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Abstract Using account-level transaction data in options and futures markets, we
investigate the existence of market manipulation, which is the ability of large traders to
trade strategically, impacting prices and making abnormal profits. First, large trader’s
option positions have a quantity impact on the underlying asset’s price. Second, large
traders generate significantly positive alphas from trading options and futures. Among
the different investor types, proprietary dealers generate the largest positive alphas.
Third, these abnormal returns are consistent with strategic trading and cross-market
manipulation. The evidence supports market manipulation across the options and
futures markets, but not within the futures market itself.
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1 Introduction

Market manipulation exists when trades have a quantity impact on the price and
individuals trade strategically manipulating the price to their advantage to generate
abnormal returns. Market manipulation is not just a theoretical construct. Its existence
has been documented since the beginning of organized securities markets. It is not
unique either to any country, asset class, or market structure (exchange traded/over-
the-counter). And particularly relevant to this paper, it is often linked to derivatives
markets and cross-market manipulation. In 2011, South Korean regulators sanctioned
a Deutsche Bank unit for manipulating the stock market with derivatives positions
in futures and options.1 In 2014, the Chicago Board Options Exchange (CBOE),
NASDAQ OMX, and the Intercontinental Exchange fined HAP Trading, L.L.C. $1.5
million for cross-market manipulation in options and the underlying securities.2

Although well documented in financial markets, there are only a limited number of
empirical investigations of market manipulation (particularly in derivatives markets)
in the academic literature. This is mainly due to a lack of data, limitations of empirical
proxies for manipulation, and small non-random samples of detected manipulations
(see Putniņš 2011). In particular, account- or transaction-level studies ofmarketmanip-
ulation are few in number as the relevant data are not often publicly available.3 Using a
unique set of account-level transactions in options and futures markets, this study pro-
vides a theoretically based empirical analysis of market manipulation by large traders
in derivatives markets.

In this paper, we define manipulation as the ability to trade strategically, affecting
prices and making abnormal profits.4 Our notion of market manipulation focuses
on a large traders’ strategic trading based on order flow information,5 and contains
the following distinctive features. First, strategic trading means that in the investor’s
optimization, the investor recognizes that price P depends on trade size q, i.e., P(q).

1 See “South Korea Sanctions Deutsche Unit forMarketManipulation” by Se Young Lee andAlison Tudor,
The Wall Street Journal, February 24th, 2011.
2 See “HAP Trading, chief fined $1.5 mln for options manipulation CHICAGO Mon May 12, 2014”,
Reuters, May 12th, 2014.
3 There are three major strands to this empirical market manipulation literature. The first strand investigates
asset price patterns resulting from manipulation (see, e.g., Carhart et al. 2002; Hillion and Suominen 2004;
Ni et al. 2005; Blocher et al. 2011; Ben-David et al. 2013; Comerton-Forde and Putniņš 2014). The second
strand studies known manipulation cases (see, e.g., Mei et al. 2004; Jiang et al. 2005; Merrick et al. 2005;
Aggarwal and Wu 2006; Allen et al. 2006; Comerton-Forde and Putniņš 2011; Atanasov et al. 2015). The
third strand provides an examination of market manipulation using account-level or transaction-level data
(see, e.g., Khwaja and Mian 2005; Chow et al. 2013).
4 Our notion ofmarket manipulation does not imply the trading activity is illegal, andwe do not examine the
welfare effects of market manipulation. As common to the literature, we use the term “large” to differentiate
a trader whose trades have a quantity impact on the price from a “small” trader whose trades do not. Of
course, a quantity impact is related to the size of trade, clarifying the use of the word “large.”
5 Order flow information is included within our definition of market manipulation, i.e., trading strategically
knowing the quantity impact of a trade on the price due to order flow information.
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Thismeans that in the optimization, the investor is not a price taker.Unlike the arbitrage
pricing theory that invokes the price taking paradigm, the theory of manipulation
studies arbitrage when traders affect prices (Jarrow 1992).6

Second, order flow manipulation arises from the fact that the quantity impact of
large investors on the price increaseswith the large investors’ trade size q, i.e.,P′(q)>0.
When the market impact due to manipulation is not instantaneous (e.g., due to non-
synchronousmarkets), large investors can take advantage of the delayedmarket impact
and make abnormal profits.

Third, derivatives markets generate market manipulation trading strategies that
would otherwise not exist. Jarrow (1994) shows that when the spot and derivatives
markets are not in synchrony, a manipulator can “front run” his own trades to take
advantage of any leads/lags in the price adjustments across the spot and the derivatives
markets. An example of cross-market manipulation using derivatives is illustrated in
Fig. 1: at time t, a large investor acquires a large position in the options market for
strategic trading (i.e., knowing the order flow information of the quantity impact).
When the underlying and derivatives markets are not in synchrony, the underlying
price (P) does not adjust instantaneously to reflect the true “effective” purchases of
the large trader through the option position (q*); as such, the large investor is able
to exploit the order flow by first trading in the options market. At time t+1, other
investors observe the option order flow of the large investor and move the underlying
price (i.e., setting P=P(q*)). Consequently, as the options prices move to reflect the
adjusted underlying price, the large investor makes profits from the lag in the order
flow between the two markets.

Empirically, manipulators can be identified using the following features. First, a
manipulator’s profits are uncorrelatedwith information although the price impact from
trading could differ (have different sensitivity) because of order flow information or
changes in the fundamental value (hide behind information). Second, manipulators’
returns should exhibit positive alphas after adjustment for risk. Unlike arbitrageurs
whose alphas are due to a mispricing of the relevant assets, manipulators’ alphas exist
due to strategic trading given a quantity impact on the price. Third, manipulators’
trades cause price changes; in contrast, liquidity providers and arbitrageurs are price
takers and their trades do not lead or cause prices. Fourth, manipulators are proactive
as they create trades and the sizes of their trades are “large”; in contrast, liquidity
providers’ trades are small.

Based on the theoretical and empirical insights discussed above, this paper provides
a unique setting and empirical study of market manipulation that adds to the literature
in the following ways. First, while market manipulation may exist at different time
scales, we examinemarketmanipulation over the longer-term.Our experiment focuses
on large traders’ activities at a daily time scale in order to exclude trades of high
frequency liquidity providers. This daily time scale enables us to test the impact of

6 In theory, manipulators are differentiated from other types of traders with the key difference of a quantity
impact on the price. While other types of traders (such as arbitrageurs and liquidity suppliers) are price
takers, manipulation requires a quantity impact on the price where the trader trades with knowledge of its
effect.
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Options Markett t + 1 

Underlying Market

t t + 1 

• A large investor acquires large 
positions (q*) in the options 
market; i.e., knowing the order 
flow information of the quantity 
impact. 

• A large investor makes profits 
from their order flow 
manipulation and cross-market 
trades in the options market; i.e., 
when the underlying market sets P 
= P(q*). 

• Other investors observe the option 
order flows of the large investor 
and move the underlying price; 
i.e., setting P = P(q*).

• With non-synchronous markets, 
the underlying price (P) does not 
adjust instantaneously to reflect 
the true “effective” purchases of 
the large trader through the 
option positions (q*).

• A large investor may also trade 
in the underlying market to 
further manipulate the order flow 
information.

Fig. 1 Basicmodel of strategic trading. This figure provides an example of cross-market manipulation using
derivatives. At time t, a large investor acquires a large position in the options market for strategic trading
(i.e., knowing the order flow information of the quantity impact). When the underlying and options markets
are not in synchrony, the underlying price (P) does not adjust instantaneously to reflect the true “effective”
purchases of the large trader through option positions (q*). At time t+1, other investors observe the option
order flow of the large investor and move the underlying price; i.e., setting P=P(q*). Consequently, the
large investor makes profits from the order flow manipulation and the cross-market trades in the options
market

order flow manipulation (e.g., large traders’ anticipation of their quantity impact)
rather than short-term liquidity motivated trades.

Second, we provide an empirical study of cross-market manipulation in derivatives
and their underlying markets, adding to this sparse literature (as noted above). Impor-
tantly, our investigation uses a unique and comprehensive account-level transaction
database involving both Taiwan index futures and index options. These markets are
among the fastest-growing emerging derivatives markets in the world.7 As argued by
Pan and Poteshman (2006), investors do not have superior information at the market
level.8 We focus on index futures and options, allowing us to examine large traders’
strategic trades based on fundamental and order flow information that excludes private
information about fundamental value as a possible source for trading profits. While

7 See Sect. 2.1 for institutional background of Taiwan Futures Exchange (TAIFEX).
8 Pan and Poteshman (2006) use index option markets to examine whether investors possess information
about future market-wide stock price movements. They do not find any evidence of informed trading in the
index option market.
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there are various options contracts traded on the Taiwan Futures Exchange (TAIFEX),
we study the Taiwan Stock Exchange Capitalization Weighted Stock Index (TAIEX)
Options, which are the most active option contracts traded on the TAIFEX. Since the
underlying TAIEX is not traded, we treat the TAIEX Futures as the underlying traded
asset in the pricing model for TAIEX Options. Furthermore, the transaction costs in
Taiwan’s futures and options markets are small,9 implying that any trading profits
identified are unlikely to be eliminated by transaction costs.

Third, our comprehensive account-level transaction data enable us to study manip-
ulation by observing the trading activities and outcomes (including paper and real
profits) of large traders across both the futures and option markets at both an aggregate
level and an individual account level. This enables us to avoid the non-observability
problem, which is one of the main limitations that plagued the empirical literature on
manipulation. We examine market manipulation over a sample period from January
2nd, 2007 to November 30th, 2012, which allows us to examine manipulation before,
during, and after the financial crisis. We have a comprehensive sample that contains
a total of 30,253 accounts of the large (top-10%) traders in these markets over the
sample period generating a panel dataset of 12,022,001 account-day observations.

Fourth, our hypotheses and empirical analysis are based on the standard frictionless
market asset pricingmodel where we relax the competitivemarket assumption in order
to study market manipulation. Our empirical approach is based on the theoretical
literature that derives necessary and sufficient conditions for the existence of market
manipulation in frictionless markets (see Jarrow 1992, 1994). Jarrow (1992, 1994)
provides a set of sufficient conditions on the market structure that exclude (1) market
manipulation within a single market, called the Independence of Past Holdings, and
(2) cross-market manipulation, called the Synchronous Markets. The “Independence
of Past Holdings” condition implies that a large trader’s positions have no influence on
subsequent movements of the underlying asset price. In this case, a large trader cannot
manipulate prices with a quantity impact. The “Synchronous Market” condition is
satisfiedwhen the underlying adjusts instantaneously to trades in the derivativemarket.
In this case, there is no market segmentation across the underlying and derivative
markets, and cross-market manipulation is impossible.

Based on the theoretical foundation, experimental design, and unique dataset dis-
cussed above, our empirical investigation is divided into two parts. The first part tests
for violations of the “Independence of Past Holdings” and “Synchronous Markets”
conditions, which are sufficient conditions precluding market manipulation in futures
markets and cross-markets, respectively.10 A violation of these conditions is neces-
sary for the existence of market manipulation. Since these are characteristics of the
market, we examine the large traders as “a group” at the aggregate account-level,
and test whether the futures/options markets satisfy these necessary conditions for
manipulation. With respect to the “Synchronous Markets” condition, we first demon-
strate that daily options trading positions of large traders have predictive power over
short-term (1-day ahead) returns in the underlying futures. In addition, we estimate

9 See Sect. 2.1 and Footnote 22 for transaction costs in Taiwan futures and options markets.
10 This trading advantage is sometimes called trading based on order flow information, as opposed to
fundamental value information.
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a Vector Autoregressive (VAR) system of the relations between options trading posi-
tions of large traders and changes in price of the underlying futures. We also perform
a Granger causality test on these cross-market relations. We find evidence that large
traders’ options positionsGranger cause changes in the prices of the underlying futures.
This finding is also important to differentiate manipulators from liquidity providers
or arbitrageurs (i.e., manipulators’ trades lead price changes; in contrast, liquidity
providers and arbitrageurs are price takers and their trades do not lead prices).11

In conjunction, this evidence shows that the “Synchronous Markets” condition is
violated, which implies cross-market manipulation is possible. We test the “Inde-
pendence of Past Holdings” condition as a special case of the above methodology
using a Granger causality test. We find that large traders’ positions in index futures
do not lead futures returns, validating the “Independence of Past Holdings” condition.
Consequently, manipulation should not be possible within the futures market.

Our second part examines risk-adjusted returns (alphas) of the large investors at
the individual account-level to verify that manipulation does not exist in the futures
market and to document the existence of cross-market manipulation. Recalling that we
excluded private information based on fundamental value by our experimental design,
this implies that the abnormal trading profits must be due to market manipulation,
i.e., strategic trading given a quantity impact on market prices. Following this agenda,
after adjusting returns for systematic risk, we find evidence that positive alpha trading
strategies exist for large traders. Large traders earn a significant and positive daily
alpha of +0.6% from trading in the options market. The positive alpha of large traders
results mainly from trading in the options market, not the futures market. Among the
different types of large traders, large proprietary dealers earn the greatest risk-adjusted
performance (with daily alpha of +3.8%) followed by large foreign institutions (with
daily alpha of +2.6%). Furthermore, the significance of large traders’ profit is robust
across the pre-crisis, crisis, and post-crisis periods. Given that the transaction costs
in Taiwan’s futures and options markets are small when compared with the contract
value (which is the basis we used to compute the rate of return), the large traders’ alpha
remains economically significant after adjusting for trading costs. In addition, the large
traders’ alpha is consistent with strategic trading based on order flow information
over a daily time scale, rather than the trades of high frequency liquidity providers
who operate on smaller time scales and with smaller trading magnitudes. To provide
evidence on cross-market manipulation, we examine individual account-level profits
from cross-market trades. We find that large traders who can trade in both option
(derivative) and futures (underlying)markets generate larger realized and risk-adjusted
returns—compared with other large traders who trade in either options or futures only.

The existence of abnormal trading profits itself provides only another necessary
condition for the existence of market manipulation (i.e., manipulators should generate
positive alphas after adjustment for risk). In order to demonstrate a sufficient condition,
we need to show that these abnormal trading profits are not due to mispricings (i.e.,
unlike arbitrageurs whose alphas are due to mispricing of the relevant assets, manip-

11 We emphasize that strategic trading based on a quantity impact of a trade is manipulation. Our results
are consistent with this interpretation, and they do not support the hypothesis that large traders are price
takers and liquidity providers.
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ulators’ alphas exist due to strategic trading given a quantity impact on the price). To
document that these trading profits are not due to mispricings, we distinguish between
risk-adjusted returns (alphas) computed with realized returns (“actual profits”) vis-à-
vis unrealized returns (“paper profits” based on marking-to-market).12 We find that
large traders do not generate significant positive alphas based on unrealized returns.
The insignificance of positive paper profits supports the contention that large traders’
profits are due to strategic trades and order flow, and not mispricings.

To further differentiate manipulation from mispricings, we conduct the following
tests. For each investor account, we compute realized returns during trading days
(trade cycle) and unrealized returns during non-trading days. We find that the options
realized return (actual profit) is positive and significant during trading days, and that
options unrealized return (paper profit) is negative and significant on non-trading days.
These results support the assertion that trading strategically has value. Furthermore,
for each trading cycle of an investor, we computed the cumulative realized return
over the trading period. Then, we compare this cumulative realized return with a
hypothetical return from a buy-and-hold strategy in futures market over this same
time period.13 We find that on average, cumulative realized returns of options trades
over the trading period are significantly larger than the hypothetical returns from a
buy-and-hold strategy in futures market over the same trading period. In contrast,
cumulative realized returns of futures trades over the trading period are less than the
hypothetical buy-and-hold strategy in futures market over the same time period. These
findings are again consistent with the existence of cross-market manipulation but no
manipulation within the futures market.

Last, we conduct further analysis to shed light on the mechanism underlying cross-
market manipulation. We find that large traders’ realized profits in the options market
depend upon their positions in both options and futures market. We also find that the
large traders’ realized profits from the underlying (futures) market depend upon their
cross-market positions in the options market rather than their positions in the futures
market.

Our studymakes several important contributions to the existing literature. Although
the account-level studies in financialmarkets (e.g., Khwaja andMian 2005;Baron et al.
2014; Chow et al. 2013) can reveal important and unique insights on traders’ behav-
iors and outcomes at the micro-level, these studies are rare in the literature due to data
availability. Our examination of account-level trades in derivativesmarkets contributes
to the account-level studies and provides an ideal empirical setting to unambiguously
examine market manipulation. Using account-level data, we are able to identify quan-
tity impact, which cannot be done using prices alone. Our findings contribute to studies

12 According to Jarrow (1992), arbitrage pricing theory invokes the price taking paradigm. The theory
of manipulation studies arbitrage when traders affect prices. This generalization requires distinguishing
between “paper” wealth and “real” wealth when valuing a trader’s position. For a price taker, these values
are identical; but for a large trader they are distinct.
13 Although options and futures have different implicit leverage in the contracts, we measure both futures
and options returns based on notional (contract) value. The exchanges purposefully impose margins to
equalize the likelihood of losses due to these leverage differences across contract types. Consequently, the
percentage returns of options (based on contract value) are comparable to the percentage returns of futures
(based on contract value).
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that examine cross-market effects between spot and derivativesmarkets. The empirical
evidence in this regard is mixed.14 The existing studies generally focus on informed
trading of firm-specific information (e.g., Amin and Lee 1997; Cao et al. 2005; Pan
and Poteshman 2006; Roll et al. 2010), leverage (e.g., Easley et al. 1998), short-selling
constraint (e.g., Johnson and So 2012), and hedging activities (e.g., Hu 2014) as the
mechanisms underlying the cross-market relations between options and the underlying
markets. In contrast to these studies, our study provides the new insight and evidence
that options market can lead the underlying due to a large traders’ manipulation based
on order flow information.

Existing empirical studies of large traders in the context of manipulation are quite
limited (see Allen et al. 2006). Our study contributes to the literature by providing
new evidence on large traders’ market manipulation over the longer-term scale and
cross-market manipulation involving derivatives.15 Our tests and results differentiate
manipulation from informed trading and arbitrage. Our study is related to the study by
Ni et al. (2005), which shows that options markets affect the prices of the underlying
stock via the hedging trades of optionsmarket makers andmanipulation by proprietary
traders. Our study differs fromNi et al. (2005) in the followingways.Our study focuses
on index options and market manipulation based on order flow information and a
large traders’ quantity impact on the price; in contrast, Ni et al. (2005) examine equity
options and manipulation of the underlying at option maturity dates. Ni et al. (2005)
focus on examination of proprietary traders in the options market and their analysis
does not involve the observation of proprietary traders’ trading in the underlying
market. In contrast, our study considers cross-market manipulations involving both
the options and the underlying (futures) markets. Importantly, our study provides a
direct test of market manipulation by using account-level data and identifying large
investors and their quantity impacts. While Ni et al. (2005) look at estimated profits of
aggregated investor types not account-level, we show the actual profits from individual
large traders based on account-level data.16

An outline of this paper is as follows. Section 2 describes the market, the data,
and the large traders in our database. Section 3 investigates the larger traders’ profits.
Section 4 tests the futures and options market structures to see if market manipula-
tion is possible. Section 5 shows that the larger traders generate abnormal returns on
their positions, and that these returns are consistent with cross-market manipulation.
Section 6 concludes.

14 While studies such as Manaster and Rendleman (1982), Bhattacharya (1987), Anthony (1988), Easley
et al. (1998), Chakravarty et al. (2004), Pan and Poteshman (2006), Roll et al. (2010), and Johnson and
So (2012) find that particular types of options order flows can predict future stock prices, others such as
Stephan and Whaley (1990), Chan et al. (1993), and O’Connor (1999) find the opposite.
15 Compared to futures market manipulation, manipulation in options markets has also been relatively less
studied (Roch 2012). Our paper provides new evidence in this area as well.
16 Ni et al. (2005) rely on estimated profits of proprietary traders and may ignore the cost of manipulation.
In contrast, our unique data allows us to compute the large traders’ (including proprietary traders’) actual
profits, which include trading and other costs.
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2 The market, the data, and the large traders

In this section we discuss the market we study, the data we use to test market manip-
ulation, and the large traders in our database.

2.1 The market

The Taiwan Futures Exchange (TAIFEX) was established in 1997, it launched the
first futures contract in July 1998, and the first options contract in December 2001.
The trading volume combining futures and options is 202,411,093 contracts in 2014,
which make the TAIFEX one of the most important emerging derivatives markets.17

Among all of the available futures contracts, the TAIEX Futures (tick symbol: TX) on
the Taiwan Stock Exchange Capitalization Weighted Stock Index (the TAIEX index),
is the most liquidly traded. It had an annual volume equal to 24,759,873 contracts in
2014, accounting for about 50% of the overall trading volume of TAIFEX’s futures
contracts.18

Since its introduction in December 2001, the TAIEXOptions (TXO), an European-
style option contract on the Taiwan Stock Exchange Capitalization Weighted Stock
Index, has become the most active options contract. The trading volume of TXO has
grown from 21.72 million contracts in 2003 to 151.62 million contracts in 2014. TXO
accounts formore than 70%of the total volume in the TAIFEX in 2014 and is ranked as
one of themost actively traded equity index options in theworld.19 Whereas individual
traders account for about 60% of all trading volume in the spot and futures markets,
institutional traders tend to dominate Taiwan’s options market.20

The unique experiment of Taiwan’s options market allows us to focus on index
options so that we can test manipulation due to order flow and strategic trades of large
traders. Since the TAIEX is not available for trading in any form, instead of directly
using the underlying spot index, we employ TAIEX Futures in the pricing model
of TAIEX Options.21 Lastly, the transaction costs in Taiwan’s futures and options

17 According to Futures Industry Association, the TAIFEX was among the top-50 derivatives exchanges
in the world and ranked 18th in 2014 by number of contracts traded and/or cleared.
18 The TAIFEX has no market makers or specialists and operates in an order-driven electronic environment
where futures prices are determined by limit and market orders.
19 In 2014, TXO was ranked 6th among equity index options contracts in the world by number of contracts
traded.
20 Our data are obtained from the Taiwan Stock Exchange Corporation (www.tse.com.tw) and the Taiwan
Futures Exchange (www.taifex.com.tw).
21 Note that in Taiwan, index futures contracts are tradeable but the underlying spot index is non-tradeable.
Also, futures markets are similar to spot markets where all types of traders can trade (in contrast, the options
market is mainly traded by institutional traders in Taiwan). As such, we use futures as the “tradeable”
underlying to estimate actual trading profit of large traders in options and futures markets.
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markets are small, implying that the large traders’ profits are unlikely to be eliminated
by transaction costs.22

2.2 The data

We obtained the complete intraday transaction history of all accounts on the front-
month TX contract and the TXO contract between January 2nd, 2007 and November
30th, 2012. Although the TX and TXO contracts with various maturities are listed
for trading (including the front month, the next calendar month, and the next three
quarterly months), the front-month TX and TXO contracts generally account for more
than 90% of the overall trading volume of all available TX and TXO contracts. The TX
is a futures contract whose value is equal to the index level of the TAIEXmultiplied by
200 New Taiwan Dollars (NT$). The TXO is a European type option contract whose
value is equal to the index level of the TAIEX multiplied by 50 New Taiwan Dollars
(NT$). For comparison purposes, 1 US$ is approximately equal to 30 NT$.

We obtain three data files containing, respectively, all transactions, orders, and
quotations for TX and TXO. The three data files are summarized in Table 13 in
Appendix. These datasets also have a code linking the transaction, order, and quotation
files. By merging these files, we can identify the originating account/identity and
associated order and quotation information for all trades.

2.3 The large traders

We construct our sample of large traders according to the following steps. First, we
track the trading activities of each account. We calculate the dollar delta per contract
as follows:

Deltat (T X) � I ndext ∗ 200 ∗ 1 (1)

Deltat (CallK ) � I ndext ∗ 50 ∗ CallDeltaK ,t (2)

Deltat (PutK ) � I ndext ∗ 50 ∗ PutDeltaK ,t (3)

where Deltat(TX), Deltat(CallK ), and Deltat(PutK ) are the dollar deltas per contract
on date t for the TX, the TXO call with strike K , and the TXO put with strike K ,
respectively; Indext is the level of the TAIEX index; CallDeltaK,t and PutDeltaK,t are
N(d1) and N(d1)−1 in the Black–Scholes–Merton formula computed on date t for

22 The trading costs per contract in Taiwan futures and options markets are based on a fixed-amount
commission fee per contract and a transaction tax, a fixed rate on contract value. Also, there is no tax on
trading gains in Taiwan futures and options markets. For example, the single-trip trading cost of a TAIEX
Futures, including the transaction tax based on 0.002% of the contract value and a fixed commission fee
per contract, is about $3.20 USD per contract. The single-trip trading cost of the TAIEX Options, including
the transaction tax based on 0.1% of the contract value and a fixed commission fee per contract, is about
$0.83 USD per contract (for at-the-money contracts).
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the TXO call and put with strike K .23 For each account-level trade, we measure the
equivalent trading positions in the underlying asset by summing up the dollar deltas
of all contracts in a particular trade.

Second, we consider all accounts that are active more than 10% of the trading days
in each year during the sample period.

Third, we identify large traders based on the absolute value of the equivalent trading
positions in the underlying in order to examine the quantity impact of their trades on
the underlying price. From derivatives pricing theory we know that a derivative’s delta
measures the equivalent position in the underlying asset. We compute the daily dollar
delta for both the TX and TXO using closing prices for the contracts. We calculate
the daily equivalent trading in the underlying (“delta demand”) of each investor
by multiplying the net position changes in both the TX and TXO contracts by the
corresponding dollar delta. In the futures and/or options markets, the total dollar deltas
or equivalent position of trading in the underlying (DTotal

i,t ) of investor i at date t is:

(4)

DTotal
i,t � [

Buyi,t (T X ) − Selli,t (T X )
] ∗ Deltat (T X )

+
∑

K

[
BuyCalli,t (T XOK ) − SellCalli,t (T XOK )

] ∗ Deltat (CallK )

+
∑

K

[
BuyPuti,t (T XOK ) − Sell Puti,t (T XOK )

] ∗ Deltat (PutK )

where Buyi,t(TX) (Selli,t(TX)) is the number of futures contracts investor i buys (sells)
on date t, BuyCalli,t(TXOK ) (SellCalli,t(TXOK )) is the number of call options with
strike K investor i buys (sells) on date t, and BuyPuti,t(TXOK ) (SellPuti,t(TXOK )) is
the number of put options with strike K investor i buys (sells) on date t.24 Deltat(TX),
Deltat(CallK ), andDeltat(PutK ) are the dollar deltas per contract on date t for the TX,
the TXO call with strike K , and the TXO put with strike K , respectively. Deltat(TX),
Deltat(CallK ), and Deltat(PutK ) are defined in Eqs. (1), (2), and (3) respectively.

We rank the active accounts according to the annual average absolute value of dollar
delta year by year, combining futures and options: for each investor i, we compute
an annual average of daily absolute value of total dollar deltas (DTotal

i,t ) over T active
trading days for investor i in a given year:

1

T

T∑

t�1

∣∣∣DTotal
i,t

∣∣∣ (5)

A large trader in a particular year is defined to be an account whose annual average
absolute value of the dollar delta (see Eq. (5) above) is ranked among the top-10%
across all active accounts in that year.

23 The TX (TXO) is a futures (European type option) contract whose value is equal to the index level of the
TAIEX multiplied by 200 (50) NT$. Since the TAIEX is non-tradeable, we employ the TX in the pricing
model of the TXO while dividends are already impounded into the TX price.
24 The delta of a put option is negative, and therefore the effects of both call and put options do not
neutralize.
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3 Large traders’ profits

As a preliminary investigation, this section studies a necessary condition for the exis-
tence of market manipulation, which is that the large traders’ positions are profitable.
Our account-level transaction sample is comprehensive, containing a total of 30,253
large trader accounts (with an average of 8167 large trader accounts per year) over
the sample period and a panel dataset of 12,022,001 account-day observations. This
unique dataset allows us to examine account-level trading records of large traders in
both the futures and options markets.

Based on the account-level trading data described in Sect. 2.2, we compute the
daily realized returns of each account to examine the investor’s actual profitability.
We also compute the realized returns based on both percentage and dollar units. For
percentage realized return, we define ri,t as the realized return on day t for large trader
i by taking all positions closed out on trading day t into consideration.

ri,t �
{

n1∑

l�1

((
PS
i,l,t − PB,AC

i,l,t

)
/PB,AC

i,l,t

)
+

n2∑

s�1

((
PS,AC
i,s,t − PB

i,s,t

)
/PB

i,s,t

)
}

/ (n1 + n2)

(6)

where PS
i,l,t is the sell price of the long contract l for large trader i on day t; P

B,AC
i,l,t is

the buy price determined by the average-cost method right before the long contract l
is closed out for large trader i on day t25; n1 is the number of long contracts closed out
on day t for large trader i; PB

i,s,t the buy price of the short contract s for large trader i

on day t; PS,AC
i,s,t is the sell price determined by the average-cost method right before

the short contract s is closed out for large trader i on day t; and n2 is the number of
short contracts closed out on day t for large trader i.

For dollar realized returns, we compute the following:

Ri,t �
n1∑

l�1

(
PS
i,l,t − PB,AC

i,l,t

)
+

n2∑

s�1

(
PS,AC
i,s,t − PB

i,s,t

)
(7)

Note thatwe use contract value instead ofmargin to compute the realized returns.As
such, these realized returns are computed without leverage, implying that the realized
returns with leverage would be about ten times the reported results. In addition, the
realized returns (in percentage term or dollar term) of each investor’s account (i.e., ri,t
in Eq. (6) or Ri,t in Eq. (7) above) can be computed from the following market(s): (1)
the total realized returns, which include the realized returns from both options and
futures trading. Our calculation of (1) the total realized return can be decomposed into
the futures realized return and the options realized returnwhere (2) the futures realized

25 The average cost method is defined as follows. After each acquisition of additional position, the moving
average unit cost is computed by dividing the total cost of existing position by the total number of existing
contracts. For example, suppose that an investor holds 10 contracts of TAIEX futures with average cost (in
Taiwan NT dollar) equal to 9250 at the end of the previous trading day. This investor purchases 2 contracts
with cost equal to 9200 and 9180 respectively today. The moving average cost for this investor’s position
after the purchase becomes 9240 (which is (10*9250+9200+9180)/12).
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returns are the realized returns from futures trading, and (3) the options realized returns
are the realized returns from options trading.26

To show that large investors’ trading profits are due to market manipulation rather
than mispricings, we distinguish between realized returns (“actual profits”) vis-à-vis
unrealized returns (“paper profits” based on marking-to-market).27 To examine the
investor’s “paper profits”, we define rui,t as the percentage unrealized return on day t for
large trader i by taking all positions open at the close of trading day t into consideration.

rui,t �
{

m1∑

l�1

((
PC
i,l,t − PB,AC

i,l,t

)
/PB,AC

i,l,t

)
+

m2∑

s�1

((
PS,AC
i,s,t − PC

i,s,t

)
/PC

i,s,t

)
}

/ (m1 + m2)

(8)

where PC
i,l,t is the market closing price of the long contract l for large trader i on day

t; PB,AC
i,l,t is the buy price of the open long contract l determined by the average-cost

method at market close for large trader i on day t; m1 is the number of long contracts
open at market close on day t for large trader i; PC

i,s,t the market closing price of the

short contract s for large trader i on day t; PS,AC
i,s,t is the sell price of the open short

contract s determined by the average-cost method at market close for large trader i on
day t; and m2 is the number of short contracts open at market close on day t for large
trader i.

3.1 The most profitable trades and accounts

Based on the account-level trading data in Sect. 2.2 and the daily realized returns
described above, we examine themost profitable trades and accounts. At the individual
account-level,we examineboth the top-100most profitable trades and the top-100most
profitable accounts. We find that 57(31) out of the 100(50) most profitable trades were
made by one single account (who is a proprietary dealer). Table 14 in the Appendix
shows that the most profitable trade made $20.03 million USD when the large trader
closed the position.28 Also, this trader is seen to be the top overall trader (seeTable 14 in
Appendix). Furthermore, among the 100most profitable trades,we found the following
distributions across trader types: (1) foreign institutions made 35 of themost profitable
trades, (2) proprietary dealers made 58 of the most profitable trades, (3) domestic
institutions made 2 of the most profitable trades, and (4) individual investors did not
have any trades among the top-100.

26 In this computation, the trader may trade in only one market, in which case the return is just for that
market.
27 According to Jarrow (1992), the theory of manipulation requires distinguishing between “paper” wealth
and “real” wealth when valuing a trader’s position. Paper wealth is defined as the value of the speculator’s
position evaluated at the prices supported by the large trader. Real wealth is the value of the large trader’s
position after liquidation (i.e., return to zero holdings). See Sect. 5.3 for the analyses and results that
differentiate market manipulation from mispricings.
28 This profit reflects the returns from trading when the trader closes the position. The realized return is
observed on a daily basis for all days that the position is open.
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To study which traders generate the most profits, Table 15 in the Appendix presents
the top traders among our large trader sample. Panel A of Table 15 (which provides
rankings for all large traders who trade in both the options and futures markets) shows
that the top trader made a total profit of $211.33million USD during our sample period
of 2007–2012. Similarly, the next best trader made a total profit of $146.67 million
USD, and the 3rd best trader made a total profit of $88.33 million USD.29 Further
examination (not reported here) shows that the top-100 large traders made a total profit
of $2.05 billion USD during year 2007–2012.30

To differentiate manipulation in the underlying futures market or cross-markets it
is useful to identify the source of profits for the large and profitable traders. In this
regard, we examine the ranking of the top traders in the option and futures market,
respectively. Panel B of Table 15 presents the ranking of top traders in the options
market. We see that the most profitable traders rely on option trades to generate their
profits. For example, the 2nd best trader in both the options and futures markets (Panel
A) is also the 2nd best trader with option trades in Panel B. Last, we examine the
ranking of the top traders in futures contracts. Panel C of Table 15 reveals that the
top trader in both the options and futures markets (Panel A) is also the top trader in
the futures market. Similarly, the 2nd and 3rd best traders in Panel A are also the 3rd
and 2nd best traders, respectively, in the futures market. In summary, this anecdotal
evidence suggests that the large traders are profitable, hence manipulation is possible,
and that likely manipulators may trade in both the options and futures markets.31

Dollar profits, although informative, do not normalize for the large traders’ capital at
risk. This normalization is pursued in the next section when we study the large traders’
returns.

3.2 Large traders’ returns

We now investigate the large traders’ returns based on the daily realized returns com-
puted in Eqs. (6) and (7). Table 1 reports summary statistics of the large traders’
realized return.32 Panel A of Table 1 reports the daily total realized returns (including
both options and futures trading). Column (3) of Panel A shows that the average daily
dollar realized returns fluctuate over time (e.g., the average daily realized returns are

29 The last column of Panel A reveals that the number-1 trader’s total profits are 1.44 times of those of
the next best trader and 2.39 times of the 3rd best trader. Also, the number-1 trader’s total profits are 19.57
times of those of the 50th best trader and 44.96 times of the 100th-best trader.
30 Further examination (results not reported here) reveals that total profit made by all of the large traders
in our sample (consisting of 30,253 accounts) is $1.09 billion USD. The top-100 large traders’ total profit
is 88% larger than the total profit of all large traders in our sample.
31 In Sect. 3.4, we further examine the performance of large traders who trade simultaneously in both
options and futures markets.
32 The realized returns reported in Table 1 are winsorized by top- and bottom-1% to avoid any outlier
effects—unlike Tables 14 and 15 in Appendix where we use the outliers (most profitable trades/accounts)
to illustrate the large investor’s profits. The median realized returns in both dollar and percentage terms
(unreported in Table 1) are zeros for total realized returns, options realized returns, and futures realized
returns. The t-statistics (reported in Table 1) indicate that all mean realized returns are significantly different
from (greater than) zero at the 1%.
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negative for years 2008 and 2011). Column (4) of Panel A presents the daily average
realized returns as a percentage change. It shows that the average daily total realized
returns are 0.58%. Unlike the dollar daily returns, the percentage daily returns are all
positive from 2007 to 2012.

Panels B and C of Table 1 report the daily realized returns for the options and
futures markets, respectively. In contrast to column (3) of Panel A, column (3) of
Panel B shows that the average dollar realized returns in the options market are all
positives from year 2007 to 2012. Option trading by the large traders is persistent with
positive performance over time. Panel C of Table 1 presents the realized returns of the
large traders in the futures markets. The results show that the average realized returns
of futures trading are negative in both dollar and percentage terms.33

In summary, the significance of the positive daily realized returns reported in Table 1
indicate that the large traders’ accounts are profitable. Interestingly, the large traders’
profits fromoptionsmarket are larger than the profits from futuresmarket. Also notable
are the negative returns for futures trades. These results suggest that the main sources
of profits for large traders are from the options market, consistent with the notion that
the optionsmarket and/or cross-marketmanipulation is possible, but that manipulation
in the underlying futures market alone is unlikely.

3.3 Investor heterogeneity

During the sample period of 2007–2012, our account-level dataset contains informa-
tion on the larger traders’ “investor types” including: (1) Foreign Institutions (with 217
accounts), (2) Proprietary Dealers (with 53 accounts), (3) Domestic Institutions (with
368 accounts), and (4) Individual Traders (with 29,297 accounts).34 Table 2 presents
the profitability of the different investor types in both the options and futures markets
(Panel A), the options market (Panel B), and the futures market (Panel C). In Table 2,
Panel A shows that foreign institutions have the largest average daily dollar realized
returns from both the options and futures markets, followed by the proprietary dealers,
individual traders, and domestic institutions. Column (4) of Panel A provides a dif-
ferent insight based on percentage returns. In terms of percentage returns, proprietary
dealers have the best trading performance (with average daily total realized returns of
3.80%), followed by foreign institutions (2.56%), domestic institutions (0.72%), and
individual traders (0.55%).

These returns are broken down into their performance in options and futures, respec-
tively. Panel B of Table 2 shows that for the options market, propriety dealers have
the most profitable trades, followed by foreign institutions, domestic institutions, and
individual traders. Column (4) of Panel B yields the same conclusion based on percent-
age realized returns: proprietary dealers have average daily realized returns of 3.83%
from option trading, followed by foreign institutions (2.51%), domestic institutions
(0.73%), and individual traders (0.57%). Panel C of Table 2 presents the different

33 We estimate that the total losses (from year 2007 to 2012) are −$1,532,520,206 in Taiwan NT dollar,
equivalent to −$51.08 million USD (assume that current exchange rate of 1 USD=30 Taiwan NT dollar).
34 In addition, there are 318 large trader accounts that are unclassified as to the investor type.
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Table 1 Large traders and total realized returns

(1)
Year

(2)
Number of
account-day
observations

(3)
Average daily total
realized returns (in
USD)

(4)
Average daily total
realized returns (in
%)

(5)
Standard deviation
of total realized
returns (in %)

Panel A: total realized returns

2007 1,475,331 41.1477 0.75 17.49

2008 1,981,044 −8.1595 0.59 16.31

2009 2,001,976 13.4307 0.43 13.91

2010 2,091,081 11.4303 0.57 15.18

2011 2,412,943 −1.1110 0.61 15.89

2012 2,059,626 1.5616 0.56 16.03

Overall 12,022,001 7.9743*** 0.58*** 15.76

(1)
Year

(2)
Number of
account-day
observations

(3)
Average daily
options realized
returns (in USD)

(4)
Average daily
options realized
returns (in %)

(5)
Standard deviation
of options realized
returns (in %)

Panel B: options realized returns

2007 1,475,331 19.7508 0.76 17.46

2008 1,981,044 13.7522 0.62 16.25

2009 2,001,976 9.9715 0.44 13.87

2010 2,091,081 12.5216 0.58 15.15

2011 2,412,943 12.1051 0.63 15.87

2012 2,059,626 11.0814 0.57 16.01

Overall 12,022,001 12.8566*** 0.59*** 15.73

(1)
Year

(2)
Number of
account-day
observations

(3)
Average daily
futures realized
returns (in USD)

(4)
Average daily
futures realized
returns (in %)

(5)
Standard deviation
of futures realized
returns (in %)

Panel C: futures realized returns

2007 1,475,331 19.8027 0.00 0.52

2008 1,981,044 −20.8368 −0.02 0.65

2009 2,001,976 2.0276 0.00 0.53

2010 2,091,081 −1.5748 0.00 0.44

2011 2,412,943 −10.4783 −0.01 0.49

2012 2,059,626 −7.0419 −0.01 0.43

Overall 12,022,001 −4.2492*** −0.01*** 0.51

This table reports the summary statistics of realized returns made by large traders. Panel A reports the
total realized returns, including percentage realized return [defined in Eq. (6)] and dollar realized returns
[defined in Eq. (7)], by year. Panels B and C present the realized returns of large traders in options and
futures markets respectively. The sample has a total number of 12,022,001 account-day observations (with
a total of 30,253 large traders’ accounts and an average of 8167 larger traders’ accounts per year) during the
sample period of January 1st, 2007 to November, 30th, 2012. The realized returns are winsorized by top-
and bottom- 1% to avoid outlier effects. ***, **, * indicate 1, 5, and 10% significance levels, respectively,
for the statistical significance of mean (different from zero)

123



An empirical investigation of large trader market… 347

Table 2 Realized returns by investor type

(1)
Investor type

(2)
Number of
account-day
observations

(3)
Average daily total
realized returns (in
USD)

(4)
Average daily total
realized returns (in
%)

(5)
Standard deviation
of total realized
returns (in %)

Panel A: total realized returns by investor type

Foreign
institutions

126,989 396.2737*** 2.56*** 25.40

Proprietary dealers 35,858 109.5247** 3.80*** 48.71

Domestic
institutions

159,611 4.2939 0.72*** 17.70

Individual traders 11,581,690 4.9080*** 0.55*** 15.43

(1)
Investor type

(2)
Number of
account-day
observations

(3)
Average daily
options realized
returns (in USD)

(4)
Average daily
options realized
returns (in %)

(5)
Standard deviation
of options realized
returns (in %)

Panel B: options realized returns by investor type

Foreign
institutions

126,989 80.4029*** 2.51*** 25.36

Proprietary dealers 35,858 179.3200*** 3.83*** 48.66

Domestic
institutions

159,611 20.0035*** 0.73*** 17.65

Individual traders 11,581,690 11.6183*** 0.57*** 15.39

(1)
Investor type

(2)
Number of
account-day
observations

(3)
Average daily
futures realized
returns (in USD)

(4)
Average daily
futures realized
returns (in %)

(5)
Standard deviation
of futures realized
returns (in %)

Panel C: futures realized returns by investor type

Foreign
institutions

126,989 141.5951*** 0.01*** 0.84

Proprietary dealers 35,858 −183.8087*** −0.03*** 0.78

Domestic
institutions

159,611 −16.1610** 0.00 0.58

Individual traders 11,581,690 −4.0492*** −0.01*** 0.51

This table reports the profitability of different types of large traders in both options and futures markets
(Panel A), options market (Panel B), and futures market (Panel C). The realized returns include percentage
realized return [defined in Eq. (6)] and dollar realized returns [defined in Eq. (7)]. The realized returns are
winsorized by top- and bottom-1% to avoid outlier effects. ***, **, * indicate 1, 5, and 10% significance
levels, respectively, for the statistical significance of mean (different from zero)

investor type performance in the futures market. As shown, foreign institutions are
the only investor type that had positive average daily dollar returns in the futures
market. All of the other investor types incur average daily losses in the futures mar-
ket. The ranking of losses from largest to smallest are: proprietary dealers, domestic
institutions, and individual traders. In terms of percentage returns in futures markets,
the results are similar. Although foreign institutions are the only investor type with a
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Table 3 Daily realized returns of cross-market trades

(1)
Number of
account-day
observations

(2)
Average daily
realized returns
(in USD)

(3)
Average daily
realized returns (in
%)

(4)
Standard deviation
of realized returns
(in %)

Trades with both
options and
futures

641,217 111.5600*** 5.64*** 46.18

Trades with
options only

658,259 120.3612*** 5.32*** 48.95

Trades with
futures only

4,928,120 −11.1393*** −0.03*** 1.19

This table reports the average dollar and percentage returns of cross-market trades in both options and
futuresmarkets and the returns from trades in options or futures only. The realized returns include percentage
realized return [defined in Eq. (6)] and dollar realized returns [defined in Eq. (7)]. The realized returns are
winsorized by top- and bottom-1% to avoid outlier effects. ***, **, * indicate 1, 5, and 10% significance
levels, respectively, for the statistical significance of mean (different from zero)

positive average percentage return, the magnitude of the return is quite small.35 Our
findings offer new insight to the account-level study by Chow et al. (2013), which
excludes the examination of large traders and finds that foreign traders have the worst
returns during the final settlement days in the futures market.

3.4 Cross-market trading

We perform a further analysis on the individual account-level profits to study cross-
market trades. Our dataset enables us to identify large traders who only trade in the
options market, the futures market, or both in the futures and options markets. For this
purpose, cross-market trades are identified as observations with both a realized return
in futures and in options on the same day.36 Table 3 shows that the average dollar
and percentage returns of cross-market trades in both the options and futures markets
are larger than trades in only the options or futures. Cross-market trades generate an
average realized return of 5.64%.37 These findings show that large traders who trade
in both the option (derivative) and futures (underlying) markets, as opposed to only a
single market, obtain larger realized returns.

35 To test for statistical differences in the investor type trading performances we perform an ANOVA F-
test, a Bartlett’s test of equal variances, and a Kruskal–Wallis equality-of-populations rank test. These tests
(results not reported here) all show that the realized returns across trader types are significantly different.
36 This assumption of cross-market trades also implies a non-zero trading position in both markets. In
order to generate realized returns, traders must change/close their positions. See also Table 16 in Appendix
for further examples. As a robustness check (results not reported here), we define cross-market trades as
observations with non-zero deltas in both futures and in options on the same day. We find similar results
and conclusions based on this alternative definition of cross-market trades.
37 Note that the realized returns are reported without leverage; with leverage, the actual magnitude of the
realized returns would be approximately 56.4% because the margin is around 10% of the overall contract
value (i.e., the calculation of the presented returns is based on contract value).
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4 Market structure tests

This section investigates both the futures’ and options’ market structures to determine
whether market manipulation is possible. This section is based on the sufficient condi-
tions precluding market manipulation contained in Jarrow (1992, 1994). The violation
of these conditions is necessary for the existence of market manipulation.

4.1 The hypotheses

In a frictionless market, where large traders’ trades have a quantity impact on the price,
Jarrow (1992, 1994) provides a set of sufficient conditions on the market structure that
exclude (1) market manipulation within a single market, called the Independence of
Past Holdings, and (2) cross-market manipulation between the underlying and deriva-
tive markets, called the Synchronous Markets. In our setting, the Independence of Past
Holdings condition implies that a large trader’s positions have no influence on subse-
quent movements of the futures price. In essence, the quantity impact on the price is
only temporary; disappearing immediately after the trade is executed. In this case, the
quantity impact is equivalent to an endogenous transaction cost and a large trader can-
not manipulate futures prices to their advantage. The Synchronous Markets condition
is satisfied when the futures market (the underlying) adjusts instantaneously to trades
in the options market. In essence, there is an efficient transmission of information
across the two different but related markets. Because there is no market segmentation,
even temporarily across the two markets, cross-market manipulation is impossible.

4.2 Dollar deltas

To test these sufficient conditions precludingmarket manipulation, we need to identify
the implied equivalent positions of the large traders in the underlying TAIEX index.
From derivatives pricing theory we know that a derivative’s delta measures the equiv-
alent position in the underlying asset. We compute the daily dollar delta for both the
TX and TXO using closing prices for the contracts.

We use Eq. (4) as equivalent trading in the underlying (“delta demand”) of each
investor by multiplying the net position changes in both the TX and TXO contracts by
the corresponding dollar delta. We note that the dollar deltas are additive across the
options and futures markets. For subsequent analysis, it is convenient to investigate the
dollar deltas in the options and futures markets alone. The dollar deltas in the options
market of the large investor i at date t (DOptions

i,t ) and the dollar deltas in the futures

markets of the large investor i at date t (DFutures
i,t ) are given by expressions (9) and

(10), respectively.
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DOptions
i,t �

∑

K

[
BuyCalli,t (T XOK ) − SellCalli,t (T XOK )

] ∗ Deltat (CallK )

+
∑

K

[
BuyPuti,t (T XOK ) − Sell Puti,t (T XOK )

] ∗ Deltat (PutK )

(9)

(10)DFutures
i,t � [

Buyi,t (T X ) − Selli,t (T X )
] ∗ Deltat (T X )

Since these conditions relate to market structure, the subsequent tests are based on
the large traders’ positions at an aggregate-level.

4.3 Synchronous markets

In this section, we test the sufficient condition for no cross-market manipulation using
daily account-level trading data aggregated across all traders. The equivalent trading
position in the underlying for a group of n large traders on date t is therefore

DLargeInvestors
t �

n∑

i�1

Di,t (11)

where Di,t is the equivalent trading in the underlying for large investor i at date t.
For both options and futures markets, Di,t � DTotal

i,t , which is defined in Eq. (4). For

options market only, Di,t � DOptions
i,t , which is defined in Eq. (9). For futures market

only, Di,t � DFutures
i,t , which is defined in Eq. (10).

We first examine whether the aggregated large traders’ positions have predictive
power over short-term index futures returns. If the Taiwan futures market satisfies
the synchronous markets condition, then the aggregated positions of the large traders
should have no systematic relation or predictability to futures returns. In contradiction
to this condition, the results inTable 4 indicate that thedaily tradingof large traderswho
trade in both futures and options markets have predictive power over short-term (1-day
ahead) returns. Table 4 reports the futuresmarket returns around large positive or nega-
tive trading positions in the underlying by large traders. Panel A of Table 4 shows that if
large traders actively take Long positions in the options and futures contract (i.e., with
large positive delta demand), the same (next) day return is +1.4319% (+0.1909%).
In contrast, Panel A shows that when the large traders sell, the same (next) return
is −1.2590% (− 0.3125%). This result suggests that a large negative delta demand
(Short position) can create a profit of +1.2590% (+0.3125%) on the same (next) day.

By combining the results from the long and short positions of the large traders, we
can gain further insights into the trading strategies of the large traders over time. Panel
A of Table 4 shows that the Long-Short difference (the difference in returns between
the top and bottom groups in large delta demand) equals to +2.6909% (+0.5034%)
on the same (next) day. In the context of strategic trading, the large traders could
adopt a market timing strategy where they dynamically adjust between long (day pur-
chase) and short (day short) positions over time, creating a return spread of +2.6909%
(+0.5034%) on the same (next) day.
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Table 4 Returns around trading positions of large traders

N Delta demand
(in millions)

% Change in
futures prices (t
−1, t)

% Change in
futures prices
(t, t+1)

% Change in
futures prices
(t+1, t+2)

Panel A: delta demand of options and futures

Top quintile (Top 20%):
large positive delta
demand

294 5.6772 1.4319 0.1909 0.0241

4th quintile (60–80%) 294 1.8065 0.5570 0.0497 −0.0930

3rd quintile (40–60%) 294 0.0233 −0.0530 0.1691 0.1383

2nd quintile (20–40%) 294 −1.6782 −0.6313 −0.0281 0.0078

Bottom quintile: large
negative delta demand

294 −5.5056 −1.2590 −0.3125 −0.0432

Difference: top−bottom 2.6909*** 0.5034*** 0.0673

Panel B: delta demand of options

Top quintile (Top 20%):
large positive delta
demand

294 1.9696 1.2426 0.1333 −0.0995

4th quintile (60–80%) 294 0.3399 0.5397 0.0766 0.1546

3rd quintile (40–60%) 294 −0.0048 −0.0108 −0.0279 0.0273

2nd quintile (20–40%) 294 −0.3316 −0.5337 −0.0277 −0.0879

Bottom quintile: large
negative delta demand

294 −1.5310 −1.1826 −0.1071 0.0511

Difference: top−bottom 2.4251*** 0.2404** −0.1506

Panel C: delta demand of futures

Top quintile (Top 20%):
large positive delta
demand

294 4.2698 1.2685 0.2092 0.0670

4th quintile (60–80%) 294 1.3748 0.4892 0.0045 −0.0809

3rd quintile (40–60%) 294 0.0154 0.0453 0.1793 0.1553

2nd quintile (20–40%) 294 −1.3871 −0.6258 −0.0254 −0.6258

Bottom quintile: large
negative delta demand

294 −4.3910 −1.1300 −0.3187 −0.1298

Difference: top−bottom 2.3985*** 0.5279*** 0.1968*

This table reports the futures returns in percentages around large positive or negative aggregated delta
demand by large traders [defined in Eq. (11)]. The sample period includes January 1st, 2007 to November,
30th, 2012. On each trading day in the sample period, we form quintiles of large traders’ trading positions.
A trading day is put into one of the quintiles according to the trading positions of large traders on that
day. We report three futures return numbers for each quintile group. We present the results for the top and
bottom groups and examine the difference between the two groups. Panel A presents the results based on
large traders’ trading positions in futures and options (Delta Demand of Options and Futures). Panel B
presents the results based on large traders’ trading positions in options (Delta Demand of Options). Panel
C presents the results based on large traders’ trading positions in futures (Delta Demand of Futures). ***,
**, * indicate 1, 5, and 10% significance levels, respectively, for the statistical significance of difference:
Top−Bottom>0
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Panels B and C of Table 4 also show that large traders’ trading in options and futures
markets exhibit a systematic relation with actual futures returns. In Panels B and C, a
large Positive delta demand has a positive relation with futures returns while a large
Negative delta demand has a negative relation with futures returns. We note that large
traders’ delta demands in the 2nd, 3rd, and 4th quintile are related to smaller changes
in futures returns. These results are inconsistent with the validity of the synchronous
market condition implying that cross-market manipulation is possible.

To further test the synchronousmarkets condition, we examine the dynamic relation
between trading of the large traders and the prices of the underlying (in our case the
futures prices) by estimating amultivariate vector autoregressive (VAR) system,which
contains the equations of (1) equivalent trading in the underlying (delta demand) of
the large traders, and (2) changes in the prices of the underlying (the futures prices).38

We then employ a Granger causality test that involves estimation of the following
bivariate models:

St � a1 +
T∑

i�1

b1i St−i +
T∑

j�1

c1 j D
LargeInvestors
t− j + ε1t

DLargeInvestors
t � a2 +

T∑

i�1

b2i D
LargeInvestors
t− j +

T∑

j�1

c2 j St− j + ε2t (12)

where St is the futures (underlying) market price and DLargeInvestors
t is the options

(derivative) trading of the large traders considered as a group and defined in Eq. (11).
To test the synchronous market condition, we examine whether the derivatives

trading of the large traders who trade in both the options and futures markets predict
future prices of the underlying (the futures price). The null hypothesis (no causality)
is:H0: c1 =c2 =0. If derivatives and the underlying markets are not synchronous, then
the trading activities of the large traders should lead the underlying market’s prices,
i.e., we should expect to see that trading positions of large traders Granger causes
prices of the underlying (i.e., a change in futures prices for the case of Taiwan).

We estimate the VAR system with a lag length of 10 (T=10), which should capture
any long-memory price effects.39 We perform the Granger causality test based on
the VAR system described above for lead-lag relations between the large traders’
equivalent trading in the underlying (delta demands) and the change in the prices of
the underlying (futures price).

To demonstrate that the synchronous market condition is violated and cross-market
manipulation is possible, Panel B of Table 5 shows that the large traders’ trading in the
options market Granger causes futures prices during the overall period 2007–2012.

38 We perform unit root tests on the time-series of the futures prices of the underlying index and delta
demand of large traders. The result of the unit root test reveals that delta demand is stationary but futures
prices are non-stationary (and they are stationary in first-differences). As such, we estimate the VAR system
with the relation between delta demand and the change in the (first difference of) future prices.
39 As a robustness test (results not reported here), we test the optimal lags of the VAR system, which is
between 5 and 10 lags. As such, we estimate the VAR system using 5 lags and found similar results.
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Interestingly, Panel A of Table 5 shows that the large traders’ total trading positions
in both the options and futures markets do not lead futures price during the sample
period of 2007–2012.40 Moreover, we examine the results for different sub-samples of
financialmarket periods, including the pre-crisis (January 2nd, 2007 toDecember 31st,
2007), the financial crisis period (January 1st, 2008 toMarch 31st, 2009), and the post-
crisis period (April 1st, 2009 to November 30th, 2012). Panel A shows that the large
traders’ total trading positions in both futures and options markets do not lead futures
price during sub-periods of pre-crisis, crisis, and post-crisis. More importantly, Panel
B of Table 5 shows that the large traders’ option trading position does Granger cause
futures prices. In summary, these Granger tests show that large traders’ option trading
Granger causes changes in prices of the underlying (futures prices). Furthermore,
examining the pre-crisis, crisis, and post-crisis periods we found that the causality
is significant mainly during the financial crisis period and post-crisis period. The
Granger causality tests are inconsistent with the satisfaction of the synchronousmarket
condition, implying that cross-market manipulation is possible.

4.4 Independence of past holdings

This section tests for the validity of the independence of past holdings condition.
This is a special case of the above methodology where the tests are restricted to just
examining the futures demands on futures, ignoring the option positions.

As before, we perform a Granger causality test to verify whether prices depend
on holdings, and not the other way around.41 Panel C of Table 5 reports the results.
The tests show that there is no evidence of a causal relation between the large traders’
trading in the futures market and changes in the future prices. These results support
the validity of the independence of past holdings condition. In other words, we find
no evidence that in the futures market, large traders’ trading leads changes in futures
prices, i.e., the past holdings of large traders do not predict futures prices. This implies
that manipulation within the futures market itself is unlikely.

5 Large trader manipulation

The previous sections of the paper provide evidence regarding the satisfaction of
necessary conditions for the existence of cross-marketmanipulation, but not formanip-
ulation within the futures market. This section examines sufficient conditions for the
existence of cross-market manipulation, and it provides additional support for the non-
existence of manipulation within the futures market. Because such verifications are

40 The result in Panel A of Table 5 does not necessarily support the synchronous market condition because
the large traders’ total trading positions may include trading positions in futures market only, in options
market only, or in both options and futures markets (i.e., cross-market trades). As shown in Table 5, large
traders’ trading in the options market Granger causes futures prices (see Panel B) but large traders’ trading
in the futures market does not Granger causes futures prices (see Panel C).
41 However, we find that large traders’ holdings depend on prices, suggesting that one could be picking up
a type of mean reversion in this test.
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Table 5 Granger causality wald test

Panel A: large traders’ trading in futures and options

Granger causality Wald tests

Equation Excluded χ2 d.f. Prob>χ2

Overall sample period (Jan 2, 2007 to Nov 30, 2012)

�log(Futures Price) Total delta demand 45.599*** 10 0.000

Total delta demand �log(Futures Price) 60.811*** 10 0.000

Pre-crisis (Jan 2, 2007 to Dec 31, 2007)

�log(Futures Price) Total delta demand 18.125* 10 0.053

Total delta demand �log(Futures Price) 29.409*** 10 0.001

Financial crisis (Jan 1, 2008 to Mar 31, 2009)

�log(Futures Price) Total delta demand 19.535** 10 0.034

Total delta demand �log(Futures Price) 41.886*** 10 0

Post-crisis (Apr 1, 2009 to Nov 30, 2012)

�log(Futures Price) Total delta demand 38.057*** 10 0

Total delta demand �log(Futures Price) 26.448*** 10 0.003

Panel B: large traders’ trading in options

Granger causality Wald tests

Equation Excluded χ2 d.f. Prob>χ2

Overall sample period (Jan 2, 2007 to Nov 30, 2012)

�log(Futures Price) Option delta demand 21.638** 10 0.017

Option delta demand �log(Futures Price) 12.281 10 0.267

Pre-crisis (Jan 2, 2007 to Dec 31, 2007)

�log(Futures Price) Option delta demand 8.995 10 0.533

Option delta demand �log(Futures Price) 9.727 10 0.465

Financial crisis (Jan 1, 2008 to Mar 31, 2009)

�log(Futures Price) Option delta demand 28.728*** 10 0.001

Option delta demand �log(Futures Price) 9.379 10 0.497

Post-crisis (Apr 1, 2009 to Nov 30, 2012)

�log(Futures Price) Option delta demand 19.808** 10 0.031

Option delta demand �log(Futures Price) 12.729 10 0.239

Panel C: large traders’ trading in futures

Granger causality Wald tests

Equation Excluded χ2 d.f. Prob>χ2

Overall sample period (Jan 2, 2007 to Nov 30, 2012)

�log(Futures Price) Futures delta demand 49.151*** 10 0.000

Futures delta demand �log(Futures Price) 102.9*** 10 0.000

Pre-crisis (Jan 2, 2007 to Dec 31, 2007)

�log(Futures Price) Futures delta demand 18.925** 10 0.041
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Table 5 continued

Panel C: large traders’ trading in futures

Granger causality Wald tests

Equation Excluded χ2 d.f. Prob>χ2

Futures delta demand �log(Futures Price) 39.854*** 10 0

Financial crisis (Jan 1, 2008 to Mar 31, 2009)

�log(Futures Price) Futures delta demand 16.397* 10 0.089

Futures delta demand �log(Futures Price) 51.65*** 10 0

Post-crisis (Apr 1, 2009 to Nov 30, 2012)

�log(Futures Price) Futures delta demand 39.904*** 10 0

Futures delta demand �log(Futures Price) 48.255*** 10 0

The table reports the Granger causality test based on the VAR system with 10 lags. Panel A presents the
Granger causality test using aggregated large traders’ trading positions in futures and options (Total delta
demand) and change in log(Futures Price). Panel B presents the Granger causality test using aggregated
large traders’ trading positions in options (Option delta demand) and change in log(Futures Price). Panel C
presents the Granger causality test using large traders’ trading positions in futures (Futures delta demand)

and change in log(Futures Price). Aggregated large traders’ trading positions (DLargeInvestors
t ), including

total delta demand, option delta demand, and futures delta demand, are defined in Eq. (11) and explained
in Sect. 4.3. *, **, and *** indicate significance at the 10, 5, and 1% level, respectively

trader specific, this “sufficient condition” analysis is based on the individual account-
level large traders’ positions and profits.

5.1 The theory

As mentioned in the introduction, the existence of trading profits is a necessary, but
not sufficient condition for the existence of manipulation. To prove the existence of
manipulation one must show that: (1) there are abnormal profits after adjusting for
systematic risk, i.e., there are positive alphas, and (2) the abnormal profits are not due
to mispricings or due to fundamental value based information trading. We note that
due to our experimental design in using futures on a stock index, information based
trading is excluded. Hence, if positive alphas are proven to exist, then we only need
to show that there are no mispricings.42

5.2 Risk adjusted returns (alphas)

To estimate the large trader’s risk-adjusted returns (alphas), we estimate a factor model
with the large investor’s realized percentage returns as the dependent variable and the
Taiwan’s futures market index returns as the market risk factor:

42 If one employs the standard approach of using a multiple-beta model to adjust for systematic risk, then
a recent result of Jarrow and Protter (2013a, b) is that such mispricings—positive alphas—are equivalent
to the existence of arbitrage opportunities or dominated securities.
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ri,t � α + βSt + εi,t (13)

where ri,t is the daily realized returns of the large trader i at date t, which is defined in
Eq. (6). St is the daily percentage change in futures prices at date t, β is the estimated
factor loading, and α is the estimated alpha. εi,t is the residual of the regression. Since
the large trader’s returns in index options and futures are driven by changes in the
market index, we use a single-factor model with market index returns as the only risk
factor. Recall that a large trader’s returns in index options and futures are not due to
information based trading, hence only systematic market risk is necessary to estimate
risk-adjusted returns.43

The results are reported in Table 6. Panel A presents the results of estimated alphas
using total realized returns as the dependent variable. Model (1) shows that the esti-
mated daily alpha is 0.006 and significant at the 1% level. Models (2)–(5) present the
estimated alphas for different types of traders. Among the different types of traders,
proprietary dealers have the highest abnormal returns, followed by foreign institutions,
domestic institutions, and the individual traders.44

Panel B presents the results for only the option realized returns. The results are
similar to Panel A. Panel C presents the results for only the futures realized returns. In
contrast, none of the investor types have significantly positive alphas when consider-
ing realized returns of futures trading. Interestingly, the estimated coefficient for the
change in the futures price [β in Eq. (13)] is significant and negative for all investor
types except for the individual traders. This suggests that except for large individual
traders, large traders generally use derivatives for hedging purposes (with a negative
beta).

It is interesting to investigate trading during the financial crisis to see whether
large traders earned abnormal returns (alphas) there as well. As shown in Table 7, the
large traders’ performance varies over time. Nonetheless, we find that positive alphas
are robust; they exist pre-crisis, during the crisis, and in the post-crisis period, with
a slightly greater magnitude during the pre-crisis period. Panel A reports the results
from the estimated factor model (using total realized returns as the dependent variable)
during the pre-crisis period of January 2nd, 2007 to December 31st, 2007 [Model (1)],
the crisis period of January 1st, 2008 toMarch 31st, 2009, and the post-crisis period of
April 1st, 2009 toNovember 30th, 2012.Model (1) shows a higher estimated alpha, but
Models (2) and (3) also show positive and significant alpha. These results suggest that
the large traders’ ability to generate abnormal returns is persistent. Panel B presents
the estimated factor model and alphas for options trading. The results in Models (1)
to (3) show that the estimated alpha is higher in pre-crisis period [Model (1)] while
the alpha remains positive and significant during the crisis period [Model (2)] and the
post-crisis period [Model (3)]. In contrast, Panel C shows that the estimated alpha is
not positive in the futures market, regardless of the sub-sample periods.

43 As shown in Jarrow and Protter (2013b), a linear factor structure is sufficient to characterize systematic
risk, independent of whether a traded asset is a primary asset (e.g., index) or a derivative.
44 As discussed in footnote 34, there are 318 large trader accounts which are unclassified as to the investor
type. Further examination (results not reported here) reveals that the estimated alpha is insignificant for
large investors with the unclassified investor type.
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Table 6 Estimated risk-adjusted returns (alpha): by investor type

Model (1) Model (2) Model (3) Model (4) Model (5)
All Foreign

institutions
Proprietary
dealers

Domestic
institutions

Individual
traders

Panel A: dependent variable: total realized returns

Change in
futures price
(%)

0.075***
(0.008)

−0.287**
(0.116)

−1.434***
(0.420)

−0.263***
(0.079)

0.093***
(0.007)

Alpha/constant 0.006***
(0.000)

0.026***
(0.005)

0.038*
(0.019)

0.007***
(0.001)

0.006***
(0.000)

R-squared 0.0001 0.0003 0.0021 0.0005 0.0001

N 12,016,028 126,928 35,838 159,512 11,575,968

Panel B: dependent variable: options realized returns

Change in
futures price
(%)

0.054***
(0.007)

−0.269**
(0.116)

−1.395***
(0.424)

−0.233***
(0.077)

0.069***
(0.007)

Alpha/constant 0.006***
(0.000)

0.025***
(0.005)

0.038*
(0.019)

0.007***
(0.001)

0.006***
(0.000)

R-squared 0.0000 0.0003 0.0020 0.0004 0.0001

N 12,016,028 126,928 35,838 159,512 11,575,968

Panel C: dependent variable: futures realized returns

Change in
futures price
(%)

0.014***
(0.000)

−0.011**
(0.004)

−0.038***
(0.011)

−0.016***
(0.003)

0.015***
0.000

Alpha/constant −0.000***
(0.000)

0.000**
(0.000)

−0.000***
(0.000)

0.000
(0.000)

−0.000***
(0.000)

R-squared 0.0017 0.0004 0.0056 0.0019 0.0021

N 12,016,028 126,928 35,838 159,512 11,575,968

This table reports the results of estimated factor models and alpha using total realized returns (Panel A),
options realized returns (Panel B), or futures realized returns (Panel C) as the dependent variable. To
estimate risk-adjusted returns (alpha), we estimate the factor model with large investor’s realized returns in
percentages as the dependent variable, and the percentage change in Taiwan’s futures market index returns
as the independent variable: ri,t =α +βSt+εi,t where ri,t is the daily realized returns of large investor i
at time t, defined in Eq. (6) and computed as total returns from both options and futures trading, returns
from options trading, or returns from futures trading; St is the daily percentage change in futures prices
and β is the estimated factor loading; α is the estimated constant coefficient and interpreted as alpha and
abnormal returns. εi,t is the residual of the regression. All variables are winsorized by top- and bottom-1% to
avoid outlier effects. Robust clustered standard errors adjusted for intra-account correlation are reported in
parentheses. ***, **, * indicate 1, 5, and 10% significance levels, respectively, for the statistical significance
of coefficients

Finally, Table 8 shows that cross-market trades (see Model (1) in Table 8) gener-
ate the largest risk-adjusted returns (alphas). As discussed in Sect. 3.4, cross-market
trades are identified as observations with realized returns in both futures and options.45

45 As a robustness check (results not reported here), we find similar results using an alternative definition
of cross-market trades, which is defined as observations with non-zero deltas in both futures and in options
on the same day.
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Table 7 Estimated risk-adjusted returns (alpha): pre-financial crisis, financial crisis, and post-crisis

Model (1) Model (2) Model (3)
Pre-crisis
(Jan 2, 2007 to
Dec 31, 2007)

Crisis
(Jan 1, 2008 to
Mar 31, 2009)

Post-crisis
(Apr 1, 2009 to
Nov 30, 2012)

Panel A: dependent variable: total realized returns

Change in futures price (%) 0.116***
(0.019)

0.108***
(0.009)

0.034***
(0.011)

Alpha/constant 0.007***
(0.000)

0.006***
(0.000)

0.006***
(0.000)

R-squared 0.0001 0.0002 0.0000

N 1,469,358 2,435,676 8,110,994

Panel B: dependent variable: options realized returns

Change in futures price (%) 0.086***
(0.019)

0.085***
(0.009)

0.017
(0.010)

Alpha/constant 0.008***
(0.000)

0.006***
(0.000)

0.006***
(0.000)

R-squared 0.0001 0.0002 0.0000

N 1,469,358 2,435,676 8,110,994

Panel C: dependent variable: futures realized returns

Change in futures price (%) 0.022***
(0.001)

0.013***
(0.001)

0.011***
(0.001)

Alpha/constant −0.000*
(0.000)

−0.000***
(0.000)

−0.000***
(0.000)

R-squared 0.0041 0.0024 0.0010

N 1,469,358 2,435,676 8,110,994

This table reports the results of estimated factormodels and alpha for different periods includingpre-financial
crisis, financial crisis, and post-crisis periods. The dependent variable includes total realized returns (Panel
A), options realized returns (Panel B), or futures realized returns (Panel C). To estimate risk-adjusted returns
(alpha), we estimate the factor model with large investor’s realized returns in percentages as the dependent
variable, and the percentage change in Taiwan’s futures market index returns as the independent variable:
ri,t =α +βSt+εi,t where ri,t is the daily realized returns of large investor i at time t, defined in Eq. (6) and
computed as total returns from both options and futures trading, returns from options trading or returns from
futures trading; St is the daily percentage change in futures prices and β is the estimated factor loading; α
is the estimated constant coefficient and interpreted as alpha and abnormal returns. εi,t is the residual of the
regression. All variables are winsorized by top- and bottom-1% to avoid outlier effects. Robust clustered
standard errors adjusted for intra-account correlation are reported in parentheses. ***, **, * indicate 1, 5,
and 10% significance levels, respectively, for the statistical significance of coefficients

These results further support cross-market manipulation as large traders can realize
largest risk-adjusted returns when they trade in both the option (derivative) and futures
(underlying) markets. Section 5.4 provides further analysis to shed light on the mech-
anism underlying the cross-market manipulation and the driver of the manipulation
profits for large investors.

In summary, these results imply that the different large traders earn abnormal returns
from trading in the options market and options/futures market, not from trading in
the futures markets alone. Given that the transaction costs in Taiwan’s futures and
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Table 8 Daily realized returns and risk-adjusted returns of cross-market trades

Dependent variable: total
realized returns

Model (1) Model (2) Model (3)

Trades with both
options and futures

Trades with
options only

Trades with
futures only

Change in futures price (%) 0.218***
(0.072)

0.691***
(0.081)

0.052***
(0.001)

Alpha/constant 0.057***
(0.002)

0.053***
(0.002)

−0.000***
(0.000)

R-squared 0.0001 0.0005 0.0046

N 633,025 667,602 4,856,757

This table reports the results of estimated factor model and alpha for cross-market trades. Cross-market
trades are identified as observations with both realized returns in futures and realized returns in options.
To estimate risk-adjusted returns (alpha), we estimate the factor model with large investor’s total realized
returns in percentage as the dependent variable, and the percentage change in Taiwan’s futures market index
returns as the independent variable: ri,t =α +βSt+εi,t where ri,t is the daily realized returns of large investor
i at time t, defined in Eq. (6) and computed as total returns from both options and futures trading, returns
from options trading, or returns from futures trading; St is the daily percentage change in futures prices
and β is the estimated factor loading; α is the estimated constant coefficient and interpreted as alpha and
abnormal returns. εi,t is the residual of the regression. All variables are winsorized by top- and bottom-1% to
avoid outlier effects. Robust clustered standard errors adjusted for intra-account correlation are reported in
parentheses. ***, **, * indicate 1, 5, and 10% significance levels, respectively, for the statistical significance
of coefficients

options markets are small (see Sect. 2.1), these abnormal returns of the large traders
are economically significant even after their inclusion. As an illustrative example,
the round-trip transaction cost of TAIEX Futures is about 0.01% of contract value
(which is equivalent to the average percentage transaction cost per trade), including
both fixed costs and transaction taxes; the round-trip fixed cost plus transaction tax for
an at-the-money 11-trading-day-to-maturity TAIEX Option is approximately 2%.46

Note that there is no tax on trading gains in the Taiwan futures and options markets.
After adjusting for these average percentage transaction costs, the average annualized
alpha of certain types of large traders is still strictly greater than zero. For exam-
ple, proprietary dealers (see Table 6) have the highest risk-adjusted returns with an
estimated daily alpha of 3.8% in both the futures and options markets. Using the trans-
action cost approximation of 0.01% in futures and 2% in options discussed above, the
estimated daily alpha net of transaction costs is approximately 1.79% for proprietary
dealers. Similarly, cross-market trades (see Table 8) generate the largest risk-adjusted
returns with an estimated daily alpha of 5.7%, which is approximately 3.69% net of
transaction costs.

The absenceof abnormal returns from trading in the futuresmarket is consistentwith
the non-existence of market manipulation and the satisfaction of the independence of
past holdings condition noted earlier. The existence of abnormal returns in the options

46 Based on the information provided by TAIFEX, the percentage transaction cost is calculated as: (fixed
cost+ transaction tax)/contract value, where the fixed cost is a constant commission fee per contract, the
transaction tax (for a single-trip) is 0.002% of the contract value for futures and 0.1% for options, and the
contract value depends on the index level (for futures) or premium (for options). See also Footnote 22.
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market and cross-market trading is another necessary condition for the existence of
cross-market manipulation. To verify that manipulation exists, we still need to show
that these abnormal returns are not due to mispricings. This investigation is performed
next.

5.3 Mispricings versus market manipulation

To study whether the abnormal returns are due to either mispricings or market manip-
ulation, we perform a number of tests. If the abnormal returns are due to mispricings,
one would expect that both “paper profits” (unrealized returns) and “real profits” (real
returns) are positive.47 This is because the profits are due to under-valuation of the
relevant assets, and not strategic trading given a quantity impact on the price. In this
case marking-to-market retains value. In contrast, if the abnormal returns are due to
market manipulation, one would expect the paper profits to be zero or non-existence
because the returns are obtained by strategic trading.

In the previous section, we demonstrated that the real profits are positive. This
only leaves an investigation of the paper profits or unrealized returns. Table 9 contains
these results. Here, one observes that the large traders do not generate significant
positive alphas based on unrealized returns. As shown in all panels of Table 9, none
of the estimated alphas are significantly positive. In Table 9, Model (1) shows that
the estimated alpha is significantly negative for either total unrealized returns, option
unrealized returns, or futures unrealized returns. These findings are inconsistent with
the abnormal returns being due to market mispricings.

To further verify the existence of market manipulation, we conduct two additional
tests. In the first test, we use the daily delta of the traders to identify their trading
and non-trading days.48 We use daily delta to track the opening position (when delta
changes from zero to non-zero) and closing position (when delta changes from non-
zero to zero) so that we can identify a “trade cycle.”49 Using this framework, we
can identify realized returns during trading days (trading cycle) and unrealized returns
during non-trading days.We estimate the factor model using the sub-sample of trading
days only and find that the options realized return is positive and significant during

47 According to Jarrow (1992), arbitrage pricing theory invokes the price taking paradigm while the theory
of manipulation studies traders’ impacts on prices. This generalization requires distinguishing between
“paper” wealth and “real” wealth when valuing a trader’s position. For a price taker, the “paper” wealth and
“real” wealth are identical; but for a large trader these values are distinct.
48 If there is manipulation, returns on trading days should exceed returns on non-trading days. This shows
that real profits exceed paper profits, i.e., trading strategically has value. To see why, consider the following.
Suppose a trade occurs on day 1 to take advantage of an arbitrage opportunity, and a trade occurs on day
10 to liquidate the position. No trades occur on days 2-9. The return on day 1 will be zero if the arbitrage
remains or positive if it disappears by the end of the day. The return on day 10 will be zero if the arbitrage
has disappeared between days 1 and 9. It will be positive if the arbitrage disappears on day 10.We see that in
some circumstances the trading days do not have abnormal returns, they can appear in the non-trading days
as the mispricing disappears. But, it is possible that trading days earn abnormal profits. This is the partial
confounding with manipulation profits. In contrast, with manipulation abnormal profits are only earned on
trading days.
49 See Table 16 in the Appendix for an example of identifying a trading cycle for each investor account
and how we compute the realized return and unrealized return for each account.
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Table 9 Estimation of alpha using unrealized returns (“paper profits”)

Model (1) Model (2) Model (3) Model (4) Model (5)
All Foreign

institutions
Proprietary
dealers

Domestic
institutions

Individual
traders

Panel A: dependent variable: total unrealized returns

Change in futures
price (%)

0.305***
(0.023)

−0.747*
(0.426)

−5.672***
(1.074)

−2.521***
(0.570)

0.396***
(0.021)

Alpha/constant −0.037***
(0.001)

−0.156***
(0.031)

0.080
(0.099)

−0.007
(0.015)

−0.037***
(0.001)

R-squared 0.0001 0.0001 0.0032 0.0032 0.0002

N 12,016,028 126,928 35,838 159,512 11,575,968

Panel B: dependent variable: options unrealized returns

Change in futures
price (%)

0.272***
(0.023)

−0.728*
(0.426)

−5.606***
(1.078)

−2.426***
(0.563)

0.357***
(0.021)

Alpha/constant −0.036***
(0.001)

−0.156***
(0.031)

0.080
(0.099)

−0.006
(0.015)

−0.036***
(0.001)

R-squared 0.0001 0.0001 0.0032 0.0030 0.0001

N 12,016,028 126,928 35,838 159,512 11,575,968

Panel C: dependent variable: futures unrealized returns

Change in futures
price (%)

0.025***
(0.001)

−0.018*
(0.010)

−0.054**
(0.020)

−0.068***
(0.010)

0.029***
(0.001)

Alpha/constant −0.001***
(0.000)

0.000
(0.000)

−0.001***
(0.000)

−0.001***
(0.000)

−0.001***
(0.000)

R-squared 0.0022 0.0003 0.0042 0.0065 0.0032

N 12,016,028 126,928 35,838 159,512 11,575,968

This table reports the results of estimated factor model and alpha using total unrealized returns (Panel A),
options unrealized returns (Panel B), or futures unrealized returns (Panel C) as the dependent variable. To
estimate risk-adjusted returns (alpha), we estimate the factor model with large investor’s unrealized returns
in percentage as the dependent variable, and the percentage change in Taiwan’s futures market index returns
as the control variable: rui,t =α +β St+εi,t where r

u
i,t is the daily unrealized returns of large investor i at

time t, defined in Eq. (8) and computed as total unrealized returns from both options and futures trading,
unrealized returns from options trading, or unrealized returns from futures trading; St is the daily percentage
change in futures prices and β is the estimated factor loading; α is the estimated constant coefficient and
interpreted as alpha and abnormal returns. εi,t is the residual of the regression. All variables are winsorized
by top- and bottom- 1% to avoid outlier effects. Robust clustered standard errors adjusted for intra-account
correlation are reported in parentheses. ***, **, * indicate 1, 5, and 10% significance levels, respectively,
for the statistical significance of coefficients

trading days. In contrast, we estimate the model using the sub-sample of non-trading
days only and find that the options unrealized returns (paper profits) are significantly
negative on non-trading days.

Table 10 presents the results of options realized returns on trading days (Panel A)
and options unrealized returns on non-trading days (Panel B). These results show that
abnormal returns (alphas) are only earned on trading days and support that trading
strategically has value. Also, note that these findings apply to options trades only. We
also identify the “trade cycle” for future trades only, and report the results of futures
realized returns on trading days (Panel C of Table 10) and futures unrealized returns
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on non-trading days (Panel D of Table 10). Similar to our previous findings, the alpha
is negative (significant) if we use futures trades to re-estimate the abnormal returns
(alpha). These findings confirm the possibility of cross-market manipulation and the
absence of manipulation in the underlying (futures) market.

As a robustness check, we use the full sample of options realized returns where
actual returns are used on trading days and a zero return is used on a non-trading
day (not including unrealized return or paper profit). The result reported in Panel E
of Table 10 shows that the alpha is still significantly positive but it becomes very
small in magnitude (e.g., the estimated alpha of 0.006 in Panel E is smaller than the
estimated alpha of 0.034 in Panel A, although alphas in both cases are significantly
different from zero). This robustness test further confirms that the large traders’ profits
are more consistent with manipulation (strategic trading) rather than arbitrage.

For our second test, we use daily deltas to track the opening position (when delta
changes from zero to non-zero) and closing position (when delta changes from non-
zero to zero) so that we can identify a “trade cycle” (see Table 16 in Appendix for an
example of trade cycle). For each trade cycle, we computed the cumulative realized
return over the trading period. Then, we compare this cumulative realized return with
a “hypothetical” return from a buy-and-hold strategy in the futures market over the
same time period. Sincewemeasure both futures and options returns based on notional
(contract) value, due to the exchange’smargin requirements equalizing risk across both
contract types, the percentage change returns of options (based on contract value) are
comparable to the percentage change returns of futures (based on contract value). The
idea behind this test is that if the profits are due to manipulation—strategic trading,
then the realized returns should outperform a buy-and-hold strategy.

The results are reported in Table 11. Panel A shows that on average, cumulative
realized returns of options trades over the trading periods are significantly larger than
the “hypothetical” returns from a buy-and-hold strategy in futures market over the
same time period.50 Panel B shows that on average, the cumulative realized returns of
futures trades over the trading periods are less than the “hypothetical” buy-and-hold
strategy in futures market over the same time period.

As a further analysis, we compare the average daily returns and volatility during
the trading days, and importantly, approximate a mean-to-volatility ratio. The results
in Panel C of Table 11 show that average realized returns of options trades during
the trading days are significantly larger than the average returns from a buy-and-hold
strategy in futures over the same time trading period. The mean-to-volatility ratio is
also larger for realized returns of options trades during the trading days. In contrast,
Panel D shows that the average realized returns of futures trades on trading days are
less than the average returns of a buy-and-hold strategy in futures, with a negative and
lower mean-to-volatility ratio.

In summary, these tests support the claim that the large trader’s abnormal realized
returns in options and options/futures markets are due to cross-market manipulation
and not market mispricings. They also are consistent with the non-existence of market
manipulation in the underlying futures market.

50 In Table 11, we winsorized the realized returns by top- and bottom-1% to avoid outliers observed in
realized returns.
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Table 10 Robustness test: estimation of alpha on trading versus non-trading days

Panel A: dependent variable: options realized returns (on trading days only)

Dependent variable: options realized returns

Change in futures price (%) 0.307***
(0.042)

Alpha/constant 0.034***
(0.001)

R-squared 0.0002

N 2,036,421

Panel B: dependent variable: options unrealized returns (on non-trading days only)

Dependent variable: options unrealized returns

Change in futures price (%) 0.062 ***
(0.009)

Alpha/constant −0.024***
(0.001)

R-squared 0.0000

N 9,979,607

Panel C: dependent variable: futures realized returns (on trading days only)

Dependent variable: futures realized returns

Change in futures price (%) 0. 034***
(0.001)

Alpha/constant −0.000***
(0.000)

R-squared 0.0048

N 4,347,500

Panel D: dependent variable: futures unrealized returns (on non-trading days only)

Dependent variable: futures unrealized returns

Change in futures price (%) 0.008***
(0.000)

Alpha/constant −0.001***
(0.000)

R-squared 0.0004

N 7,668,528

Panel E: dependent variable: options realized returns (on both trading and non-trading days)

Dependent variable: options realized returns

Change in futures price (%) 0.052***
(0.007)
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Table 10 continued

Panel E: dependent variable: options realized returns (on both trading and non-trading days)

Dependent variable: options realized returns

Alpha/constant 0.006***
(0.000)

R-squared 0.0000

N 12,016,028

This table reports the results of estimated factor model and alpha on trading versus non-trading days. Panel
A reports the results of options realized returns on trading days. Panel B reports the results of options
unrealized returns on non-trading days. Panel C reports the results of futures realized returns on trading
days. Panel D reports the results of futures unrealized returns on non-trading days. Panel E reports the
results of options realized returns where actual returns are used on trading days and a zero return is used on
a non-trading day (not including unrealized return or paper profit). Daily delta is used to track the opening
position (when delta changes from zero to non-zero) and closing position (when delta changes from non-
zero to zero) in order to identify trading days (see Table 16 in Appendix for an example of trade cycle). To
estimate risk-adjusted returns (alpha), we estimate the factor model with large investor’s realized returns
in percentage [ri,t in Eq. (6)] or unrealized returns in percentage [r

u
i,t in Eq. (8)] as the dependent variable,

and the percentage change in Taiwan’s futures market index returns as the control variable: Returni,t =α

+βSt+εi,t where Returni,t is the daily percentage returns of large investor i at time t, computed as: options
realized returns on trading days (Panel A), options unrealized returns on non-trading days (Panel B), futures
realized returns on trading days (Panel C), futures unrealized returns on non-trading days (Panel D), and
options realized returns on trading and non-trading days (Panel E). St is the daily percentage change in
futures prices and β is the estimated factor loading; α is the estimated constant coefficient and interpreted
as alpha and abnormal returns. εi,t is the residual of the regression. All variables are winsorized by top- and
bottom-1% to avoid outlier effects. Robust clustered standard errors adjusted for intra-account correlation
are reported in parentheses. ***, **, * indicate 1, 5, and 10% significance levels, respectively, for the
statistical significance of coefficients

5.4 Further analysis on cross-market manipulation

When markets are not synchronous (as shown in Table 5), cross-market manipulation
is possible as market prices do not adjust instantaneously to the true “effective” pur-
chases of a large trader who can disguise some of his purchases in the option markets
(Jarrow 1994). To further examine cross-market manipulation, we examine whether
large traders’ realized profits are driven by their order flows and quantity impacts in
the options and futures markets.We estimate the effects of the large traders’ option and
futures positions (measured by the absolute values of option delta and futures delta)
on realized dollar returns in options and/or futures markets. The following models
are estimated for the realized dollar returns for the sub-sample of the large investors’
trading days with non-zero option deltas and non-zero futures deltas:

Ri,t+1 � a0 + a1
∣∣
∣DOptions

i,t

∣∣
∣ + a2

∣∣
∣DFutures

i,t

∣∣
∣ + a3Ri,t + εi,t (14)

where the dependent variable Ri,t+1 is the 1-day ahead total realized dollar returns of
the large investor i at time t+1 in both the options and futures markets (reported in
Panel A of Table 12), in the options market (reported in Panel B of Table 12), or in
the futures market (reported in Panel C of Table 12). Explanatory variables include
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Table 11 Robustness test: cumulative realized returns versus buy-and-hold strategy in futures

Cumulative returns N Mean Standard
error

Standard
deviation

Panel A: cumulative realized options returns versus buy-and-hold strategy in futures

(1) Cumulative realized
returns of options trade

457,703 1.3637 0.0046 3.1184

(2) Buy-and-hold strategy in
futures

457,703 1.0000 0.0000 0.0322

Difference 457,703 0.3636 0.0046 3.1185

t test for difference in means 78.8866***

Panel B: cumulative realized futures returns versus buy-and-hold strategy in futures

(1) Cumulative realized
returns of futures trade

1,149,156 0.9985 0.0000 0.0231

(2) Buy-and-hold strategy in
futures

1,149,156 0.9998 0.0000 0.0300

Difference 1,149,156 −0.0013 0.0000 0.0360

t test for difference in means −37.7669***

Cumulative returns N Mean Standard
error

Standard
deviation

Ratio of mean
returns to
standard
deviation

Panel C: average realized options returns versus average returns from buy-and-hold strategy in futures

(1) Average realized returns
of options trade

12,016,028 0.0059 0.0000 0.1573 0.0377

(2) Average daily returns of
buy-and-hold strategy in
futures

12,016,028 0.0000 0.0000 0.0158 0.0012

Difference (1)− (2) 12,016,028 0.0059 0.0000 0.1415 0.0365

t-test for differences in means 130***

Panel D: average realized futures returns versus average returns from buy-and-hold strategy in futures

(1) Average realized returns
of futures trade

12,016,028 −0.0001 0.0000 0.0051 −0.0130

(2) Average daily returns of
buy-and-hold strategy in
futures

12,016,028 0.0000 0.0000 0.0158 0.0012

Difference (1)− (2) 12,016,028 −0.0001 0.0000 0.0164 −0.0142

t-test for difference in means −18.0139***

This table reports the comparison between cumulative realized returns and buy-and-hold strategy in futures.
Panel A (Panel B) compares the cumulative realized returns of options (futures) trades with the “hypothet-
ical” returns from a buy-and-hold strategy in futures market over the same time trading period. Panel C
(Panel D) compares the average realized returns of options (futures) trades with the average returns from a
buy-and-hold strategy in futures over the same time trading period. Daily delta is used to track the open-
ing position (when delta changes from zero to non-zero) and closing position (when delta changes from
non-zero to zero) in order to identify a “trade cycle” (see Table 16 in Appendix for an example of trade
cycle). For each trade cycle, the cumulative realized return is computed over the trading period. Then, the
cumulative realized return is compared with a “hypothetical” return from a buy-and-hold strategy in futures
market over the same time period. The cumulative realized returns are winsorized by top- and bottom-1%
to avoid outlier effects. ***, **, * indicate 1, 5, and 10% significance levels, respectively, for the statistical
significance of a t-test for the difference in means
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the large traders’ options position measured by the absolute value of the option delta

[i.e.,
∣∣
∣DOptions

i,t

∣∣
∣ where DOptions

i,t is defined in Eq. (9)] of the large investor i at time t

and the large traders’ futures position measured by the absolute value of the futures

delta [i.e.,
∣∣
∣DFutures

i,t

∣∣
∣ where DFutures

i,t is defined in Eq. (10)] of the large investor i at

time t. The control variable is the contemporaneous realized dollar returns Returnsi,t
of the large investor i at time t.

In Table 12, Panel A shows that both the absolute value of the option delta and
the absolute value of the futures delta have statistically and economically significant
positive effects on the 1-day ahead total dollar returns for the large traders. This
finding suggests that cross-market trades by large traders using positions in both the
derivative (option) and the underlying (futures) markets create a quantity impact that
makes profits. This is also consistent with our earlier findings that large traders made
their largest risk-adjusted returns from cross-market trades (as shown in Table 8).

Panels B and C examine the effects of option and futures deltas on the large
investors’ profits from the options market and futures market, respectively, and they
provide the following insights. First, Panel B shows that the absolute value of the
futures delta has a positive and significant effect on the 1-day ahead option dollar
returns for large traders. This finding is interesting because it shows that large traders’
profits in the optionsmarket not only depend upon their positions in the optionsmarket
but they also depend upon their positions in the futures market. A possible explana-
tion is that the large traders’ cross-market trades and order flow manipulation in the
derivative (option) market may also rely on trades in the underlying (futures) position.
As illustrated in Fig. 1, when the large traders create large delta positions in options,
they may also take positions in the underlying futures market to further manipulate the
order flows so that other investors will notice a price movement in the futures market
and the effect of the large traders’ delta positions in the options market. As such, the
large traders’ profits in the options market depend on their positions in both the option
and futures markets as the results in Panel B suggested.

PanelC shows that the absolute valueof theoptiondelta has a positive and significant
effect on the 1-day ahead futures dollar returns for the large traders. This suggests that
the large traders’ profits from the underlying (futures) market depend on their cross-
market positions in the options market. A possible explanation is that when other
investors observe the large traders’ order flow information in the options market,
futures prices can move significantly and contribute to the large traders’ profits in the
futures market. Also, Panel C shows that the large traders’ profits in the futures market
do not depend on their positions in the futures but in the options, further confirming
that large traders’ profits arise from the order flowmanipulation in the options market.

5.5 Summary

The evidence from our unique account-level data and experiment are consistent with
marketmanipulation based on strategic trades of large investors,who can create a quan-
tity impact on the price and use options to impact the value of the underlying. Together,
our findings imply the following. First, the market structure tests in Tables 4 and 5
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Table 12 Further analysis: cross-market manipulation

Panel A: dependent variable: total realized returns

Model (A): ReturnsT otali,t+1 � a0 + a1
∣
∣∣DeltaOption

i,t

∣
∣∣ + a2

∣
∣∣DeltaFuturesi,t

∣
∣∣ + a3Returns

Total
i,t + εi,t

(1)
Regression
coefficient

(2)
Standard
deviation of
delta

(3)
Economic
significance the
effect of delta

(4)
Mean returns

(5)
Effect of delta as
percentage of
mean returns (%)

Option delta 0.0011*** 57,483.1333 62.7256 95.8165 65

Futures delta 0.0002*** 264,455.5667 65.1619 95.8165 68

Panel B: dependent variable: options realized returns

Model (B): ReturnsOption
i,t+1 � a0 + a1

∣
∣∣DeltaOption

i,t

∣
∣∣ + a2

∣
∣∣DeltaFuturesi,t

∣
∣∣ + a3Returns

Option
i,t + εi,t

(1)
Regression
coefficient

(2)
Standard
deviation of
delta

(3)
Economic
significance the
effect of Delta

(4)
Mean options
returns

(5)
Effect of delta as
percentage of
mean options
returns (%)

Option delta 0.0007*** 57,483.1333 39.0828 82.6145 47

Futures delta 0.0001*** 264,455.5667 22.1614 82.6145 27

Panel C: dependent variable: futures realized returns

Model (C): ReturnsFuturesi,t+1 � a0 + a1
∣
∣∣DeltaOption

i,t

∣
∣∣ + a2

∣
∣∣DeltaFuturesi,t

∣
∣∣ + a3Returns

Futures
i,t + εi,t

(1)
Regression
coefficient

(2)
Standard
deviation of
delta

(3)
Economic
significance the
effect of delta

(4)
Mean options
returns

(5)
Effect of delta as
percentage of
mean options
returns (%)

Option delta 0.0002* 57,483.1333 12.3819 6.5812 188

Futures delta 0.0001 264,455.5667 20.5218 6.5812 312

This table reports the results of the estimated effects of the large traders’ options and futures positions (measured by the
absolute values of option delta and futures delta) on realized dollar returns. The regression models are estimated as follows:

Ri,t+1 =a0 +a1
∣
∣∣DOptions

i,t

∣
∣∣ +a2

∣
∣∣DFutures

i,t

∣
∣∣ +a3 Ri,t +εi,t where the dependent variable Ri,t+1 is the 1-day ahead realized

dollar returns of the large investor i at time t+1 in both the options and futures markets (Panel A), in the options market
(Panel B), and in the futures market (Panel C). The dependent variable of realized dollar returns of the large investor (Ri,t )
is defined in Eq. (7). Explanatory variables include the large traders’ options position measured by the absolute value of

the option delta [i.e.,
∣∣
∣DOptions

i,t

∣∣
∣ where DOptions

i,t is defined in Eq. (9)] of the large investor i at time t and the large

traders’ futures position measured by the absolute value of the futures delta [i.e.,
∣
∣
∣DFutures

i,t

∣
∣
∣ where DFutures

i,t is defined

in Eq. (10)] of the large investor i at time t. Control variable includes contemporaneous realized dollar returns Ri,t of the
large investor i at time t. The regression models are estimated for the sub-sample of the large investors’ trading days with
non-zero option deltas and non-zero futures deltas and with robust clustered standard errors adjusted for intra-account
correlation. Panel A reports the results using 1-day ahead total realized dollar returns as the dependent variable. Panel B
reports the results using 1-day ahead options realized dollar returns as the dependent variable. Panel C reports the results
using 1-day ahead futures realized dollar returns as the dependent variable. The estimated regression coefficients of the
large traders’ options and futures positions (measured by the absolute values of the option delta and the futures delta) and
their economic significance are reported in columns (1) and (3) of each panel. Economic significance [reported in column
(3)] is computed as the estimated regression coefficient of the absolute value of the options (or futures) delta in column (1)
multiplied by the standard deviation in the absolute value of the options (or futures) delta in column (2). In column (5) of
each panel, the economic significance is normalized by the mean returns from the sample in column (4) as the percentage
of the mean returns. ***, **, * indicate 1, 5, and 10% significance levels, respectively, for the statistical significance of
coefficients
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show that the necessary conditions of no market manipulation (Jarrow 1992, 1994),
including: (1) the Independence of Past Holdings and (2) the Synchronous Markets,
are violated as a large trader’s option positions at the aggregate-level have a quan-
tity impact on the underlying asset’s price. The violations of these conditions imply
that market manipulation, specifically the cross-market manipulation using options
market, is possible. Second, the individual account-level analysis in Tables 6 and 7
provide evidence of abnormal profits that are consistent with large traders’ strategic
trades and order flowmanipulation. In particular, the results in Table 8 show that cross-
market trades by large investors generate the largest risk-adjusted returns, consistent
with the possibility of cross-market manipulation. Given that that the necessary con-
ditions of no market manipulation (such as synchronous markets) are violated at the
aggregate-level, the account-level analysis show that large traders can take advantage
of non-synchronous markets and make abnormal profits from option (cross-market)
trades with a quantity impact on the price and order flowmanipulation. The analysis in
Table 12 confirms this insight by showing that the large traders’ realized profits depend
on their trading positions in both the option and futures markets. To differentiate our
analysis of market manipulation from arbitrage opportunities, the results in Tables 9,
10, and 11 show that active not passive profits are significant (e.g., actual not paper
profits are significant and abnormal profits are significant only on trading days).

Overall, our evidence demonstrates that the lead-lag relation between the options
and the underlying market are consistent with cross-market manipulation, an insight
that is often ignored in the existing literature. Specifically, our findings suggest that
large investors acquire large positions in the options market in order to manipulate
order flow information and to create a quantity impact on the underlying futures
market prices. When other investors do not immediately observe the quantity impact
of the large investors’ true “effective” purchases that are camouflaged by their option
trades, large investors are able to manipulate the order flow information using these
option trades and consequently realize abnormal profits from their strategic trading.

6 Conclusion

This paper provides an empirical study of market manipulation in derivatives mar-
kets by examining strategic trades and profits of large traders. Using a comprehensive
account-level transaction database in options and futures markets, we examine both
the aggregate and individual holdings of large traders to test for the existence of mar-
ket manipulation. To test necessary conditions for manipulation, we examine large
traders as “a group” (at the aggregate-level) and test whether the futures/options mar-
kets satisfy a sufficient condition that precludes manipulation. The rejection of these
sufficient conditions is a necessary condition for market manipulation. In this regard,
the evidence is consistent with no market manipulation in the futures market, but that
cross-market manipulation is possible. To test sufficient conditions for cross-market
manipulation, we first show the existence of abnormal realized returns, and then we
show that these returns are not due to either private information trading or market
mispricings. These tests are inconsistent with market mispricings, thereby providing
strong evidence that these abnormal returns are due to cross-market manipulation.
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A moment’s reflection reveals that market manipulation can exist at different time
scales – high frequency, intraday, longer-term. This paper investigates only the exis-
tence ofmanipulation over the longer timehorizon. It is an interesting researchquestion
as to the existence or not of market manipulation within the smaller time scales. As
future research, we will study the possibility of market manipulation at the high-
frequency time scale.
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Appendix

See Tables 13, 14, 15 and 16.

Table 13 Datasets

Data File Descriptions Remarks

Data file #1 Data file for all orders. This file contains all orders
in both futures and options markets, containing
order placing time (by second), contract
(options/futures, call/put indicator, strike price,
expiration), the size of the orders (include both
executed and unexecuted orders), the price of the
orders, the trader type, the code for order
changes, and the code facilitating the link
between orders (Data File #1) and transaction
(Data File #2).

This file contains essentially the
timeline of all orders in both futures
and options markets (timeline is
measured by second; for each second,
orders include executed and
unexecuted orders). The data contain
the sequence of orders from 15 min
before the opening of the market to
the end of the market.

Data file #2 Data files for transactions, executed orders. It
contains the trade-by-trade transaction dataset
includes trading time (year, month, date, hour,
minute, and second), strike price, expiration date,
options/futures transaction price, options type
(call/put indicator), trading volume, buy/sell
indicator, and whether the order opens a new
options/futures position or closes an existing one.

This file is merged with the Data File
#1. Note that Data File #2 includes the
transaction price of both futures and
options markets. The main difference
between Data File #1 and Data File
#2 is that Data File #1 contains order
price (including order volume, and
buy and sell orders); in contrast, Data
File #2 contains transaction price
(including trading volume).

Data file #3 Quotation file, which provides summary of the all
orders up to best five ticks.

This file accumulates all orders, related
to first file.

The complete intraday transaction history of all accounts on the front-monthTXcontract andTXOcontract between
January 2nd, 2007 and November 30th, 2012 is acquired for this study. Although the TX and TXO contracts with
various maturities are listed for trading, including the front month, the next calendar month, and the next three
quarterly months, the front-month TX and TXO contract generally accounts for more than 90% of the overall
trading volume of all available TX and TXO contracts. The TX (TXO) contract value is equal to the index level
of the TAIEX multiplied by 200 (50) New Taiwan Dollars (NT$). US$ 1 is approximately equal to NT$ 30. To
construct the dataset for empirical analysis, we create three data files containing, respectively, all transactions,
orders, and quotations for TX and TXO. The three data files are summarized below. The datasets also have a code
facilitating the link among transaction, order, and quotation files. By merging the three files, we can identify the
originating account/identity and associated order and quotation information for all trades
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Table 14 Ranking of most profitable trades

Ranking Account ID Investor type Realized return (in
million USD)

1 1 Proprietary dealers 20.03

2 1 Proprietary dealers 19.60

3 1 Proprietary dealers 17.73

4 1 Proprietary dealers 17.03

5 1 Proprietary dealers 16.03

6 2 Foreign institutions 15.67

7 1 Proprietary dealers 14.97

8 1 Proprietary dealers 14.23

9 1 Proprietary dealers 14.10

10 3 Unclassified 12.97

11 1 Proprietary dealers 12.70

12 1 Proprietary dealers 12.27

13 1 Proprietary dealers 11.57

14 1 Proprietary dealers 11.50

15 4 Foreign institutions 11.10

16 1 Proprietary dealers 10.73

17 5 Foreign institutions 10.23

18 6 Foreign institutions 9.83

19 1 Proprietary dealers 9.70

20 1 Proprietary dealers 9.13

50 7 Foreign institutions 7.13

100 1 Proprietary dealers 5.17

This table reports the ranking of the large traders’ most profitable trades based on daily realized returns (in
dollar terms). The classification of a large trader is defined in Sect. 2 of this paper
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Table 15 Ranking of top traders

Ranking Account ID Investor type Realized return (in
million USD)

Ratio of
(Top-1/Top-N)

Panel A: top traders in option and futures markets

1 1 Proprietary traders 211.33 1

2 6 Foreign institutions 146.67 1.44

3 8 Foreign institutions 88.33 2.39

4 2 Foreign institutions 72.00 2.94

5 9 Foreign institutions 71.67 2.95

6 10 Foreign institutions 65.00 3.25

7 11 Foreign institutions 61.33 3.45

8 12 Proprietary traders 59.33 3.56

9 4 Foreign institutions 56.33 3.75

10 13 Foreign institutions 48.33 4.37

20 14 Foreign institutions 27.03 7.82

50 15 Foreign institutions 10.80 19.57

100 16 Unclassified 4.70 44.96

Panel B: top traders in option market

1 12 Proprietary traders 59.33 1.00

2 6 Foreign institutions 58.00 1.02

3 10 Foreign institutions 54.00 1.10

4 17 Foreign institutions 43.33 1.37

5 18 Proprietary traders 30.90 1.92

6 19 Foreign institutions 26.53 2.24

7 20 Foreign institutions 18.50 3.21

8 21 Foreign institutions 18.47 3.21

9 22 Proprietary traders 17.87 3.32

10 23 Domestic institutions 15.27 3.89

20 24 Domestic institutions 7.40 8.02

50 25 Foreign institutions 2.36 25.18

100 26 Individual traders 1.06 56.15

Panel C: top traders in futures market

1 1 Proprietary traders 199.00 1

2 8 Foreign institutions 88.67 2.24

3 6 Foreign institutions 88.33 2.25

4 9 Foreign institutions 70.00 2.84

5 2 Foreign institutions 67.00 2.97

6 11 Foreign institutions 61.33 3.24

7 4 Foreign institutions 56.33 3.53

8 13 Foreign institutions 51.67 3.85

9 7 Foreign institutions 40.33 4.93
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Table 15 continued

Ranking Account ID Investor type Realized return (in
million USD)

Ratio of
(Top-1/Top-N)

10 27 Foreign institutions 39.33 5.06

20 28 Unclassified 18.67 10.66

50 29 Foreign institutions 7.80 25.51

100 30 Unclassified 3.77 52.83

This table reports the ranking of the top traders (large trader’s account) based on realized returns (in dollar
terms) during the sample period January 1st, 2007 to Nov, 30th, 2012. The classification of a large trader
is defined in Sect. 2 of this paper. Panel A presents the top traders in both the option and futures markets.
Panel B presents the top traders in the option market. Panel C presents the top traders in the futures market

Table 16 Example of trading cycle for each trading account

Account ID Date Option delta
(in USD)

Option
unrealized
return (in %)

Option
realized
return (in %)

Trading day
(Y/N)

Trade cycle

31 20090904 0 0.00 0.00 N .

31 20090907 26,153 6.50 0.00 Y 1

31 20090908 −66,272 81.50 85.10 Y 1

31 20090909 22,346 −24.88 40.89 Y 1

31 20090910 −38,175 27.80 95.12 Y 1

31 20090911 0 13.17 0.00 Y 1

31 20090914 0 −61.46 0.00 N .

31 20090915 37,759 −5.98 0.00 Y 2

31 20090916 −124,065 0.00 65.38 Y 2

31 20090917 0 0.00 0.00 Y 2

31 20090918 0 0.00 0.00 N .

This table provides an example of a trading cycle for a trading account. To identify a “trade cycle”, daily
deltas are used to track the opening position (when delta changes from zero to non-zero) and the closing
position (when delta changes from non-zero to zero). Non-trading days are highlighted in italics. An account
can have more than one trading cycles as trades continue
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