade size. Overall, these results are consistent with the
argument that individual traders are more likely to act as uninformed
4

5

Using a unique dataset obtained from the Taiwan Futures Exchange that
provides trader identification codes, we classify all market participants into
individual traders, domestic institutional traders, futures proprietary firms
and foreign institutional traders.
Yu and Yuan (2011) document that the Taiwan Stock Exchange
Corporation (TWSE), compared with a well-developed stock market, is
dominated by individuals, so this market may be more sensitive to investor
sentiment.
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traders (Anand, Chakravarty and Martell, 2005; Wong, Chang and Tu,
2009; and Chakravarty, 2001).
Second, we use the Chicago Board Options Exchange (CBOE)
Volatility Index (hereafter, VIX_US) and the Taiwan Stock Exchange
Capitalization Weighted Stock Index (TAIEX) Implied Volatility
Index (hereafter, VIX_TW) to measure global and domestic market
sentiment and examine the impact of market sentiment on price
clustering. The empirical results show that VIX_US has a positive
impact on price clustering for all traders. Moreover, the effect is
statistically significant for individual traders, domestic institutions,
and foreign institutions. This finding suggests that the price behavior
of most traders in the Taiwan futures market is affected by global
investor sentiment. On the other hand, the influence of VIX_TW on
price clustering for all traders is not significant. However, in our
further analyses of the individual influences of market sentiment on
various types of traders, the price clustering of foreign institutions is
positively related to domestic market sentiment. This finding indicates
that informed traders use more crude prices set on the futures market
during high sentiment periods, which is again in line with Lin et al.’s
(2018) conclusion that informed traders become less willing to
leverage their information advantages when investor sentiment is
strong.
Finally, several interesting phenomena are reflected in our
empirical results, which suggest that proprietary firms in the Taiwan
futures market act more akin to market makers. For proprietary firms,
both before and after information disclosure, an avoidance of the
number 4 is less salient than it is for other types of traders. Moreover,
 10 
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when they engage in small-scale trade, their preference for specific
numbers is less common. Additionally, the price clustering of
proprietary firms is negatively related to domestic market sentiment.
These results show that proprietary firms in the Taiwan futures market
seem to act as market makers that provide continuous quotes and that
maintain market liquidity.
On the other hand, foreign institutions in the Taiwan futures
market are more likely to be value-motivated traders. The levels of
price clustering on mid- and large-size trades of foreign institutions are
lower than those of other types of investors. Moreover, the trade price
clustering of foreign institutions is negatively associated with
annualized time-to-maturity, implying that foreign institutional traders
perceive valuation errors and have price preferences rather than short
time horizons to execute their trades. This result is consistent with
arguments made by Chou, Wang, Wang and Bjursell (2011).
Our study differs from the extant literature in the following ways.
First, we analyze the price clustering behaviors in the Taiwan futures
market from the perspective of different trader types; this is an area
which has received relatively vast attention in the literature by
discussing informed and uninformed traders. The most common
explanations used in the prior research to illustrate the occurrence of
price clustering are the price resolution hypothesis (Ball et al., 1985)
and the negotiation hypothesis (Harris, 1991). However, it is worth
discussing the two hypotheses by examining the impact of market
transparency on price clustering for different types of traders. Second,
our paper differs from Blau (2019), who studies the contemporaneous
correlation between price clustering and investor sentiment. We
 11 
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examine the effect of market sentiment on price clustering for different
types of traders. Finally, Bhattacharya et al. (2018) show that the
trading losses of individual investors are positively related to their
6

degree of superstition. In this study, we show that the degree of
number preferences of individual investors is positively associated
with their trade size, and it becomes more severe after the
implementation of disclosure regulations.
The remainder of this paper is organized as follows. Descriptions
of the research hypotheses design and the data used are provided in
Section 2, which is followed by a discussion of the research
methodology employed in Section 3. Section 4 reports the empirical
results of this study. Finally, the conclusions drawn from this study are
presented in Section 5.

II. Research Design
1. Theoretical Framework and Hypotheses Development
An extensive literature stream shows that market transparency
affects investors’ trading behaviors (Bloomfield and O’Hara, 1999,
2000; O’Hara, 2001). As noted by O’Hara (1995), “market
transparency refers to the ability of market participants to observe the
information in the trading process.” For policymakers and market
regulators, the establishment of transparent trading platforms is
generally acknowledged as an indispensable element of market design.

6

Following the study of Bhattacharya et al. (2018), we measure the degree
of number preferences using the superstition index method.
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For example, Bloomfield and O’Hara (1999, 2000) use laboratory
experiments to address how differences in transparency play a vital
role in the creation of liquidity. In addition, Board and Sutcliffe (2000)
also indicate that higher levels of transparency do not harm market
quality; furthermore, increased levels of transparency mitigate
information asymmetries and then reduce the bid-ask spread, but with
no discernible effects on the transaction transfer. Chung et al. (2011)
find that the improvement of post-trade transparency leads to reducing
the level of price clustering.
While increased levels of transparency help traders make betterinformed trading decisions, not all market participants benefit from
improvements in transparency. Indeed, strict standards of information
disclosure can reduce speculative motivations for strategic traders to
become privately informed of the market, thus removing their
incentives to venture into the market. In contrast to preceding studies
that have generally reported on the benefits of information disclosure,
however, some of the literature supports the argument that an increase
in transparency does not always improve the market quality.
Madhavan et al. (2005) find that higher levels of transparency do not
facilitate market operations; furthermore, excessive transparency can
weaken informed traders’ intentions to execute and, hence, can
damage

market

liquidity.

Consistent

with

such

assumptions,

Bloomfield and O’Hara (1999, 2000) and O’Hara (2001) predict that
changes in transparency are likely to benefit one group of traders at the
expense of others. Board and Sutcliffe (1996) also document that
disclosure delays can create information advantages for market makers
and therefore induce liquidity trader transfers to other markets.
 13 
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Both Ball et al. (1985) and Harris (1991) argue that the level of
price clustering depends on how well market participants know the
true value of a security. When the actual value of a security is
unknown, investors will prefer to use a discrete set of prices to
minimize negotiation costs. In this case, clustering will occur. Our
idea is motivated by prior research indicating that different investor
groups may differ in their level of sophistication in response to
information and that institutional investors are better informed than
individual investors. For example, Kuo, Chung and Chang (2015) find
that trading by institutional investors generally forecasts returns and
volatility more accurately, and trading by individual investors is likely
to poorly forecast returns and raise market volatility, supporting the
argument that institutional investors are better informed and individual
investors are likely to be noise traders. Chen, Lin and Shiu (2019)
show that foreigners play the dominant role in the price discovery
process in Taiwan’s futures markets, and individuals make the
smallest contribution to price discovery. Bhattacharya et al. (2018)
find that individual investors submit disproportionately more limit
orders at number 8 than number 4, indicating that superstitious
investors lose money mainly because of their bad market timing and
stale orders. Anand et al. (2005) find that institutional limit orders
perform better than the limit orders placed by individuals. Their results
suggest that institutions can better predict the flow of information and
use this knowledge to submit limit orders. Wong et al. (2009) also
document that institutions are better informed than individuals, and
their trades have a more significant impact on the price; thus, no
magnet effect is observed. Their empirical result indicates that the
 14 
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magnetic effect in Taiwan Stock Exchange Corporation (TWSE) is
more likely to be caused by individual investors, who are relatively
uninformed, trade aggressively and further pull stock prices at an even
faster rate towards limit bounds. Additionally, Chakravarty (2001) also
finds that institutional investors are more informed than individual
investors.
Using a unique dataset obtained from the Taiwan Futures
Exchange, which records comprehensive and complete transaction
7

data on market participants, we begin our empirical analyses by
validating that the information disclosure has a significantly negative
effect on the price clustering occurrence for all traders, and we posit
that this impact is particularly significant for individual traders. To
conduct a complete analysis, we posit the following hypothesis:
Hypothesis 1a. The implementation of information disclosure
mechanisms is helpful to improve the degree of price clustering in the
TAIEX futures market.
Hypothesis 1b. The improvement in the degree of price
clustering after information disclosure has a discernable effect for
individual investors who behave as uninformed traders.
Many studies find that investor sentiment can predict asset
returns and plays a vital role in financial markets. The existing
literature indicates that investor sentiment can predict asset returns
because it is related to stock mispricing. The behavior research also
documents that during periods of high investor sentiment, asset prices
7

The Taiwan futures market, compared with a well-developed securities
market, is dominated by individuals; thus, this market may be more
sensitive to investor sentiment (Yu and Yuan, 2011).
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are less efficient and are more subject to higher pricing errors.
Barberis, Shleifer and Vishny (1998) attribute the limits of arbitrage to
noise trader risk. Shifts in investor sentiment are in part unpredictable,
and therefore, when an arbitrageur bets against mispricing, this may
increase the trading risk. Over the short run, at least, investor
sentiment becomes more extreme and prices move even further away
from their fundamental value. Baker and Wurgler (2006) suggest that
many securities underperform following periods of high levels of
investor sentiment, which indicates that investors tend to overpay for
securities when investor sentiment is high. Blau (2019) also
documents that during periods of strong sentiment, investors are less
likely to be concerned about negotiation costs and are therefore more
willing to settle on round share prices. In addition, the theory of limits
to arbitrage also documents that arbitrage is limited when rational
traders face uncertainties surrounding when their peers will exploit a
8

collective arbitrage opportunity. These arguments imply that during
periods of high levels of investor sentiment, asset prices tend to cluster
on round increments and, therefore, are associated with higher levels
of price clustering.
Given that the prior studiesshow higher levels of mispricing
during periods characterized by high degrees of investor sentiment,
Blau (2019) indicates that investors respond by preferring round prices
during periods of strong investor sentiment. The finding of Blau
8

This includes Abreu and Brunnermeier (2002) and Blau (2019) whoargue
that synchronization risk—which is distinct from noise trader risk and
fundamental risk—arises when arbitrageurs become sequentially aware of
mispricing and incur holding costs.
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(2019) suggests that the relationship between price clustering and
investor sentiment is causal. Furthermore, Lin et al. (2018) find that
informed traders become less willing to leverage their information
advantage on the futures market during high sentiment periods, which
diminishes the futures market’s role in providing information and
contributing to price discovery. During periods of high trading
activity, Blau, van Ness and van Ness (2009b) argue that stealth
trading occurs less frequently because informed investors are more
easily breaking up their trades and executing larger trades without
revealing their information to other sophisticated traders. For the
relation between institutional investors and informed traders,
Hendershott, Livdan and Schürhoff (2015) document that individual
investors use heuristics based on number superstition when making
investment decisions, whereas institutional investors, domestic or
foreign, do not.
In our further analyses, we add global and domestic market
sentiment indicators to investigate the effect of market sentiment on
price clustering behavior across all types of traders. Under the
framework of limits to arbitrage theory, as informed traders are less
willing to leverage their information advantages when market
sentiment is high, we expect to find that the coefficient of market
sentiment is positive, especially for institutional investors who behave
as informed traders. Thus, we state our second hypothesis as follows:
Hypothesis 2a. The degree of price clustering is positively
associated with the market sentiment in the TAIEX futures market.
Hypothesis 2b. The impact of market sentiment on the degree of
price clustering has a discernable effect for institutional investors who
 17 
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behave as informed traders.

2. Data and Market Regulation
Our data sample includes all TAIEX futures contracts traded on
the Taiwan Futures Exchange (TAIFEX) between 22 October 2007
and 10 September 2008. On 11 September 2008, the securities
transaction tax was reduced from 0.3 percent to 0.15 percent and was
adopted over six months. Therefore, our sample period runs from 22
October 2007 to 10 September 2008, covering the 111 transaction days
preceding the date of information disclosure implementation (7 April
2008) and the 111 transaction days following its implementation.
A comparison of the information disclosure regulations of other
countries to those from Taiwan shows that the information disclosure
requirements of stock markets are more extensive than those of the
futures market in Taiwan. To strengthen the information completeness
and transparency of derivative markets, on 7 April 2008, regulators of
the TAIFEX referred to the practices of the securities market and
began to disclose transaction data on the three types of institutional
investors, including domestic institutional traders, futures proprietary
firms and foreign institutional traders, after market close. As
institutional and individual investors are commonly viewed as
informed and uninformed traders, respectively, the trading information
of institutional traders serves as a valuable indicator for other market
participants and especially for individual traders. According to the
theoretical study of post-trade transparency by Madhavan (1996),
information leaders and large traders tend to execute their transactions
in less transparent markets; by contrast, transparent markets are
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9

The market quality may be

influenced by the practice of post-trade disclosure, affecting the
market participants’ decisions on the execution of trading strategies.
Tick-by-tick transaction data on TAIEX futures are obtained from
the TAIFEX intraday database.

10

This unique dataset includes trader

identification data. Traders are further classified into the following
four types: individual traders, domestic institutional traders, futures
11

proprietary firms, and foreign institutional traders.
9

10

11

The availability

As the disclosure for such events focuses on three institutional investors,
the public release of their transaction positions is likely to cause their
investment strategies or private information to be exposed. The securities
price is, in turn, disturbed by noise traders or information laggards, further
diminishing their returns or even causing losses, limiting their interest in
executing transactions in the market. In the TAIFEX, market participants
trade through a market-maker system. On such a platform, institutional
traders can trade at a lower cost and possess more information advantages
than individual traders. The public disclosure policies implemented on 7
April 2008 in the Taiwan derivatives market thus serve as an ideal
apparatus for identifying informed and uninformed traders in the Taiwan
futures market.
In this study, we use “transaction” data rather than “quote” data for three
considerations. First, quote data is not always the actual prices that
investors want to trade. Second, we can observe buyer‐ and seller‐initiated
trading from the transaction data. Third, we cannot determine whether it is
the best bid and offer prices from quote data.
The method that we use toclassify our trades between different groups of
traders is, when there is one transaction occurring at a price with the digit
of 8, we will count all buy orders of this trade with the digit of 8 and all
sell orders of this trade with the same digit. For example, as shown in Table
A1 in the Appendix section, we can observe that the buyer of this
transaction is an individual trader with six contracts, and the sellers of this
transaction include a domestic institution with five contracts and an
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of trader types enables us to examine the individual effects of
information disclosure, Chinese culture, and market sentiment on price
clustering for these various types of market participants.
Data errors are minimized by eliminating trades meeting the
criteria

outlined

in

prior

studies

(Hasbrouck,

2003;

Tse,

Bandyopadhyay and Shen, 2006; Chen and Chung, 2012). The regular
trading session of TXF is from 8:45 a.m. to 1:45 p.m. on Mondays to
Fridays (excluding public holidays). In addition to the account
identification information within the unique dataset, the transaction
data include the date and time of the transaction, its direction (buy or
sell), the quantity, transaction price, and the identity of the traders. To
ensure the accuracy of the sample data, all trades that are out of time
sequence are deleted; additionally, any trades meeting any of the
following three conditions are also discarded: (i) either the buy or sell
price is equal to or less than zero; (ii) either the buy or sell size is
equal to or less than zero; and (iii) either the buy or sell size is higher
than 100. In addition, the trades are screened for outliers using a filter
that removes prices that differ by more than 10% from the last prices,
i.e., |

⁄

|

0.1. Overall, the original entire sample is

32,580,936 (=14,407,878+18,173,058), and the adjusted sample via
above the filtration method is 16,957,583 (=8,100,820+8,856,763).

III. Research Methodology
Following the approaches used in previous studies (Grossman et

individual trader with 1 contract.
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al., 1997; Schwartz, van Ness and van Ness, 2004; Ikenberry and
Weston, 2008), we use standard chi-square goodness-of-fit statistics to
explore whether the frequency distribution of the last digit for index
futures follows a uniform distribution. That is, we compute the sum of
squared deviations between the observed level of price clustering and
the expected level of such clustering under a uniform distribution, as
follows:
W

where

(1)
is the observed frequency of the last digit;

is the

expected frequency of a uniform distribution; and W is the distributed
chi-square with

−1 degrees of freedom under standard conditions. A

large W value signifies a significant deviation from the uniform
distribution.
As suggested in Grossman et al. (1997) and Ikenberry and
Weston (2008), we estimate the measure of price-concentration by
using a variation of the Herfindahl-Hirschman index (HHI) to observe
how futures prices cluster. The HHI is a measure of the market
concentration calculated by squaring the market share of each firm
12

competing in the market and then summing the resulting numbers.
Specifically, we construct the following:
HHI

12

(2)

Nguyen, van Ness and van Ness (2007) apply the HHI to measure trading
concentrations.
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is the frequency of trades (in percentage terms) occurring at

fraction

with =1, 2, … ,

possible ticks. The HHI is calculated

based on the last digit of the trade price according to the minimum tick
sizes of index futures. Under the null hypothesis of no price clustering,
the HHI should be equal to 1⁄ ; for example, the HHI should be
equal to 0.1 when the last digit of the prices is uniformly distributed. A
large HHI indicates that the degree of price clustering in futures
markets is considerable.
We also follow Grossman et al. (1997) in using the standardized
range (SR) as an alternative measure of clustering. The numerator of
the standardized range is the difference between the highest (
lowest (

) and

) quotation frequencies. The SR can be computed from the

following equation:

SR=
where E

−

(3)

E

denotes the expected frequency under a uniform

distribution. The SR can be computed by dividing the range of the
expected quotation frequency under a null distribution. Similarly, the
SR should be equal to zero under the null hypothesis of uniform
distribution, while a substantial SR value indicates that the degree of
price clustering in futures markets is considerable.
A statistical test is then employed to investigate the changes in
price clustering observed during the pre- and post-disclosure period.
We first test whether the percentages of prices with the last digits of 0
and 5 decrease significantly after the public release of institutional
traders’ positions. We further examine the changes observed from
order sizes and from buy/sell orders for the four types of traders to
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measure effects of information disclosure on the traders’ price
behaviors.
Following

the

implementation

of

information

disclosure

mechanisms, any inferences regarding improvements in the price
clustering of TAIEX futures may be affected by changes in the market
characteristics observed over the sample period. We follow several
related theories drawn from the literature (Schwartz et al., 2004;
Chung and Chiang, 2006; Ikenberry and Weston, 2008; Verousis and
apGwilym, 2013) to control for other factors in the regression model.
The following regression model is therefore specified in TAIEX
futures:
_

_
_

(4)

_
where t denotes the daily time interval. PC denotes the daily degree of
price clustering measured from the percentage of trade prices where
the last digit is 0 or 5, from the HHI, and from the SR. DMY is a
dummy variable equal to 0 for the period preceding disclosure
implementation (from 22 October 2007 to 7 April 2008) and equal to 1
otherwise (from 8 April 2008 to 10 September 2008). SIG_TW and
SIG_US are the daily market volatility values calculated from
Parkinson’s (1980) extreme value estimator for Taiwan and the U.S.,
respectively. SIZE is the trading volume. TTM is the annualized timeto-maturity value. VIX_TW and VIX_US are the market sentiment
measured from the volatility index for Taiwan and the U.S.,
respectively.
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We expect to find significant decreases in price clustering
following post-disclosure implementation and especially for individual
traders, implying that the disclosure policy may have brought about
significant changes in the behaviors of individual traders due to
information disclosure on the market. In addition, we also expect the
coefficient of market sentiment to be positive and the relation to be
statistically significant, especially for institutional traders since
informed traders become less willing to leverage their information
advantages during periods of high sentiment.

IV. Empirical Results
1. Descriptive Statistics
The frequency distributions of the final digits of trade prices,
goodness-of-fit statistics, HHI values, and SR values of TAIEX futures
are presented in Table 1. The results show that the distributions are not
uniform. For all types of traders, the highest frequency of final digits
clusters at 0 and the second-highest frequency clusters at 5. For both
the pre- and post-disclosure periods, domestic institutional traders
(32.06% and 30.60%, respectively) are correlated with the highest
percentage of terminal digits of 0 and 5, followed by individual traders
(31.34% and 29.71%, respectively), foreign institutional traders
(25.65% and 24.86%, respectively), and futures proprietary firms
(23.33% and 21.90%, respectively). The frequency of last digits 0 and
5 found among trade prices falls noticeably after disclosure
implementation. Similar results are shown in the table for the HHI and SR.
This result supports the claims of the price resolution hypothesis,
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noting that the degree of price resolution is a function of the amount of
information in the market.

13

When excluding the most popular numbers, i.e., 0 and 5, the
frequency of the number 8 is the highest, while the frequency of the
number 4 is the lowest. Individual traders present the most
considerable differences in terms of percentages of terminal digits 8
and 4, showing that their preferences for specific numbers and
avoidance of others are more pronounced than those of other
institutional traders. This result is consistent with previous studies
(Brown et al., 2002; Cai et al., 2007; Brown and Mitchell, 2008;
Anderson et al., 2015), illustrating the influence of Chinese culture
and superstition on preferences for and avoidance of specific numbers.
The differences in preferences for the terminal digits of 8 and 4 for the
four types of traders prior to and after information disclosure are as
follows: individual traders (2.66% and 2.77%, respectively), domestic
institutional traders (1.90% and 2.22%, respectively), futures
proprietary firms (0.96% and 0.92%, respectively), and foreign
institutional traders (0.85% and 1.11%, respectively). It must be noted
that percentage differences observed between the numbers 8 and 4 increase
for all traders except for futures proprietary firms, showing that the
reduction in price clustering is not proportionally distributed to other
numbers but is partially affected by Chinese culture.
13

According to the price resolution hypothesis (Ball et al., 1985), the degree
of price resolution is a function of the amount of information available in
the market. Rendering price information public leads to the formation of a
more precise price that is mutually acceptable to both buyers and sellers in
the market while finer pricing units are more likely to be used in
transactions.
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Before

After

Before

After

Individual Traders
Before

After

Domestic Institutions

Before

After

Proprietary Firms

Before

After

Foreign Institutions

16.96%
8.46%
9.50%
8.99%
8.01%
12.46%

1

2

3

4

5

11.95%

8.12%

9.08%

9.66%

8.79%

15.98%

13.04%

7.59%

8.77%

9.40%

8.19%

18.30%

12.55%

7.73%

8.89%

9.58%

8.52%

17.15%

12.62%

7.70%

8.39%

9.30%

8.33%

19.45%

12.01%

7.76%

8.41%

9.44%

8.77%

18.59%

10.61%

9.20%

9.75%

9.92%

9.22%

12.72%

9.88%

9.34%

9.76%

10.01%

9.65%

12.02%

11.52%

8.93%

9.42%

9.54%

9.06%

14.13%

11.23%

8.90%

9.47%

9.74%

9.17%

13.63%

Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%)

0

Last Digit

All Traders

This table presents the frequency distributions of last digits, goodness-of-fit statistics (χ ), the HerfindahlHirschman index (HHI), and the standardized range (SR) of TAIEX futures prices for the four types of traders
(individual traders, domestic traders, futures proprietary firms and foreign institutional traders) before and after
disclosure implementation. Our sample period runs from 22 October 2007 to 10 September 2008, for a total of 222
trading days. The ‘Before’ columns cover the 111 trading days preceding disclosure implementation; the ‘After’
columns cover the 111 trading days following disclosure implementation (7 April 2008). The cell frequencies are
determined based on the terminal digits with goodness-of-fit statistics constructed as the sum of the squared
deviations of the cell frequencies derived from the expected frequency determined under the null hypothesis of the
uniform distribution (i.e., one-tenth). The HHI and SR methods are also used to test for price concentrations. The
expected HHI value is set to 0.1 under the uniformed distribution of the last digit. The expected SR value is 0 under
the uniformed distribution of the last digit.

2

Table 1 Price clustering analysis of different types of traders before and after information
disclosure implementation
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10.40%
8.62%

10.17%
8.34%

8

After

(0.0000)
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(0.0000)

H0: P(8) – P(4) = 0
560,341
(0.0000)
0.1069
0.8957

χ2-statistics

(p-value)

HHI

SR

(p-value)

2.16%

P(8) – P(4)

(p-value)

0.7861

0.1051

(0.0000)

451,767

(0.0000)

2.28%

(0.0000)

1.0709

0.1100

(0.0000)

562,447

(0.0000)

2.66%

(0.0000)

31.34%

0.9423

0.1075

(0.0000)

465,492

(0.0000)

2.77%

(0.0000)

29.71%

70.22%

H0: P(0) + P(5) = 0.2

27.93%

69.68%

29.42%

100.00%

100.00%

Ratio

P(0) + P(5)

8.22%

10.50%

8.28%

8.58%

8,100,820 8,856,763 5,644,417 6,219,036

7.93%

10.25%

7.98%

8.54%

Total

8.62%

8.35%

8.78%

8.76%

7

9

Before

Individual Traders
Before

After

Domestic Institutions
After

Proprietary Firms
Before

Before

After

Foreign Institutions

1.1750

0.1117

(0.0000)

30,319

(0.0000)

1.90%

(0.0000)

32.06%

3.19%

258,440

8.10%

9.59%

7.90%

8.63%

9.56%

10.16%

9.43%

9.42%

9.94%

10.26%

9.67%

9.46%

1.0828

0.1096

(0.0000)

25,756

(0.0000)

2.22%

(0.0000)

30.60%

3.04%

0.3519

0.101

(0.0000)

13,962

(0.0000)

0.96%

(0.0000)

23.33%

17.26%

0.2680

0.1005

(0.0000)

7,821

(0.0000)

0.92%

(0.0000)

21.90%

17.03%

269,657 1,398,363 1,508,019

8.42%

9.98%

8.05%

8.57%

0.5193

0.1024

(0.0000)

19,082

(0.0000)

0.85%

(0.0000)

25.65%

9.87%

799,600

9.18%

9.79%

9.25%

9.19%

0.4721

0.1018

(0.0000)

15,901

(0.0000)

1.11%

(0.0000)

24.86%

9.71%

860,051

9.25%

10.02%

9.41%

9.17%

Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%)

After

6

Last Digit

Before

All Traders

Table 1 (continued) Price clustering analysis of different types of traders before and after
information disclosure implementation
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Comparisons of the clustering patterns observed between
different types of traders show that for both pre- and post-disclosure
periods, the final digits of prices for individuals tend to cluster at 0 or
5 relative to those of futures proprietary firms and foreign institutional
traders. This result suggests that foreign institutional traders and
futures proprietary firms seem to be better informed than individual
traders. On the other hand, although domestic institutional traders use
rough price sets more than other institutional traders, the change in
price clustering due to information disclosure is relatively smaller than
that for individual traders. This result seems to indicate that domestic
institutions use a rough price set, but not because they are uninformed
about financial markets.

2. Price Clustering of Buying and Selling Orders
Table 2 reports the statistical tests conducted on changes in price
clustering by categorizing buy- and sell-side orders. Box and Griffith
(2016) find that the degree of price clustering on sell limit orders is
greater than that on buy limit orders, thus revealing asymmetry in
price clustering.

14

In Table 2, the comparisons of price clustering on

the buy orders (Panel B) with the sell orders (Panel C) show that the
degree of price clustering on buy orders is more significant than that
on sell orders for individual traders. On the other hand, the degreeof
14

Saar (2001) provides theoretical justification for the differential impacts of
buy and sell orders on asset prices based on information effects. They
suggest that when informed traders are active market participants and when
their strategies result in buy orders conveying more information than sell
orders on average, then equilibrium prices are expected to adjust more for
buy orders than for sell orders.
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price clustering on sell orders is greater than that on buy orders for the
other three types of traders. This result supports the argument that the
buy orders convey more information than the sell orders. For all orders
after information disclosure, a significant increase in the percentage of
the difference between the numbers 8 and 4 results from an increase in
the percentage of number 8, revealing a significant influence of
cultural preferences on price clustering. In addition, we observe the
percentage of terminal digit 8 for both buy orders (Panel B) and sell
orders (Panel C) of individual traders and again find that cultural
preferences for the number 8 are substantial for individual traders.
These results show that the information disclosure policies applied on
7 April 2008 in the Taiwan futures market benefit individual traders
when they submit their orders. Individual traders may use more
accurate prices that are mutually acceptable to both buyers and sellers
in the market, and in turn, accurate prices are more likely to be used in
transactions. Additionally, the Chinese preference for “lucky” number
8 across both buy and sell orders for individual traders is relatively
stronger than that for other types of traders, implying differences in the
effects of cultural preference across different types of traders.
In addition, Table 2 shows that the price clustering of sell orders
is higher than that of buy orders for domestic institutions, futures
proprietary firms, and foreign institutions, implying that the sell orders
of these institutional investors contain more information in the Taiwan
futures market. According to Boehmer, Jones and Zhang (2008), short
sellers are informed of future price movements and can be viewed as
informed traders. Alexander and Peterson (2007) hypothesize that
informed traders engage in size clustering strategies to hide their
 29 
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All
Traders
Before After
Panel A: All order
P(0) + P(5) 29.42% 27.93%
P(8) − P(4) 2.16% 2.28%
P(4)
8.01% 8.12%
P(8)
10.17% 10.40%
HHI
0.1069 0.1051
SR
0.8957 0.7861

(−)*** 31.34% 29.71% (−)*** 32.06% 30.60% (−)*** 23.33% 21.90% (−)*** 25.65% 24.86% (−)***
(+)*** 2.66% 2.77% (+)*** 1.90% 2.22% (+)*** 0.96% 0.92% (−)*** 0.85% 1.11% (+)***
(+)*** 7.59% 7.73% (+)*** 7.70% 7.76% (+)
9.20% 9.34% (+)*** 8.93% 8.90% (−)
(+)*** 10.25% 10.50% (+)*** 9.59% 9.98% (+)*** 10.16% 10.26% (+)*** 9.79% 10.02% (+)***
0.1100 0.1075
0.1117 0.1096
0.1010 0.1005
0.1024 0.1018
1.0709 0.9423
1.1750 1.0828
0.3519 0.2680
0.5193 0.4721

Individual
Domestic
Foreign
Test of
Test of
Test of Proprietary Test of
Test of
Traders
Institutions
Firms
Institutions
equal
equal
equal
equal
equal
means Before After means Before After means Before After means Before After means

This table shows the percentage of trade prices with a terminal digit of 0 and 5, goodness-of-fit statistics (χ ), the
Herfindahl-Hirschman index (HHI), and the standardized range (SR) of TAIEX futures for buyers and sellers of the
four types of traders (individual traders, domestic traders, futures proprietary firms and foreign institutional traders)
before and after disclosure implementation. Our sample period runs from 22 October 2007 to 10 September 2008,
for a total of 222 trading days. The ‘Before’ columns cover the 111 trading days preceding disclosure
implementation; the ‘After’ columns cover the 111 trading days following disclosure implementation (7 April
2008).The HHI and SR methods are also used to test for price concentrations. The expected HHI value is set to 0.1
based on the uniform distribution of the last digit. The expected SR value is set to 0 based on the uniform
distribution of the last digit. A ‘Test of equal means’ denotes the variable ‘After’ minus the variable ‘Before’. The
‘+’ and ‘−‘ signs shown in parentheses denote positive (increase) and negative (decrease) changes, respectively.
***, **, and * denote significance at 1%, 5%, and 10%, respectively.
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disclosure implementation
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All
Traders
Before After
Panel B: Buy order
P(0) + P(5) 29.31% 27.84%
P(8) − P(4) 2.29% 2.47%
P(4)
7.76% 7.87%
P(8)
10.05% 10.34%
HHI
0.1069 0.1051
SR
0.9128 0.8044
Panel C: Sell order
P(0) + P(5) 29.53% 28.03%
P(8) − P(4) 2.03% 2.08%
P(4)
8.26% 8.37%
P(8)
10.29% 10.45%
HHI
0.1071 0.1052
SR
0.9060 0.7692
23.12%
0.95%
8.75%
9.70%
0.1011
0.3942

21.76%
0.97%
9.02%
9.99%
0.1005
0.2930

(−)*** 31.32% 29.66% (−)*** 33.45% 32.54% (−)*** 23.55% 22.05%
(+)*** 2.45% 2.50% (+)*** 1.40% 1.75% (+)*** 0.97% 0.86%
(+)*** 7.87% 8.03% (+)*** 7.67% 7.76% (+)
9.66% 9.67%
(+)*** 10.31% 10.54% (+)*** 9.07% 9.51% (+)*** 10.63% 10.54%
0.1099 0.1074
0.1148 0.1133
0.1014 0.1007
1.0588 0.9121
1.3311 1.2499
0.4419 0.3077

(−)*** 31.36% 29.75% (−)*** 30.55% 28.55% (−)***
(+)*** 2.87% 3.03% (+)*** 2.43% 2.72% (+)***
(+)*** 7.32% 7.43% (+)*** 7.73% 7.76% (+)
(+)*** 10.19% 10.46% (+)*** 10.16% 10.48% (+)***
0.1101 0.1077
0.1090 0.1064
1.0997 0.9740
1.0410 0.9142
25.27%
0.56%
9.11%
9.67%
0.1020
0.4794

24.44%
0.99%
9.08%
10.07%
0.1016
0.4448

(−)***
(+)***
(−)
(+)***

(−)*** 26.03% 25.28% (−)***
(−)*** 1.15% 1.24% (+)***
(+)
8.76% 8.73% (−)
(−)** 9.91% 9.97% (+)
0.1028 0.1021
0.5800 0.5072

(−)***
(+)
(+)***
(+)***

Individual
Domestic
Foreign
Test of
Test of
Test of Proprietary Test of
Test of
Traders
Institutions
Firms
Institutions
equal
equal
equal
equal
equal
means Before After means Before After means Before After means Before After means

Table 2 (continued)Comparison of price clustering for buy and sell orders before and after
information disclosure implementation
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information and to disguise their trading. They also find that trade-size
clustering tends to coincide with price clustering. Our empirical result
shows that the degree of price clustering observed in the sell orders of
domestic institutions is higher than that of other types of traders,
inferring that institutional investors engage in stealth trading in the
Taiwan futures market. Overall, this result also indirectly supports the
conclusions of Blau, van Ness and van Ness (2009a, 2012) in
suggesting that the sell orders of institutional investors face less
execution uncertainty and constraints in the futures market than those
of the stock market, thus increasing the likelihood of stealth trading.

3. Price Clustering of Small-, Medium-, and Large-Size
Orders
Table 3 presents the relationship between trade size and price
clustering,

15

showing that price clustering is positively associated

with trade size. This positive relationship observed is consistent with
the relationships found by Chung, van Ness and van Ness (2004) and
by Verousis and apGwilym (2013),

16

implying reservation price

dispersion. According to the negotiation hypothesis, therefore, largesize trades cause higher levels of price clustering than do small- and

15

16

We define small-size trade as transactions involving 1-5 contracts,
medium-size trade as transactions involving 6-10 contracts, and large-size
trade as transactions involving 11 contracts or more.
Following the theory of reservation price dispersion of the negotiation
hypothesis, Chung et al. (2004) also argue that stocks involving larger
trades tend to present higher levels of reservation-price dispersion because
information asymmetries can be significant in such stocks, indicating that
clustering is positively related to trade size.
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medium-sized trades in the futures market. In addition, Table 3 shows
a stronger influence of Chinese culture on individual traders than on
institutional traders among small-size trade scenarios. Moreover, for
individual traders, domestic institutions, and futures proprietary firms,
the preference for the number 8 and the avoidance of the number 4 for
medium- and large-sized trades are relatively high. By contrast, a
lower degree of cultural influence is observed for foreign institutions
than for other types of traders across all trade size scenarios. Overall,
the effects of the Chinese culture on number preferences are indeed
found for domestic traders, but the phenomenon is not pronounced for
foreign traders.

4. Regression Analysis of Price Clustering
Price clustering after the implementation of information
disclosure mechanisms can be affected by changes in the market
conditions observed over a sampled period. The disclosure dummy,
volatility, trade

size, and

time-to-maturity

are

employed

as

independent variables in our regression; the dependent variable is the
degree of price clustering measured from the percentage of trade price
with a terminal digit of 0 or 5, the HHI, and the SR. We add sentiment
indices, which include VIX_TW and VIX_US, to investigate the
influence of market sentiment on price patterns and further examine
the effects of these independent variables on price clustering for
different types of traders.
Table 4 presents the descriptive statistics of three price clustering
measures and market characteristics transformed into daily time
intervals. Our sample period runs from 22 October 2007 to 10
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All
Individual
Test of
Traders
Traders
equal
Before After means Before After
Panel A: Small-size trade (1-5 contracts)
P(0) + P(5) 29.09% 27.71% (−)*** 31.07% 29.52%
P(8) − P(4) 2.14% 2.26% (+)*** 2.65% 2.76%
P(4)
8.05% 8.15% (+)*** 7.63% 7.75%
P(8)
10.19% 10.41% (+)*** 10.28% 10.51%
HHI
0.1065 0.1048
0.1095 0.1072
SR
0.8655 0.7659
1.0463 0.9268
(−)*** 31.54% 30.08% (−)***
(+)*** 1.83% 2.20% (+)***
(+)*** 7.78% 7.83% (+)
(+)*** 9.61% 10.04% (+)***
0.1106 0.1086
1.1175 1.0284

22.82%
0.87%
9.30%
10.18%
0.1007
0.3057

21.51%
0.85%
9.42%
10.27%
0.1004
0.2316

(−)***
(−)**
(+)***
(+)***

25.13%
0.80%
9.01%
9.80%
0.1020
0.4746

24.54%
1.06%
8.97%
10.02%
0.1016
0.4424

(−)***
(+)***
(−)
(+)***

Domestic
Foreign
Test of
Test of Proprietary Test of
Test of
Institutions
Firms
Institutions
equal
equal
equal
equal
means Before After means Before After means Before After means

This table shows the percentage of trade prices with a terminal digit of 0 and 5, the Herfindahl-Hirschman index
(HHI), and the standardized range (SR) of TAIEX futures prices for order sizes of the four types of traders
(individual traders, domestic traders, futures proprietary firms and foreign institutional traders) before and after
disclosure implementation. Our sample period runs from 22 October 2007 to 10 September 2008, for a total of 222
trading days. The ‘Before’ columns cover the 111 trading days preceding disclosure implementation; the ‘After’
columns cover the 111 trading days following disclosure implementation (7 April 2008).The HHI and SR methods
are also used to test for price concentrations. The expected HHI value is set to 0.1 based on the uniformed
distribution of the last digit. The expected SR value is set to 0 based on the uniformed distribution of the last digit.
A ‘Test of equal means’ denotes the variable ‘After’ minus the variable ‘Before’. The ‘+’ and ‘−‘ signs shown in
parentheses denote positive (increase) and negative (decrease) changes, respectively. ***, **, and * denote
significance at 1%, 5%, and 10%, respectively.

Table 3 Comparison of price clustering for different order sizes before and after information
disclosure implementation
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Panel C: Large- size trade (11 contracts or more)
P(0) + P(5) 42.72% 38.86% (−)*** 45.11% 41.05%
P(8) − P(4) 2.86% 3.14% (+)***
3.02% 3.42%
P(4)
6.16% 6.45% (+)**
5.75% 6.17%
P(8)
9.02% 9.59% (+)***
8.77% 9.58%
HHI
0.1400 0.1280
0.1489 0.1340
SR
2.1191 1.7999
2.3465 1.9545

Panel B: Medium- size trade (6-10 contracts)
P(0) + P(5) 36.69% 33.52% (−)*** 38.27% 34.98%
P(8) − P(4) 2.71% 2.70% (−)
2.89% 2.97%
P(4)
6.89% 7.33% (+)***
6.63% 7.11%
P(8)
9.60% 10.03% (+)***
9.51% 10.08%
HHI
0.1215 0.1141
0.1254 0.1170
SR
1.5644 1.2707
1.6907 1.3773

Before

All
Traders

(−)***
(+)***
(+)**
(+)***

(−)***
(+)*
(+)***
(+)***

39.77%
2.80%
7.01%
9.81%
0.1345
2.0648

41.70%
3.10%
5.97%
9.07%
0.1415
2.2438
45.56%
2.91%
5.76%
8.68%
0.1607
2.6813

38.18%
2.37%
6.69%
9.05%
0.1293
1.8799
(+)***
(+)
(−)**
(−)*

(−)***
(−)***
(+)**
(−)

44.69%
4.11%
5.04%
9.15%
0.1481
2.3988

34.98%
3.01%
6.93%
9.94%
0.1182
1.4743
40.34%
4.11%
5.67%
9.78%
0.1345
2.0617

31.53%
2.50%
7.59%
10.08%
0.1108
1.1362
(−)***
(+)
(+)
(+)*

(−)***
(−)***
(+)***
(+)

37.44%
1.88%
7.42%
9.30%
0.1226
1.5620

30.94%
1.58%
8.16%
9.73%
0.1089
0.9878

32.76%
2.14%
7.54%
9.69%
0.1126
1.2045

28.43%
1.95%
8.13%
10.08%
0.1054
0.8038

(−)***
(+)**
(+)
(+)

(−)***
(+)***
(−)
(+)*

Foreign
Domestic
Individual
Test of
Test of Proprietary Test of
Test of
Test of
Institutions
Firms
Institutions
Traders
equal
equal
equal
equal
equal
After means Before After means Before After means Before After means Before After means

Table 3 (continued)Comparison of price clustering for different order sizes before and after
information disclosure implementation
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September 2008, giving a total of 222 trading days. The mean of the
market volatility in Taiwan (the U.S.) is 0.207 (0.162), with a
minimum of 0.070 (0.043) and a maximum of 0.043 (0.503). The
average mean for the logarithm of trading size is 11.081, with a
standard deviation of 0.273. The mean of annualized time to maturity
is 0.048, with a range of approximately 0.092. The average volatility
index in Taiwan (the U.S.) is 29.938 (23.053), ranging between 22.620
(16.300) and 46.360 (32.240). Furthermore, consistent with the results
of Table 1, Panels A, B and C of Table 4 show that domestic
institutional traders are correlated with the highest degree of price
clustering, followed by individual traders, foreign institutional traders,
and futures proprietary firms.
Table 5 provides the correlation coefficients between three price
clustering measures and market characteristics, with a strong positive
correlation being discernible between price clustering and volatility for
all traders. In other words, price clustering is significantly positively
related to the variables of market volatility and sentiment index in
Taiwan and the U.S. for all traders, although the positive correlation
between market volatility and price clustering for proprietary firms
and foreign institutions are insignificant. The finding shows that
investors usually prefer to use more crude prices set on the futures
market during high volatility and sentiment periods. Overall, these
relationships suggest that, qualitatively, the measurement does show
the expected effect.
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Table 4 Descriptive statistics

This table reports the summary statistics of the research sample based on the
daily time interval. Our sample period runs from 22 October 2007 to 10
September 2008, for a total of 222 trading days. The price clustering (PC) of
TAIEX futures for the four types of traders (individual traders, domestic traders,
futures proprietary firms and foreign institutional traders) is measured by the
percentage of trade prices with a terminal digit of 0 and 5, the HerfindahlHirschman index (HHI), and the standardized range (SR). SIG_TW and SIG_US
denote the daily market volatility calculated from Parkinson’s (1980) extreme
value estimator for Taiwan and the U.S., respectively. SIZE is the trading size.
TTM is the annualized time to maturity. VIX_TW and VIX_US denote the
market sentiment measured from the volatility index for Taiwan and the U.S.,
respectively.
Variables
Mean
Median Maximum Minimum Std. Dev.
Panel A: Percentage of terminal digits of 0 and 5

All Traders
Individual Traders
Domestic
Institutions
Proprietary Firms
Foreign Institutions

0.286
0.304

0.285
0.303

0.332
0.357

0.257
0.263

0.013
0.016

0.311

0.306

0.435

0.195

0.046

0.225
0.249

0.224
0.248

0.267
0.319

0.189
0.187

0.015
0.024

Panel B: Herfindahl-Hirschman Index (HHI)

All Traders
Individual Traders
Domestic
Institutions
Proprietary Firms
Foreign Institutions

0.106
0.109

0.106
0.109

0.114
0.119

0.103
0.104

0.002
0.003

0.114

0.111

0.152

0.102

0.009

0.101
0.103

0.101
0.103

0.107
0.135

0.100
0.100

0.001
0.003

Panel C: Standardized Range (SR)

All Traders
Individual Traders
Domestic
Institutions
Proprietary Firms
Foreign Institutions

0.861
1.017

0.844
0.992

1.290
1.509

0.526
0.651

0.129
0.149

1.255

1.187

2.593

0.448

0.408

0.392
0.616

0.385
0.593

0.940
1.971

0.145
0.199

0.113
0.200
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Table 4 (continued)Descriptive statistics
Variables
Mean
Median
Panel D: Independent Variables

SIG_TW
SIG_US
log(SIZE)
T2M
VIX_TW
VIX_US

0.207
0.162
11.081
0.048
29.938
23.053

0.181
0.146
11.084
0.048
29.445
22.985

Maximum Minimum Std. Dev.

0.541
0.503
11.795
0.100
46.360
32.240

0.070
0.043
10.334
0.008
22.620
16.300

0.095
0.073
0.273
0.024
4.667
3.143

The regression estimation results are presented in Table 6. As is
demonstrated in this table for all traders, negatively significant
coefficients of the disclosure dummy indicate a significant reduction in
price clustering after the implementation of information disclosure
mechanisms, implying that market transparency helps improve the
price clustering of TAIEX futures. In Regressions (6) and (9) of Panel
A, the results further indicate that after a disclosure implementation,
the degree of price clustering decreases by 0.015 and 0.020 for
individual traders and proprietary firms, respectively, indicating the
impact of disclosure regulations is particularly remarkable for
individual traders and proprietary firms. In addition, Table 6 shows
that the coefficients of market volatility in Taiwan are significantly
positive for the three measures of price clustering for all traders and
especially for individual investors, thus supporting the price resolution
hypothesis and showing that the price clustering levels should increase
during highly volatile periods. This result is also consistent with Blau
and Griffith (2016), who argue that securities with a greater degree of
price clustering have less informative prices and show higher levels of
volatility, implying that individual investors behave as uninformed
 38 

1.000
0.261***
0.085
0.276***
−0.220***
0.255***
0.309***

1.000
0.294*** 1.000
0.699*** 0.267*** 1.000
−0.123* −0.043 −0.216***
0.248*** 0.415*** 0.113*
0.380*** 0.560*** 0.308***

Individual Domestic Proprietary Foreign SIG_TW SIG_US LOG(SIZE)

Panel A: Percentage of terminal digits of 0 and 5
All
1.000
Individual
0.957*** 1.000
Domestic
0.429*** 0.394*** 1.000
1.000
Proprietary 0.598*** 0.527*** 0.082
0.291***
Foreign
0.429*** 0.316*** 0.099
***
***
***
0.528
0.247
0.188***
SIG_TW
0.433
***
***
***
0.369
0.299
0.064
SIG_US
0.319
log(SIZE)
0.287*** 0.424*** 0.269*** 0.066
TTM
−0.042 −0.082
−0.017
−0.076
VIX_TW
0.446*** 0.418*** 0.260*** 0.177***
VIX_US
0.547*** 0.566*** 0.382*** 0.272***

All

1.000

VIX_TW VIX_US

1.000
−0.074
1.000
−0.153** 0.660***

TTM

This table shows the correlation matrix of the research sample based on the daily time interval. Our sample period
runs from 22 October 2007 to 10 September 2008, for a total of 222 trading days. The price clustering (PC) of
TAIEX futures for the four types of traders (individual traders, domestic traders, futures proprietary firms and
foreign institutional traders) is measured by the percentage of trade prices with a terminal digit of 0 and 5, the
Herfindahl-Hirschman index (HHI), and the standardized range (SR). SIG_TW and SIG_US denote the daily
market volatility calculated from Parkinson’s (1980) extreme value estimator for Taiwan and the U.S., respectively.
SIZE is the trading size. TTM is the annualized time to maturity. VIX_TW and VIX_US denote the market
sentiment measured from the volatility index for Taiwan and the U.S., respectively.

Table 5 Pearson correlation matrix
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All
1.000
Individual 0.948*** 1.000
Domestic
0.450*** 0.391*** 1.000
Proprietary 0.454*** 0.314*** 0.038
Foreign
0.409*** 0.234*** 0.052
SIG_TW
0.392*** 0.503*** 0.184***
SIG_US
0.344*** 0.400*** 0.306***
log(SIZE) 0.214*** 0.371*** 0.117*
TTM
−0.004 −0.039
−0.045
VIX_TW
0.419*** 0.409*** 0.259***
VIX_US
0.496*** 0.535*** 0.324***
Panel C: Standardized Range (SR)
All
1.000
Individuals 0.948*** 1.000
Domestic
0.416*** 0.348*** 1.000
Proprietary 0.507*** 0.402*** 0.049
Foreign
0.439*** 0.282*** 0.073
SIG_TW
0.361*** 0.480*** 0.187***
SIG_US
0.298*** 0.355*** 0.272***
log(SIZE) 0.172** 0.336*** 0.122*
TTM
0.003 −0.027
0.036
VIX_TW
0.399*** 0.402*** 0.227***
VIX_US
0.451*** 0.505*** 0.299***
1.000
0.014
0.016
−0.117*
−0.081
0.132**
0.120*

1.000
0.052
0.021
−0.061
−0.130*
0.152**
0.143**

1.000
0.517***
−0.046
0.014
−0.194***
−0.004
0.103
0.085

1.000
0.329***
0.010
0.010
−0.119*
−0.036
0.113*
0.124*
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1.000
0.294***
0.699***
−0.123*
0.248***
0.380***

1.000
0.294***
0.699***
−0.123*
0.248***
0.380***

1.000
0.267***
−0.043
0.415***
0.560***

1.000
0.267***
−0.043
0.415***
0.560***

1.000
−0.216***
0.113*
0.308***

1.000
−0.216***
0.113*
0.308***

VIX_TW VIX_US

1.000
-−0.074 1.000
−0.153** 0.660***

1.000

1.000
−0.074 1.000
−0.153** 0.660*** 1.000

Individual Domestic Proprietary Foreign SIG_TW SIG_US LOG(SIZE) TTM

Panel B: Herfindahl-Hirschman Index (HHI)

All

Table 5 (continued)Pearson correlation matrix
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_

(4)

where t denotes the daily time interval, and our regression estimates use daily time intervals. DMY is a (0, 1)
dummy variable controlling for the effects of disclosure implementation. SIG_TW and SIG_US are the daily
market volatility calculated from Parkinson’s (1980) extreme value estimator for Taiwan and the U.S., respectively.
SIZE is the trading size. TTM is the annualized time to maturity. VIX_TW and VIX_US are the market sentiment
measured from the volatility index for Taiwan and the U.S., respectively. The dependent variable, PC, is the degree
of price clustering measured from the percentage of trade prices with a terminal digit of 0 and 5, the HerfindahlHirschman index (HHI), and the standardized range (SR). Our sample period runs from 22 October 2007 to 10
September 2008, for a total of 222 trading days. Newey and West’s (1987) procedure is used to calculate consistent
standard errors of regression parameter estimates via a serially correlated and heteroskedastic error process. The
figures shown in parentheses are t-statistics. ***, **, and * denote statistical significance at 1%, 5%, and 10%,
respectively. The figures in the square brackets are the economic significance of the independent variables, which is
defined as the coefficient estimate on the variable times the standard deviation of the variable.

_

The influence of disclosure implementation on the price clustering (PC) of TAIEX futures for the four types of
traders (individual traders, domestic traders, futures proprietary firms and foreign institutional traders) is tested
based on the following regression model:

Table 6 Regression analyses of changes in price clustering

‧
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All Traders
Individual Traders
(1)
(2)
(3)
(4)
(5)
(6)
Panel A: Percentage of terminal digits of 0 and 5
DMY
−0.014*** −0.010*** −0.012*** −0.017*** −0.012*** −0.015***
(−4.795) (−4.613) (−4.634) (−5.682) (−4.590) (−5.359)
[−0.007] [−0.005] [−0.006] [−0.008] [−0.006] [−0.008]
SIG_TW
0.030** 0.028** 0.028** 0.037*** 0.035*** 0.034***
(2.479) (2.277) (2.289) (3.281) (2.995) (3.046)
[0.003] [0.003] [0.003] [0.003] [0.003] [0.003]
SIG_US
0.019 0.001 0.004 0.031** 0.010 0.014
(1.314) (0.068) (0.246) (2.033) (0.611) (0.927)
[0.001] [0.000] [0.000] [0.002] [0.001] [0.001]
log(SIZE) 0.010** 0.007 0.008 0.019*** 0.015*** 0.016***
(2.019) (1.435) (1.586) (4.072) (3.013) (3.355)
[0.003] [0.002] [0.002] [0.005] [0.004] [0.004]
TTM
0.028 0.036 0.037 0.023 0.032 0.034
(0.812) (1.115) (1.165) (0.638) (0.925) (1.016)
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
VIX_TW
−0.010
−0.038 −0.035
−0.067**
(−0.328)
(−1.253) (−1.068)
(−2.020)
[−0.000]
[−0.002] [−0.002]
[−0.003]
VIX_US
0.101*** 0.119***
0.101*** 0.132***
(3.526) (3.560)
(2.874) (3.313)
[0.003] [0.004]
[0.003] [0.004]
Constant
0.176*** 0.182*** 0.183*** 0.099** 0.106** 0.107**
(3.502) (3.528) (3.585) (2.055) (1.994) (2.088)
0.4146 0.4411 0.4451 0.4946 0.5093 0.5216
Adj. R2
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0.002
(0.222)
[0.001]
0.002
(0.053)
[0.000]
0.060
(1.522)
[0.004]
0.027
(1.482)
[0.007]
0.129
(1.018)
[0.003]

0.441***
(2.953)
[0.014]
−0.137 −0.109
(−0.697) (−0.560)
0.1287 0.1598

0.000
(0.013)
[0.000]
0.011
(0.245)
[0.001]
0.110**
(2.382)
[0.008]
0.034*
(1.788)
[0.009]
0.093
(0.713)
[0.002]
0.164
(1.210)
[0.008]

0.005
(0.499)
[0.003]
0.004
(0.079)
[0.000]
0.056
(1.351)
[0.004]
0.026
(1.411)
[0.007]
0.127
(1.012)
[0.003]
0.066
(0.468)
[0.003]
0.410**
(2.518)
[0.013]
−0.111
(−0.568)
0.1575

Domestic Institutions
(7)
(8)
(9)
−0.013***
(−4.869)
[−0.007]
0.014
(0.970)
[0.001]
−0.022*
(−1.812)
[−0.002]
0.004
(0.695)
[0.001]
−0.018
(−0.392)
[−0.000]

0.021
(0.465)
[0.001]
0.181*** 0.182***
(3.049) (2.904)
0.2616 0.2071

−0.021***
(−7.036)
[−0.011]
0.013
(0.992)
[0.001]
−0.002
(−0.128)
[−0.000]
0.008
(1.425)
[0.002]
−0.020
(−0.484)
[−0.000]
−0.115***
(−3.189)
[−0.005]

−0.020***
(−6.975)
[−0.010]
0.011
(0.871)
[0.001]
−0.013
(−1.008)
[−0.001]
0.006
(1.115)
[0.002]
−0.014
(−0.330)
[−0.000]
−0.135***
(−3.433)
[−0.006]
0.084*
(1.837)
[0.003]
0.186***
(3.108)
0.2718

Proprietary Firms
(10)
(11)
(12)

Table 6 (continued)Regression analyses of changes in price clustering

−0.004
(−0.917)
[−0.002]
0.014
(0.617)
[0.001]
−0.047*
(−1.744)
[−0.003]
0.016
(1.577)
[0.004]
−0.137**
(−2.247)
[−0.003]

0.192***
(3.097)
[0.006]
0.032 0.044
(0.292) (0.412)
0.1377 0.1497

−0.002
(−0.441)
[−0.001]
0.018
(0.813)
[0.002]
−0.031
(−1.087)
[−0.002]
0.018*
(1.714)
[0.005]
−0.152**
(−2.396)
[−0.004]
0.107**
(2.187)
[0.005]

−0.000
(−0.030)
[−0.000]
0.015
(0.670)
[0.001]
−0.052*
(−1.828)
[−0.004]
0.015
(1.468)
[0.004]
−0.139**
(−2.272)
[−0.003]
0.069
(1.419)
[0.003]
0.160***
(2.674)
[0.005]
0.042
(0.393)
0.1527

Foreign Institutions
(13)
(14)
(15)
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All Traders
Individual Traders
Domestic Institutions
Proprietary Firms
Foreign Institutions
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
(11)
(12)
(13)
(14)
(15)
Panel B: HerfindahlHirschman Index (HHI)
DMY
−0.002*** −0.001*** −0.002*** −0.003*** −0.002*** −0.002*** −0.000 −0.000 0.001 −0.001*** −0.000*** −0.001*** −0.000 −0.000 −0.000
(−3.744) (−4.280) (−3.606) (−4.833) (−4.423) (−4.503) (−0.004) (−0.059) (0.291) (−4.693) (−3.522) (−4.366) (−0.392) (−0.628) (−0.134)
[−0.001] [−0.001] [−0.001] [−0.001] [−0.001] [−0.001] [−0.000] [−0.000] [0.000] [−0.000] [−0.000] [−0.000] [−0.000] [−0.000] [−0.000]
SIG_TW 0.005** 0.005** 0.004** 0.007*** 0.007*** 0.006*** 0.009 0.008 0.008 0.000 0.000 0.000 0.004 0.004 0.004
(2.509) (2.392) (2.397) (3.130) (2.955) (2.994) (0.905) (0.802) (0.825) (0.527) (0.572) (0.507) (1.296) (1.195) (1.224)
[0.000] [0.000] [0.000] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
SIG_US
0.004* 0.002 0.003 0.007** 0.004 0.005 0.027** 0.021** 0.020* 0.000 −0.000 0.000 −0.001 −0.002 −0.002
(1.692) (0.935) (1.073) (2.235) (1.359) (1.620) (2.524) (2.089) (1.921) (0.489) (−0.013) (0.317) (−0.216) (−0.785) (−0.844)
[0.000] [0.000] [0.000] [0.001] [0.000] [0.000] [0.002] [0.002] [0.001] [0.000] [−0.000] [0.000] [−0.000] [−0.000] [−0.000]
log(SIZE) 0.001 0.000 0.000 0.002*** 0.002* 0.002** −0.000 −0.001 −0.001 −0.000 −0.001 −0.000 −0.003 −0.003 −0.003
(0.772) (0.367) (0.473) (2.651) (1.954) (2.196) (−0.109) (−0.313) (−0.378) (−1.083) (−1.206) (−1.085) (−1.252) (−1.315) (−1.363)
[0.000] [0.000] [0.000] [0.001] [0.000] [0.001] [−0.000] [−0.000] [−0.000] [−0.000] [−0.000] [−0.000] [−0.001] [−0.001] [−0.001]
TTM
0.005 0.006 0.006 0.007 0.008 0.008 0.027 0.032 0.032 −0.001 −0.001 −0.001 −0.013* −0.012* −0.012*
(1.153) (1.391) (1.422) (1.199) (1.429) (1.510) (1.118) (1.313) (1.312) (−0.534) (−0.541) (−0.505) (−1.919) (−1.816) (−1.840)
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.001] [0.001] [0.001] [−0.000] [−0.000] [−0.000] [−0.000] [−0.000] [−0.000]
VIX_TW −0.002
−0.005 −0.006
−0.010* 0.028
0.015 −0.003**
−0.004** 0.006
0.003
(−0.379)
(−0.999) (−1.039)
(−1.724) (1.027)
(0.531) (−2.441)
(−2.463) (1.065)
(0.604)
[−0.000]
[−0.000] [−0.000]
[−0.000] [0.001]
[0.001] [−0.000]
[−0.000] [0.000]
[0.000]
VIX_US
0.010*** 0.012***
0.012** 0.017***
0.060** 0.053*
−0.001 0.001
0.012** 0.011*
(2.599) (2.733)
(2.039) (2.647)
(2.365) (1.928)
(−0.352) (0.353)
(2.051) (1.922)
[0.000] [0.000]
[0.000] [0.001]
[0.002] [0.002]
[−0.000] [0.000]
[0.000] [0.000]
Constant 0.099*** 0.100*** 0.100*** 0.084*** 0.085*** 0.085*** 0.103*** 0.106*** 0.106*** 0.108*** 0.108*** 0.108*** 0.130*** 0.131*** 0.131***
(13.137) (13.088) (13.224) (9.421) (8.874) (9.140) (2.639) (2.719) (2.697) (23.799) (23.554) (23.564) (5.593) (5.652) (5.630)
0.3613 0.3753 0.3777 0.4619 0.4672 0.4774 0.1024 0.1155 0.1138 0.1183 0.1011 0.1146 0.0315 0.0365 0.0331
Adj. R2
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All Traders
Individual Traders
Domestic Institutions
Proprietary Firms
Foreign Institutions
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
(11)
(12)
(13)
(14)
(15)
Panel C: Standardized Range (SR)
DMY
−0.097*** −0.080*** −0.087*** −0.131*** −0.098*** −0.119*** 0.035 0.030 0.068 −0.113*** −0.076*** −0.110*** 0.029 0.009 0.040
(−2.948) (−3.824) (−2.784) (−4.123) (−4.286) (−3.833) (0.300) (0.382) (0.638) (−5.192) (−3.873) (−4.855) (0.651) (0.290) (0.907)
[−0.049] [−0.040] [−0.044] [−0.065] [−0.049] [−0.059] [0.018] [0.015] [0.034] [−0.057] [−0.038] [−0.055] [0.014] [0.005] [0.020]
SIG_TW 0.362*** 0.350*** 0.347*** 0.420*** 0.410*** 0.402*** 0.529 0.468 0.481 0.052 0.059 0.047 0.359 0.331 0.342
(2.781) (2.656) (2.657) (3.362) (3.182) (3.190) (1.187) (1.076) (1.099) (0.455) (0.500) (0.416) (1.626) (1.481) (1.537)
[0.034] [0.033] [0.033] [0.040] [0.039] [0.038] [0.050] [0.044] [0.046] [0.005] [0.006] [0.004] [0.034] [0.031] [0.032]
SIG_US
0.224 0.108 0.118 0.315* 0.163 0.190 1.064** 0.777* 0.726* 0.005 −0.073 −0.028 −0.100 −0.177 −0.218
(1.486) (0.735) (0.808) (1.954) (1.038) (1.233) (2.499) (1.877) (1.745) (0.054) (−0.700) (−0.263) (−0.504) (−1.024) (−1.189)
[0.016] [0.008] [0.009] [0.023] [0.012] [0.014] [0.078] [0.057] [0.053] [0.000] [−0.005] [−0.002] [−0.007] [−0.013] [−0.016]
log(SIZE) 0.008 −0.009 −0.007 0.105** 0.081 0.087* −0.038 −0.073 −0.085 −0.024 −0.040 −0.029 −0.172 −0.179 −0.189
(0.162) (−0.189) (−0.140) (2.160) (1.598) (1.758) (−0.216) (−0.429) (−0.498) (−0.461) (−0.712) (−0.525) (−1.473) (−1.536) (−1.638)
[0.002] [−0.003] [−0.002] [0.029] [0.022] [0.024] [−0.010] [−0.020] [−0.023] [−0.007] [−0.011] [−0.008] [−0.047] [−0.049] [−0.051]
TTM
0.328 0.389 0.394 0.415 0.482 0.494 1.077 1.311 1.288 −0.194 −0.193 −0.173 −1.241** −1.149** −1.167**
(1.075) (1.307) (1.317) (1.275) (1.530) (1.571) (0.917) (1.129) (1.123) (−0.730) (−0.694) (−0.670) (−2.369) (−2.277) (−2.326)
[0.008] [0.009] [0.010] [0.010] [0.012] [0.012] [0.026] [0.032] [0.031] [−0.005] [−0.005] [−0.004] [−0.030] [−0.028] [−0.028]
VIX_TW
0.045
−0.147 −0.174
−0.402 1.364
0.752 −0.602***
−0.663*** 0.819*
0.605
(0.141)
(−0.433) (−0.508)
(−1.171) (1.139)
(0.579) (−2.692)
(−2.808) (1.938)
(1.432)
[0.002]
[−0.007] [−0.008]
[−0.019] [0.064]
[0.035] [−0.028]
[−0.031] [0.038]
[0.028]
VIX_US
0.737*** 0.805**
0.767** 0.955***
2.916** 2.565*
−0.057 0.253
1.177** 0.895*
(2.669) (2.557)
(2.271) (2.694)
(2.406) (1.837)
(−0.152) (0.694)
(2.209) (1.685)
[0.023] [0.025]
[0.024] [0.030]
[0.092] [0.081]
[−0.002] [0.008]
[0.037] [0.028]
Constant
0.679 0.725 0.729 −0.190 −0.142 −0.130 0.911 1.092 1.071 0.894 0.890 0.909 2.264* 2.337* 2.320*
(1.312) (1.387) (1.400) (−0.378) (−0.268) (−0.251) (0.505) (0.603) (0.589) (1.613) (1.564) (1.613) (1.748) (1.812) (1.804)
Adj. R2
0.2935 0.3089 0.3067 0.3996 0.4108 0.4141 0.0791 0.0929 0.0914 0.1286 0.1024 0.1266 0.0363 0.0372 0.0402

Table 6 (continued)Regression analyses of changes in price clustering
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traders in the Taiwan futures market.

For individual traders, in addition to showing a significant
reduction in price clustering after disclosure implementation, price
clustering is significantly positively related to volatility and trade size,
indicating that the observed behavior is consistent with the price
resolution (Ball et al., 1985) and negotiation hypotheses (Harris,
1991). Furthermore, it is worth mentioning that the time-to-maturity
(TTM) of futures contracts is an important determinant of price
clustering for foreign institutional traders, showing that TAIEX futures
can be viewed as an important hedge instrument for their stock
portfolios.

17

Table 6 also reports the relations between market sentiment and
price clustering for these four types of traders. The evidence shows
that VIX_TW is significantly positively related to the price clustering
of foreign institutions. This finding indicates that foreign institutions
use rough price sets on the futures market during high sentiment
periods, which is in line with Lin et al. (2018), who suggest that
informed traders become less willing to leverage their information
advantages when the levels of investor sentiment are high. By contrast,
the coefficient of VIX_TW for proprietary firms is significantly
negative. Futures proprietary firms in the Taiwan futures market are

17

As noted in Madhavan, Marchioni, Li and Du (2014), futures roll costs
have tended to trend up and are major factors that shape returns. The
monthly TAIEX futures roll generated from hedge demands of foreign
institutional traders can lead to an increase in market impact costs, which,
in turn, may come with increased transaction costs and price clustering
levels.
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more likely to act as market makers that provide market liquidity;
therefore, the effect of market sentiment on price patterns is different
from the effect on the other institutional traders. On the other hand, the
coefficient of VIX_US is significantly positive for all traders,
implying that the price behaviors of most traders in the Taiwan futures
market are affected by global investor sentiment. Furthermore, with
the comparison of R-squares for all traders and various types of
traders, the interpretations of the global sentiment index (VIX_US) are
all larger than those of the Taiwan sentiment index (VIX_TW),
supporting the fact that the impact of global investor investment is
more important for traders in the Taiwan futures market. Finally, and
more importantly, for individual traders, the coefficient of SIG_TW is
significantly positively related to price clustering; however, the
coefficient of VIX_TW is significantly negatively associated with
price clustering. Similarly, for foreign institutions, the coefficient of
SIG_US is significantly negatively related to price clustering;
however, the coefficient of VIX_US is significantly positively
associated with price clustering. The evidence is consistent with the
argument of Blau (2019) that discriminates between volatility and
sentiment.
The interpretations of the coefficients of the economic
significance are made relative to economic expectations by
considering the sign, size, and statistical significance of the
coefficients. As mentioned in Ziliak and McCloskey (2008), economic
significance refers to the substantive content or meaningfulness of the
estimated relationship between the dependent and independent
variables. The economic significance of an explanatory variable is
 46 
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defined as the coefficient estimate on the explanatory variable times
the standard deviation of the explanatory variable.
To gauge the economic significance of the estimates in Table 6,
we have to consider the sign, size, and statistical significance of the
coefficients. From the results of Panel A of Table 6, in which price
clustering is measured from the percentage of the trade price with a
terminal digit of 0 and 5, the economic significance of the estimates
for different trader types can be discussed as follows. First, for
individual traders, the coefficients on DYM, SIG_TW, log(SIZE),
VIX_TW and VIX_US in Model (6) are −0.015, 0.034, 0.016, −0.067
and 0.132, respectively. For the economic significance, a one standard
deviation change in SIG_TW, log(SIZE) and VIX_US would change
the price clustering by 3, 4, and 4 basis points, respectively, while a
one standard deviation change in DMY and VIX_TW would change
price clustering by −8 and −3 basis points, respectively. Second,
regarding the economic significance in domestic institutions in Model
(9), the economic significance of VIX_US, as measured by a one
standard deviation change, is approximately 13 basis points. Third,
regarding the economic significance in proprietary firms in Model
(12), a one standard deviation change in VIX_US is associated with a
change in price clustering of 3 basis points, while a one standard
deviation change in DMY and VIX_TW would change price clustering
by −10 and −6 basis points, respectively. Fourth, regarding the
economic significance in foreign institutions in Model (15), a one
standard deviation change in VIX_US is associated with a change in
price clustering of 5 basis points, while a one standard deviation
change in SIG_US and TTM would change price clustering by −4 and
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−3 basis points, respectively. Finally, in terms of the economic
significance of all traders in Model (3), a one standard deviation
change in SIG_TW and VIX_US would change the price clustering by
3 and 4 basis points, respectively, while a one standard deviation
change in DMY is associated with a change in price clustering of −6
basis points.
Overall, SIG_TW and VIX_US have economic significance
values ranging between 3 to 4 basis points, which is slightly lower
than that of DMY in Table 6, and the evidence in Table 6 shows that
the effects of disclosure implementation (DMY), Taiwan market
volatility (SIG_TW), and U.S. market sentiment (VIX_US) on price
clustering have substantial economic and statistical significance. The
results of the economic significance are similar when we use HHI and
SR as our price clustering measure. These results also support our
research hypotheses, that the economic significance of the coefficients
on DMY in individual traders is higher than that in domestic and
foreign institutions, while the economic significance of the
coefficients on VIX_US in domestic and foreign institutions are all
higher than that in individual traders.

5. Market Volatility and Price Clustering: Quintile
Analysis
Following the studies of Kuo, Lin and Zhao (2015) and
Bhattacharya et al. (2018), we sort price clustering into quintiles by
market volatility (SIG_TW) and look at price-clustering behaviors for
the different types of market participants in the sample period. The
market with higher (lower) volatility is referred to as the Q5 (Q1)
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category. We also adopt three measures to proxy the degree of price
clustering for the market participants. The results are summarized in
Table 7.
Table 7 Market volatility and price clustering: Quintile analysis
This table reports the quintile analysis of the research sample based on the daily
time interval. We sort price clustering into quintiles by market volatility
(SIG_TW) in the sample period. SIG_TW denotes the daily market volatility
calculated from Parkinson’s (1980) extreme value estimator for Taiwan. The
market with higher (lower) volatility is referred to as the Q5 (Q1) category. Our
sample period runs from 22 October 2007 to 10 September 2008, for a total of
222 trading days. The price clustering (PC) of TAIEX futures for the four types
of traders (individual traders, domestic traders, futures proprietary firms and
foreign institutional traders) is measured by the percentage of trade prices with a
terminal digit of 0 and 5, the Herfindahl-Hirschman index (HHI), and the
standardized range (SR). The figures shown in parentheses are the p-values. ***,
**, and * denote statistical significance at 1%, 5%, and 10%, respectively.
Quintile
Individual Domestic
Ranks
All Traders Traders
Institutions
Panel A: Percentage of terminal digits of 0 and 5
Q1
27.75%
29.20%
29.34%
Q2
28.01%
29.63%
29.79%
Q3
28.74%
30.55%
31.83%
Q4
28.89%
30.94%
31.72%
Q5
29.37%
31.49%
32.67%
Diff. (Q5−Q1)
1.63%***
2.29%***
3.33%***
(p-value)
(0.0000)
(0.0000)
(0.0002)
Panel B: Herfindahl-Hirschman Index (HHI)
Q1
0.1052
0.1071
0.1115
Q2
0.1057
0.1079
0.1123
Q3
0.1065
0.1092
0.1157
Q4
0.1065
0.1096
0.1140
Q5
0.1072
0.1107
0.1165
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Proprietary
Firms

Foreign
Institutions

22.40%
21.95%
22.57%
22.66%
22.97%
0.57%**
(0.0380)

24.45%
24.53%
24.44%
24.77%
26.21%
1.76%***
(0.0000)

0.1014
0.1014
0.1013
0.1012
0.1013

0.1032
0.1041
0.1032
0.1030
0.1037
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Table 7 (continued)Market volatility and price clustering: Quintile
analysis
Quintile
All
Individual
Ranks
Traders
Traders
Diff. (Q5−Q1) 0.0020***
0.0036***
(p-value)
(0.0000)
(0.0000)
Panel C: Standardized Range (SR)
Q1
0.7872
0.9115
Q2
0.8306
0.9676
Q3
0.8824
1.0367
Q4
0.8804
1.0572
Q5
0.9235
1.1143
Diff. (Q5−Q1) 0.1363***
0.2028***
(p-value)
(0.0000)
(0.0000)

Domestic
Institutions
0.0050***
(0.0053)
1.1382
1.1782
1.3238
1.2633
1.3703
0.2321***
(0.0026)

Proprietary
Firms
-0.0001
(0.3299)
0.4029
0.3814
0.3920
0.3860
0.3951
−0.0078
(0.6895)

Foreign
Institutions
0.0005
(0.1743)
0.6057
0.6375
0.6038
0.5833
0.6470
0.0413
(0.2222)

Panel A of Table 7 presents the degrees of price clustering for the
different types of market participants. Although the degrees of price
clustering (the percentage of trade prices with a terminal digit of 0 and
5) in the Q5 market volatility are all significantly higher than those in
the Q1 market volatility for different types of traders, only the result of
individual traders shows that the pattern of Q1 to Q5 is increased
monotonically. Furthermore, Panel B of Table 7 indicates that the
degrees of price clustering (HHI) in the Q5 market volatility are
insignificantly greater (lower) than those in the Q1 market volatility
for foreign institutions (proprietary firms). A similar result is also
presented in Panel C of Table 7. These results are consistent with the
regression results of Table 7, i.e., that the coefficients on SIG_TW are
significantly positively related to price clustering for all traders,
especially for individual investors. Overall, we infer that the price
resolution hypothesis (Ball et al., 1985) and the negotiation hypothesis
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(Harris, 1991) are suitable for use in the individual traders market.

V. Conclusions and Remarks
The central argument of behavioral finance states that during
periods of strong investor sentiment, securities are more likely to be
mispriced. When the actual value is unknown, investors may prefer
coarser prices to avoid additional negotiation costs, and therefore,
asset prices tend to cluster on round increments.

18

This study

empirically investigates the effect of market sentiment on price
clustering for various types of traders and supplements the literature
with evidence from an emerging market in which individual investors
dominate the market.
Using a tick-by-tick transaction dataset of TAIEX futures that
includes trader identification information, our investigation on the
price behaviors of various types of traders offers several interesting
findings that are consistent with the literature and that support our
hypotheses. First, the implementation of trading information disclosure
is helpful to improve the degree of price clustering in the TAIEX
futures market, and economic significance in individual traders is
higher than that in domestic and foreign institutions. Second, the
degree of price clustering is positively associated with the global
market sentiment in the Taiwan futures market, and that domestic and
foreign institutions have higher economic significance than individual
18

A recent empirical study by Blau (2019) provides additional support for the
price resolution hypothesis and documents that the relationship between
clustering and sentiment is more than coincidental and is instead causal.
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traders. We infer that foreign institution firms become less willing to
leverage their information advantages on the futures market due to the
higher arbitrage risks and trading costs that they may face during
periods of high sentiment. Third, the degree of number preferences of
individual investors is positively associated with their trade size, and
becomes more severe after the implementation of disclosure
regulations, showing that the Chinese culture’s influence on specific
number preferences is particularly significant for individual traders.
Fourth, the time-to-maturity of futures contracts is a critical determinant of
price clustering observed among foreign institutional traders, which
implies that TAIEX futures can be viewed as essential hedge
instruments for their stock portfolios. Finally, we infer that the price
resolution hypothesis and the negotiation hypothesis are suitable for
use in the individual traders market from the quintile analysis. As a
whole, this study extends the related literature by exploring the
influences of information disclosure, cultural factors, and market
sentiment on price clustering for various types of traders in the TAIEX
futures market.
Overall, many studies on clustering patterns have become focused
on the substitute or complementary relations between price clustering
and trade-size clustering.

19

For example, Alexander and Peterson

(2007) find that trade-size clustering tends to coincide with price
clustering. The effects of market sentiment on the willingness of
stealth trading of informed traders, therefore, become an interesting
19

This includes Alexander and Peterson (2007), Meng, Verousis and
apGwilym (2013), Verousis and apGwilym (2013), Mishra and Tripathy
(2018), and so on.
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issue. Future research will focus on the effect of market sentiment on
trade size pattern and the substitute or complementary relations
between price clustering and trade-size clustering in the securities
market.
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Appendix
Table A1 Data format and example
1
2

MTF_DATE
MTF_ACC_CODE

Date

20071221

Identity Code

49

(Category)

(Individuals)

3

MTF_PROD_ID

Product ID

4

MTF_PROD_TYPE

Product Category

5

MTF_KIND_ID

Contract ID

6

MTF_SETTLE_DATE Settlement Date

7

MTF_BS_CODE

Buy/Sell Code

8

MTF_PRICE

Trade Price

9

MTF_QNTY

20071221
71
(Domestic
Institutions)

20071221
49
(Individuals)

TXFA8

TXFA8

TXFA8

F

F

F

TXF

TXF

TXF

200801

200801

200801

S

S

B

7918

7918

7918

Trade Quantity

1

5

6

10 MTF_OC_CODE

Open/Offset Code

1

0

0

11 MTF_SEQ_NO

Serial Number

73597

73598

73599

12 MTF_M_TIME

Transaction Time

13 MTF_ORDER_KIND

Order Type

14 MTF_SC_CODE
15 MTF_OQ_TIME

Single/Compound
Order Code
Order Quoted Time
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I

I

I

S

S

S
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