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Zusammenfassung

Die hochfrequente Finanzmarktforschung hat sich innerhalb der letzten beiden Jahrzehnte

als eine der attraktivsten und aktivsten Forschungsrichtungen innerhalb der Wirtschafts-

wissenschaften herauskristallisiert. Generell widmet sie sich der Untersuchung der Funk-

tionsweise von Finanzmärkten und dem Verhalten ihrer Agenten auf der Transaktions-

ebene. Angetrieben durch die Verfügbarkeit hochfrequenter Datensätze hat sich die em-

pirische Forschung auf diesem Gebiet “High Frequency Financial Econometrics” als eigen-

ständige Forschungsrichtung und als Bindeglied zwischen den Gebieten Ökonometrie und

Finanzwirtschaft etabliert und bedeutende Forschungsergebnisse in den Bereichen Risiko-

und Liquiditätsmessung, Marktmikrostrukturanalyse, Marktdesign sowie Händler- und

Investorenverhalten erzielt.

Kontinuierliche Fortschritte in der Informationstechnologie führen dazu, dass immer präzis-

ere Informationen über das Handelsverhalten einzelner Marktteilnehmer systematisch

erhoben und bearbeitet werden können. Sogenannte Handelsaktivitätsdatensätze mit

Informationen über das genaue Handelsverhalten einzelner Investoren werden heutzu-

tage immer besser zugänglich und für die wissenschaftliche Forschung zur Verfügung

gestellt. Solche Datensätze stellen die größtmögliche Form von Marktmikrostrukturin-

formation dar, die momentan in einem größeren Umfang erhoben werden kann und die

weit über den Informationsgehalt von Standard-Hochfrequenzdaten hinausgeht. Zur Un-

tersuchung dieser Handelsaktivitätsdatensätze werden jedoch neue ökonometrische Ver-

fahren benötigt, die in der Lage sind, deren komplexe Datenstruktur (Mikropaneldaten-

satz mit in der Zeit irregulär geordneten Beobachtungen über verschiedene Handelsaktiv-

itätskennzeichen in unterschiedlichen Wertpapieren für eine große Menge von Investoren)

zu charakterisieren.

Im Rahmen dieser Dissertation werden ökonometrische Verfahren entwickelt, die dazu

geeignet sind, komplexe Handelsaktivitätsdatensätze zu analysieren, um neue Erkenntnis-

se über das Verhalten von einzelnen Investoren und Gruppen von Investoren zu erlangen.
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Introduction

In recent years high-frequency finance has become one of the most active research fields

in finance and economics. The wide-spread availability of high-frequency datasets has

particularly spurred research within this field and has, in turn, given birth to the rapidly

expanding bridge between finance and econometrics, high-frequency financial economet-

rics. Developments in this field have addressed topics such as risk and liquidity measure-

ment, market design, market microstructure and the general behavior of financial agents

by applying quantitative methodologies. Advances in computing technology during the

last two decades have given further momentum to these research efforts - not to be under-

estimated, as the detailed, precise and efficient collection of large high-frequency datasets

as well as the development of computationally intensive estimation procedures lie at the

forefront of current research in financial econometrics.

Trading activity datasets which describe all trading actions in sets of assets for individual

investors over a given time period are becoming increasingly available. These are more

complex than standard high-frequency and limit order book datasets, allowing for the

detailed analysis of individual trading behavior on the micro level. These datasets repre-

sent the limit of market microstructure information which can be made available to the

financial econometrician. The analysis of such trading activity datasets requires advanced

econometrics techniques able to account for their micro panel structure, with individual

observations on different types of activities for several trading instruments being irregular

in time.

This dissertation advocates and contributes to the development of advanced econometric

techniques for the characterization of individual trading behavior on the basis of complex

trading activity datasets. Herein, three stand-alone papers address different aspects of

individual trading behavior. They are all based on an unique trading activity dataset

of foreign exchange market activity provided by OANDA FXTrade, an electronic trading

platform and market maker in the foreign exchange market.

7



Introduction 8

Chapter 1 is a joint paper with Sandra Nolte and focuses on the relationship between

price expectations and price changes. Price expectations are quantified by several order

flow measures, all aiming to capture different sources of information potentially applicable

to the prediction of future currency price changes. In the foreign exchange market order

flow is considered to be the primary source of private information, which appropriately

aggregated and utilized, should yield improved predictions of currency price movements.

We conduct forecasting studies on 12 intra-day frequencies and find that those forecasting

models which incorporate information on order flows and price changes provide signif-

icantly better forecasts than benchmark models using only information on past price

changes through AR(p) specifications as well as trivial Random Walk benchmark models.

Those forecasting models relying on order flow information were shown to provide signifi-

cantly smaller Root-Mean-Squared-Prediction Errors (RMSPE) for short term prediction

horizons of 1 and 2 minutes than the benchmark specifications.

In a similar forecasting setup we investigate the influence of past price changes on two

aggregated and on eight transaction category specific order flow measures. We essentially

find that the trading behavior of our investors is affected by past currency price changes

and evidence for the existence of a monitoring effect stating that investors interpret price

information different for opening and closing decisions. This has several consequences for

theoretical market microstructure models in which investors are assumed to place market

and limit orders irrespectively of their current investment status. Furthermore, we find

slight indication that stop-loss orders contribute to self-reinforcing price movements while

take-profit orders impede them.

Chapter 2 develops a panel survival approach for the analysis of investors’ trading behavior

and the disposition effect in the foreign exchange market. Time is the central element in

our model, which we use to analyze individual trading behavior and to investigate certain

behavioral finance theories. The primary focus lies in the detailed characterization of

the shape of the disposition effect (the tendency to hold loss-making positions longer

than corresponding profit-making ones) over the complete profit and loss region, the links

between the disposition effect and special limit orders, investors’ past trading success and

complex trading behavior. Furthermore, the analysis addresses the varying intensity of

the disposition effect for different sizes and experience levels of investors.
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A flexible mixed proportional hazard specification is suggested as a method for capturing

the dynamics associated with the duration of roundtrip investment and inactivity periods.

Roundtrip durations are defined as the time elapsed between the entry into an investment

in a currency pair and exiting that investment, whereas inactivity durations are defined

as time between two roundtrips.

The main findings in this study are that i) the disposition effect reveals a non-linear pat-

tern over the size of the respective profit or loss. For small profits and losses we find an

inverted disposition effect, and for larger profits and losses the usual positive disposition

effect prevails. ii) The inverted disposition effect is driven by patient and cautious investors

closing their positions with special limit orders (take-profit and stop-loss), whereas the

disposition effect is found to be intensified for impatient investors closing their positions

actively with market orders. iii) In addition, we also find that unsuccessful investors reveal

a stronger inverse disposition effect. iv) Evidence for the tendency that bigger investors

are less prone to the disposition effect than smaller ones is provided. v) We find indication

that investors relying on complex trading strategies are less affected by the disposition

effect. Furthermore, we observe that estimated baseline intensities reveal several local

minima and maxima reflecting certain preferences concerning transaction times. We also

find a clustering pattern in the lengths of roundtrip and inactivity periods.

Chapter 3 is a joint paper with Valeri Voev focusing on the detailed characterization of in-

dividual trading dynamics within a panel intensity framework. The approach is innovative

in its inclusion of a latent factor responsible for capturing time-varying hidden correlation

structures, not accounted for by observable variables. The intensity-based framework is

suggested since it is very well suited for characterizing the impact of time-varying covari-

ates on the underlying processes. We analyze the trading behavior of different groups

of investors, categorized according to their total investment turnover. The beauty of the

methodology is that the time dimension is considered to be the central element, allowing

us to draw immediate conclusions with respect to behavioral biases (such as the disposition

effect) and their influence on the timing of investment decisions. The standard disposition

effect is found to be complemented by the impact of total portfolio performance on the

length of investment periods. In addition to new insights into the nature of the disposition

effect, the model provides further detailed insights into investors’ overconfidence, which

we find to lead to the clustering of trades and to longer holding periods.



Chapter 1

Customer Trading in the Foreign

Exchange Market: Empirical

Evidence from an Internet Trading

Platform

1.1 Introduction

This paper analyzes the inter-temporal relationship between currency price changes and

their expectations on intra-day frequencies. Currency price change expectations are ap-

proximated through different order flow measures reflecting the trading behavior of market

participants. The information content of price change expectations is evaluated for the

prediction of future currency price changes and the influence of historical prices changes

on trading decisions is investigated.

The way information and expectations are aggregated by order flow is central to under-

standing the microstructure of the highly decentralized foreign exchange (FX) market.

Information concerning the interpretation of specific news events, risk preferences, hedg-

ing demands, central bank interventions, and most importantly, private information are

widely dispersed and disaggregated among agents. Traditionally, order flow measures have

been used to aggregate this dispersed information into one single figure, meant to help in

explaining and predicting future price changes.

Most of the existing studies (e.g., Evans & Lyons (2002a,b, 2005, 2006), Rime (2003) and

10



Customer Trading in the Foreign Exchange Market 11

Dańıelsson, Payne & Luo (2002)) focus on agents in the interbank market and consider

the relationship between prices and order flow obtained either from direct (e.g., Reuters

Dealing 2000-1) or brokeraged (e.g., Reuters Dealing 2000-2, EBS) interdealer trading.

The studies of Osler (2005) and Marsh & O’Rourke (2004) use a dataset of customer

trades collected by the Royal Bank of Scotland. They investigate how customer-trading-

order-flow, which is the primary source of private information for a player in the interbank

market, is related to currency prices.

In these studies order flow is usually measured by the standard net order flow measure

of Lyons (1995), who suggests aggregating all the dispersed information into one single

measure: the difference between the number of buyer- and seller-initiated trades for a

given sampling frequency. The studies by Dańıelsson et al. (2002) and Evans & Lyons

(2005, 2006) underpin the central role of order flow in explaining exchange rate dynamics.

Dańıelsson et al. (2002) provide evidence that on intra-day aggregation levels, exchange

rates are out-of-sample predictable. They propose simple models which outperform ran-

dom walk forecasts using additional information on order flow and refute the findings of

Meese & Rogoff (1983a,b). Similar results are achieved by Evans & Lyons (2005, 2006)

for forecasting horizons ranging between 1 day and 1 month.

Our analyses, in contrast, are based on a customer dataset from a FX internet trading

platform, OANDA FXTrade, which contains detailed information on traders’ character-

istics and currency positions. Those traders are mainly retail investors usually without

access to private information such as observations of own customer order flow. Therefore,

we investigate first whether their price expectations and their trading behavior are useful

for predicting future currency prices. This approach can be justified by recognizing that

for OANDA FXTrade itself, the actions of their customers (traders) create valuable pri-

vate information, which can be incorporated into OANDA FXTrades’ hedging and trading

strategies on the primary market. Furthermore, even in the absence of private information

(customer order flow) in the group of OANDA FXTrade traders, this group forms expec-

tations based on different information sources (e.g., technical analysis, public news) and

individual trading experience, which might in its aggregate and/or appropriately extracted

form be helpful in explaining future currency price changes.

Second, we analyze whether and how the OANDA FXTrade investors are influenced by

past currency prices. Considering the literature on market microstructure and behavioral

finance, we derive four hypotheses about the relationship between price changes and order
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flow. Among others, we analyze i) whether stop-loss orders contribute to self-reinforcing

price movements and whether take-profit orders impede them (Osler (2005)); and, ii)

whether investors watch the price process more closely for de-investment than for invest-

ment decisions (monitoring effect).

The validity of our hypotheses is investigated with forecasting studies and out-of-sample

prediction criteria. Applying the modified Diebold-Mariano test of Harvey, Leybourne &

Newbold (1997), we test whether forecasting models for intra-day price changes (order

flow) incorporating additional information on order flow (price changes) provide better

forecasts than corresponding benchmark models, which contain information on historical

prices changes (order flow) only. We use, in addition to Dańıelsson et al. (2002), who

apply random walk models as benchmark specifications, also AR(p) models as benchmark

specifications, since on intra-day frequencies price change processes and order flow pro-

cesses are subject to specific intraday clustering schemes, such as bid-ask bounce (Roll

(1984)) and feedback trading effects.

A further reason for concentrating on the analysis and the development of models for the

investigation of customer trading activity datasets, such as that from OANDA FXTrade,

is that customers essentially have two possibilities for trading: either by trading with a

dealer-bank or by trading via an electronic (internet) platform. As pointed out by Lyons

(2002), there has been a recent shift in the interdealer market from direct trading towards

electronic brokerage trading. One argument explaining this shift is that there is more

transparency on electronic brokerage systems. In the customer market segment, one can

expect the same shift from dealer-bank trading towards internet platform trading, since

these platforms are also more transparent and try to offer small (interbank) spreads to all

of their customers independently of their transaction volume.

The paper is organized as follows: In Section 1.2, we briefly describe the foreign exchange

market. Section 1.3 explains in detail the trading mechanism and the different order types

on the OANDA FXTrade platform. Section 1.4 describes the dataset. We motivate our

empirical study and we formulate the economic hypotheses in Section 1.5. Section 1.6

presents the empirical results and verification of the hypotheses, while Section 1.7 con-

cludes.
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1.2 A Brief Description of the FX Market

The FX-market is generally characterized by a high degree of decentralization, low-

transparency, and 24h trading. According to the Triennial Bank for International Settle-

ments’ (BIS) Report (2004), the nine most active trading centers during 2004 in the FX

spot market were London (31.3%), New York (19.2%), Tokyo (8.3%), Singapore (5.2%),

Frankfurt (4.9%), Hong Kong (4.2%), Sydney (3.4%), Zürich (3.3%), and Paris (2.7%)

accounting for a total turnover of 82.5%. The three most actively traded currency pairs

were USD/EUR (28%), USD/JPY (17%), and USD/GBP (14%). In 2004, the total

average daily turnover amounted to $1,773 bn, which was divided into spot (35%), for-

ward (12%), and swap (53%) markets. In the FX market one can distinguish between

four groups of agents: first, dealer-banks (accounting for 48% of FX spot market trad-

ing); second, financial institutions without access to the interbank market (34%); third,

non-financial customers (17%); and fourth, retail investors for which no reliable share of

the total turnover in the FX market is available. The trading between these four groups

has been traditionally divided into two categories: customer-to-dealerbank trading, where

members of the last three groups trade with dealer banks, that offer bid-ask spreads, which

are mainly driven by order handling costs (the smaller and the more unconventional the

order, the higher the bid-ask spread); and dealer-to-dealer trading, where members of the

first group trade with each other in the so-called interbank market. Trading between the

members of the last three groups (direct trading) is very rare or nonexisting. However,

due to a shift from traditional bi-lateral to electronic trading and to a growing number

of internet trading platforms offering small (close or equal to interbank) bid-ask spreads

independently of the trade size to attract customers, trading for members of the last three

groups on internet trading platforms has become more and more attractive. The market of

internet trading platforms is divided into two groups: a) platforms which are established

by banks or consortiums of banks, such as FXConnect or Currenex, and b) non-bank

trading platforms such as Deal4Free or OANDA FXTrade, the latter being the source

of our dataset. Usually, these internet trading platforms are at least partially organized

as so called crossing networks, since there is too little trading for an arbitrage free price

discovery to be maintained. Bid and ask quotes of crossing networks are either based com-

pletely or in addition to own limit order book information on other trading channels, e.g.,

electronic brokers like Reuters Dealing 3000 or EBS. The quoted prices are then either

a simple put through of the external data-feed or forecasted prices based on the recent
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history of the data-feed. Besides offering interbank spreads, internet trading platforms

have the advantage that, depending on the platform, customers may have (limited) access

to the limit order book and the recent history of the trades and quotes. Therefore, there

is more transparency than in direct bi-lateral customer-to-dealerbank trading.1

1.3 OANDA FXTrade in Detail

OANDA FXTrade is a fully virtual marketplace for trading currencies via the internet,

without limits on the trade size, and with 24 hours trading time 7 days per week. This

platform is a market making system that executes orders using the exchange rate prevalent

in the market determined either by their own limit order book or by predicted prices

relying on a proprietary forecasting algorithm based on an external data-feed. OANDA

FXTrade offers immediate settlement of trades and tight spreads as low as 2 to 3 pips on

all transaction sizes.

Given various boundary conditions, as for example sufficient margin requirements, orders

are always executed. The OANDA FXTrade platform is based on the concept of mar-

gin trading. This means that a trader can enter into positions larger than his available

funds. The platform requires a minimum initial margin of 2% on positions in the major

currency pairs and 4% in all other currency pairs, which correspond to a leverage2 of 50:1

and 25:1 respectively. In other words, for each dollar margin available the trader can

make a 50 (25) dollar trade. The trader receives a margin call when the net asset value

(i.e., the current value of all open positions plus the value of the remaining deposited

funds) becomes half the margin requirement. Thus, if the trader does not have suffi-

cient margin to cover twice the losses on an open position, a margin call order is used to

close automatically all open positions using the prevalent market rates at the current time.

Market orders (buy or sell) are executed immediately and affect existing open positions.

Limit orders are maintained in the system for up to one month. The server manages the

limit order book, the current exchange rates, and the current market orders to match

existing limit orders. The limit order can therefore be matched either against a market

order, or against a bid or an ask price obtained from the external data-feed. The le-

1For a more detailed description of the FX market we refer the reader to Lyons (2001) and Rime (2003).
2A leverage of 50:1 is the maximum offered by OANDA FXTrade.
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gal counterparty of a trade, however, is always OANDA FXTrade. Stop-loss orders and

take-profit orders are special limit orders in the sense that they can be set for existing

open positions. They can be specified directly while entering a market or a limit order,

but they can also be specified later for existing open positions. Stop-loss and take-profit

orders are automatically erased from the system whenever a position is closed as a result

of further trading activity. Take-profit (TP) orders are typically set to close an existing

position after a certain profit has been realized. Stop-loss (SL) orders, in contrast, specify

that the position should be closed after the realization of a certain loss to avoid further

losses. Table 1.1 provides an overview of the transactions and further activities of traders

on OANDA FXTrade, which are recorded in an activity record file.

Buy/Sell∗ market open
(close)

Immediately executed to open or close a position in
a specific currency pair.

Buy/Sell limit order The trader posted a buy or sell limit order to the
system, which is then pending.

Buy/Sell limit order exe-
cuted open (close)

Pending limit order is executed to open or close a
certain position.

Buy/Sell take-profit close Closes an open position by buying or selling the cur-
rency pair when the exchange rate reaches a prede-
termined level, in order to make a profit.

Buy/Sell stop-loss close Closes an open position by buying or selling the cur-
rency pair when the exchange rate reaches a prede-
termined level in order to avoid further losses.

Buy/Sell margin call close Closes automatically all open positions using the cur-
rent market rates. This happens if the trader does
not have sufficient margin to cover two times the
losses of all open positions.

Change order Change of a pending limit order (limits for take-profit
or stop-loss, the value of the upper or lower bounds,
the quote as well as the number of units).

Change stop-loss or take
profit on open trade

Change stop-loss or take-profit limit on an open po-
sition.

Cancel order by hand Cancel a pending limit order by hand.
Cancel order: insufficient
funds

Automatically recorded when the trader does not
have enough funds to open a new position.

Cancel order: bound viola-
tion

Market order or limit order is cancelled because the
applied exchange rate is not located inside the spec-
ified bounds.

Order expired A pending limit order is expired.

Table 1.1: Activity record entries of OANDA FXTrade.
∗On the OANDA FXTrade platform, buying EUR/USD means that one buys the base currency
(EUR) and sells the quote currency (USD), whereas selling EUR/USD means that one sells
the base currency (EUR) and buys the quote currency (USD). Recorded units always refer to
the base currency.
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1.4 Description of the Dataset

The dataset that is used in our analysis is constructed from the trading activity record

of OANDA FXTrade from 1st October 2003 to 14th May 2004 (227 days). This record

contains the complete trading activities for 30 currency pairs on a second by second basis

and allows us to distinguish between the transaction types listed in Table 1.1. In addition,

depending on the order type, we receive information on transaction prices (market orders,

limit orders executed, stop-loss, take profit, margin call), bid and ask quotes (limit orders

pending), adjoint transaction units, and the limits of stop-loss and take-profit orders.

In our analysis we focus on the most actively traded currency pair EUR/USD, which ac-

counted for nearly 39 % of all records with an average interrecord-duration of 8.5 seconds.

Table 1.2 contains the descriptive statistics for the dataset and the transaction volumes

for the separate order categories. All figures are daily averages computed over the whole

dataset containing 227 days. The average number of different traders per day amounts to

744 for the EUR/USD currency pair.



Trading Volume in EUR per DayTransaction Record % Obs
Total Mean Min 5% Quan. 25% Quan. 50% Quan. 75% Quan. 95% Quan. Max

Buy market (open) 13.10 1322 37930860 25854 82 113 515 2065 9240 85854 2220414
Sell market (open) 10.61 1072 30816226 27218 44 89 592 2138 9861 96214 1759412
Buy market (close) 8.27 835 25074760 27468 163 201 672 2326 9553 95940 1630034
Sell market (close) 10.27 1037 31839764 29534 29 66 564 2164 10063 97248 1930846
Limit order: Buy 5.41 546 14041270 28876 24 63 549 2053 9469 95436 1934417
Limit order: Sell 4.76 482 11080825 34283 237 267 515 1662 7509 117914 1511133
Buy limit order executed (open) 3.22 325 5416146 17484 41 79 422 1410 6267 67127 735479
Sell limit order executed (open) 2.92 295 3231307 10554 58 84 242 824 3652 34607 584303
Buy limit order executed (close) 0.46 46 1382690 32718 4800 4824 5313 7020 17994 80426 506182
Sell limit order executed (close) 0.46 46 1470630 32287 407 436 927 3440 16816 93447 452512
Buy take-profit (close) 3.14 317 2918779 9779 144 170 310 704 2724 30314 583296
Sell take-profit (close) 3.49 352 4404025 12857 61 75 256 796 3960 43028 820876
Buy stop-loss (close) 2.18 220 4488496 16433 126 175 667 2535 9837 70968 513989
Sell stop-loss (close) 2.55 258 5309807 16667 23 59 503 2255 9424 66743 650061
Buy margin call (close) 0.12 12 166375 7263 1006 1010 1185 1817 3718 14211 71133
Sell margin call (close) 0.17 17 275282 6381 1369 1372 1440 2351 4409 17266 77231
Change order 3.01 305 13898910 49771 105 203 1295 4888 18181 162927 1622712
Change stop-loss or take-profit 22.36 2260 60965013 26748 10 79 867 3694 14163 95983 1703030
Cancel by hand 2.41 243 10043949 42295 211 272 1031 4186 16003 148571 1662224
Cancel: insufficient funds 0.28 28 2439586 67905 4938 4953 5431 7354 66280 186280 622650
Cancel bound violation 0.20 20 195118 14803 571 571 627 2650 6860 29909 98308
Order expired 0.65 66 1063061 19942 44 54 443 1682 7204 68648 355982

Table 1.2: Descriptive statistics of the OANDA FXTrade trading activity dataset for the EUR/USD currency pair. All numbers
are daily averages and all transaction volume statistics are denominated in EUR.
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Using only price determining orders (market orders, limit orders, limit orders executed,

stop-loss, take profit, margin call), we construct from this dataset equidistant EUR/USD

price series for 12 frequencies (1 min, 2 min, 5 min, 10 min, 15 min, 20 min, 25 min, 30

min, 45 min, 1 hour, 2 hours, 4 hours). Throughout the paper, we refer to these price series

as the OANDA prices series. In addition from a series of mid-quotes from the interbank

market (available on an 1 minute aggregation level), we construct the corresponding price

series for the remaining 11 frequencies. The mid-quotes from the interbank market are

provided by Olsen Financial Technologies and represent tradeable quotes stemming from

different electronic brokerage systems including Reuters Dealing 3000 and EBS. These

mid-quote series do not coincide with the bid and ask quotes on OANDA FXTrade. The

bid and ask quotes on OANDA FXTrade are generated by an proprietary forecasting al-

gorithm based on an external data-feed which also includes tradeable quotes from Reuters

Dealing 3000 and EBS.

1.5 Motivation and Economic Hypotheses

In the economic literature, an everlasting, extensively studied topic is the relationship

between expectations and price formations. The literature can be traced back to the sem-

inal works of Muth (1961), Mills (1962), and Nerlove (1958), where theories of rational,

implicit, and adaptive expectations are introduced. Empirical verification of these hy-

potheses faces the significant challenge of reliably measuring expectations. For example,

in the analyses of firm and expert surveys (e.g., Carlson & Parkin (1975), Nerlove (1983)

and Pesaran (1987)), survey responses serve as a proxy for participants’ expectations for

the future development of macroeconomic or financial price series. In addition to the

information contained in the history of the underlying series itself, the responses, usually

in aggregated form, are used to predict the underlying series for a medium term time

horizon (few months). The information obtained from the survey is treated, in that sense,

as private or insider information which should yield an improved forecastability of the

underlying series.

For the short term prediction (up to one day) of asset price series (e.g., stocks, exchange

rates and commodities), a different methodology can be applied to measure the expec-

tations of the market participants, which can then be regarded as insider information

as well. The only assumption which is required is that market participants reveal their
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expectations through their trading behavior. Hence, market participants’ order flow can

be regarded as information on their conditional expectations of future asset price devel-

opments. One theoretical foundation is given in the portfolio allocation model of Evans

& Lyons (2002a,b), where exchange rate movements are explained by changes of previous

customer order flow, which in turn represent changes in an underlying portfolio. In their

model, there are two different markets: the customer-dealer market and the dealer-dealer

(interbank) market. Dealers trading in the interbank market learn about order flow in

the customer-dealer market and this customer order flow aids in predicting currency price

changes and order flow in the interbank market. Another theoretical foundation can be

based on the argument of Sarno & Taylor (2001), who consider order flow as a proxy for

macroeconomic fundamentals. Thus, changes in currency prices are driven by changes in

macroeconomic variables, which are revealed to market participants in the form, for exam-

ple, of news announcements. Both models require that the market participants interpret

information, either on portfolio changes or on changes of macroeconomic fundamentals,

in the correct way, that they adjust their expectations for future prices in light of this

information, and they therefore place their orders accordingly. The forecasting studies of

Dańıelsson et al. (2002) and Evans & Lyons (2005, 2006) show that exchange rates are,

contrary to Meese & Rogoff (1983a,b), out-of-sample predictable and outperform random

walk forecasts using additional information on order flow. The multi-facetted literature

on inventory and/or asymmetric information based models for security markets (Demsetz

(1968), Ho & Stoll (1981), Kyle (1985), Foster & Viswanathan (1990), Easley & O‘Hara

(1992), Biais, Hillion & Spatt (1995), Hansch, Naik & Viswanathan (1998)) provides fur-

ther theoretical support for the proposition that (bid and ask) prices can be explained

by previous order flow. The common idea in virtually all market microstructure models,

including those mentioned above, is that market participants react to previous actions

(order flow) of other market participants resulting in impacts on current or future prices.

In a pure inventory model based market, market makers adjust bid and ask prices ac-

cording to their current inventory, which is naturally a consequence of orders executed

previously. In a fully electronic order book market without market makers, traders react

to actions of other traders, which are usually displayed to them (partially) through the

limit order book. At the end of the day, in all of these models, the key determinant, which

finally decides on the success or failure of the model is that expectations are interpreted,

measured, and modelled appropriately.
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Our analysis is concentrated on data from the FX market. Therein we further focus on

a very special segment, namely an internet trading platform, OANDA FXTrade, where

most of the traders are retail investors or members of the group of non-financial customers.

Most of the research on order flow and currencies focuses on the interbank market (e.g.,

Bjønnes & Rime (2005), Evans & Lyons (2002a,b, 2005, 2006), Payne (2003)) and the

papers by Marsh & O’Rourke (2004) and Osler (2005) deal with customer orders observed

by the Royal Bank of Scotland (dealer bank). To our knowledge there has been no analysis

of customer data obtained from an internet trading platform, as of yet.

In the FX market customer order flow (trading between a dealer bank and their non-

interbank market customers) is the most fruitful source of private information for a dealer

bank. Their customers are usually large companies, commercial banks, security houses,

mutual funds, hedge funds, and insurance companies, who want to settle transactions

of sizes which are often several times higher than the standardized order sizes in the

interbank market. In line with the portfolio allocation model of Evans & Lyons (2002a,b),

these customer orders are the primary source of identifying dispersed information and

they consequently induce interdealer orders (e.g., “hot potato” trading, inventory control)

that affect the currency price.

On the one hand, one can therefore argue that order flow from our internet trading

platform does not contain any helpful information for predicting future prices, since our

traders submit only orders of small size, which do not affect the interdealer market. Stated

differently, traders on our internet trading platform are noise traders.

On the other hand, even the OANDA FXTrade investors form expectations on the fu-

ture development of currency prices which they reveal through their trading activity and

which represents private information for OANDA FXTrade itself. Based on this private

information OANDA FXTrade can trade on his own account in the interdealer market

and transfer information from the OANDA FXTrade investors to that market. It is, how-

ever, more important that OANDA FXTrade collects its customer orders, which expose

OANDA FXTrade to inventory risks, which are hedged with associated orders in the inter-

bank market. Through this channel, the aggregated information on the OANDA FXTrade

investors’ price expectations is also transmitted to the interdealer market and its price

process. For these reasons, one can assume that order flow from our internet trading

platform does contain information that is helpful for predicting future prices. Therefore
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we can derive our first hypothesis:

Hypothesis H1:

Information from the order flow on OANDA FXTrade is helpful in predicting future cur-

rency prices.

In the empirical verification of this hypothesis an important question arises: how should

order flow be measured exactly? Lyons (1995) introduces the standard definition of an

aggregated net order flow measure as the difference between buyer initiated and seller

initiated trades (within a given period), or stated differently, as the cumulative sum of

signed orders where buyer initiated and seller initiated orders receive positive and negative

signs, respectively. Focusing on the initiating party of a trade, this definition aims to

capture very recent changes in the expectations of future prices that may arise due to

new (private) information. For example, an executed buy limit order is treated as a

seller initiated trade since it has to be merged with a sell market order. Therefore the

expectation of the seller is treated as being more important than the expectation of the

buyer, who might not have the latest information. This standard order flow measure is

very well suited to predicting future prices when the interbank market is considered, as

demonstrated by Dańıelsson et al. (2002).

Let us now consider trades on OANDA FXTrade where bid and ask prices depend on an

external data-feed. A buy limit order (bid) is therefore usually matched against the ask

price of OANDA FXTrade, which is a function of the quotes in the interbank market.

For the simplicity of argument let us assume that quotes from the primary market are

put through one-to-one to OANDA FXTrade, so that the ask price process on OANDA

FXTrade is the same as the one on the interbank market. The lower ask price (crossing

limit sell order at the best ask) being matched against the OANDA buy limit order is

therefore generated by selling pressure in the primary market shortly before, for example

by a large sell market order, consuming the previous best bids in the interbank market

and causing also an adjustment of the ask quotes to lower prices. Thus, measuring order

flow on OANDA FXTrade with the standard net order flow measure yields a mixture

of price expectations from traders on OANDA FXTrade (mainly through market orders)

and price expectations from the interbank market (mainly through executed limit orders).
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An alternative to the standard net order flow measure is to consider a measure that tries to

solely aggregate the price expectations on OANDA FXTrade. In Table 1.3, we summarize

definitions of the standard and the alternative order flow measures, which we denote

as “OANDA order flow” measure. Therein, we list the different entries of the OANDA

FXTrade activity record in column one, the signs for the standard order flow in column

two, and the signs for the OANDA order flow measure in column three. Buy market

orders, irrespective of whether they are submitted to open or close a position, get positive

signs in both order flow measures since the traders on OANDA FXTrade initiate these

trades or believe that the price will go up. Correspondingly, the symmetric sell market

orders receive negative signs.

In the standard order flow measure, submitted (pending) limit orders are not considered,

since they are not yet executed, which means that there is not yet an initiating party. They

are, however, taken into account in the OANDA order flow measure since the trader, who

submits a limit order, expresses his beliefs that the price will go up (buy, positive sign)

or down (sell, negative sign).

Executed buy limit orders are treated as seller initiated in the standard order flow measure

(see the discussion above) and are thus assigned negative signs, whereas they receive

positive signs in the OANDA order flow measure, since the submitter still believes that

the price will increase. Otherwise he would have cancelled the order before execution.

Executed sell limit orders are treated analogously. For the OANDA order flow measure

limit orders are counted twice, once at their submission time and once at their execution

time. Nevertheless, since they are usually counted at two different time points this does

not create a problem, because we still measure beliefs of the investors that might have

been revised during the corresponding period.

Buy take-profit orders (close) are buy limit orders that receive negative signs in the stan-

dard order flow measure. In the OANDA order flow measure, they get positive signs,

because the trader believes that the price will further fall. A buy take-profit order (close)

can only be executed if the trader has a short position in a currency pair (short position

in the base currency). Sell take-profit orders receive the symmetric signs.

Buy stop-loss orders (close) get negative signs in both measures. In the standard order

flow measure the explanation is that it is a special buy limit order. In the OANDA order

flow measure the explanation is that the trader believes that the price will further fall.

Again, sell stop-loss orders are treated analogously. Buy margin call orders (close) are
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not used in the standard order flow measure. On the one hand, one can argue that they

should get positive signs since they are buy market orders. On the other hand, one can

argue that they are not motivated by new information and that by the price process of the

primary market the traders are proven to have wrong expectations on the price. Therefore

they should receive negative signs. At any rate, due to their scarce occurrence3 (0.12%

and 0.17%) they do not play an important role. In the OANDA order flow measure they

are counted, since although the traders are proven to have wrong expectations about the

price, they still believe that the price will go down (up) in the case of a buy (sell) margin

call order. Given these two order flow measures, we can refine Hypothesis H1 with respect

to the measuring of the order flow:

Hypothesis H1.1:

Order flow measuring price expectations from the interbank market and OANDA FX-

Trade (standard order flow measure) is helpful in predicting future currency prices.

Hypothesis H1.2:

Order flow measuring price expectations from OANDA FXTrade solely (OANDA order

flow measure) is helpful in predicting future currency prices.

We verify these hypotheses by testing the in-sample and the out-of-sample forecasting

performance of the following regressions:

∆yh
t = c + βx1x

k
t−1 + βy1∆yh

t−1 + . . . + βxpx
k
t−p + βyp∆yh

t−p + εt,

where ∆yh
t denotes the currency price change from t − 1 to t, xk

t the value of the order

flow measure at t, and εt the error term. p defines the number of lags used in the regres-

sion. k ∈ {SOF, OOF} denotes for xk
t whether the standard order flow measure, using

information from the interbank market (k = SOF), or the OANDA order flow measure,

using information solely from OANDA FXTrade (k = OOF), is used. For the price change

∆yh
t , h distinguishes whether price changes from the interbank market (h = IP) or price

changes from OANDA FXTrade (h = OP) are used.

3See Table 1.2.



Customer Trading in the Foreign Exchange Market 24

Standard Order OANDA OrderTransaction Record
Flow Signs Flow Signs

Buy market (open) + +
Sell market (open) - -
Buy market (close) + +
Sell market (close) - -
Limit order: Buy not used +
Limit order: Sell not used -
Buy limit order executed (open) - +
Sell limit order executed (open) + -
Buy limit order executed (close) - +
Sell limit order executed (close) + -
Buy take-profit (close) - +
Sell take-profit (close) + -
Buy stop-loss (close) - -
Sell stop-loss (close) + +
Buy margin call (close) not used -
Sell margin call (close) not used +
Change order not used not used
Change stop-loss or take-profit not used not used
Cancel order by hand not used not used
Cancel order: insufficient funds not used not used
Cancel order: bound violation not used not used
Order expired not used not used

Table 1.3: Col. 1 states the record entries, col. 2 contains the signs for
the construction of the standard net order flow measure and col. 3 contains
the signs for the construction of the OANDA order flow measure.

In order to provide a comparative basis, we also investigate the performance of a purely

data driven order flow measure which is not based on any theoretical motivation of how

expectations of future prices should be measured. Since in both order flow measures above

buy and sell orders are treated symmetrically (opposite signs), we compute the change of

the order flow for every transaction category. For example, we compute the order flow

of the market order (open) category as the difference between the number of buy market

orders (open) and sell market orders (open) over the sampling period. Thus we obtain

eight category specific order flow measures which are summarized in Table 1.4.

Category Description

1 Limit orders

2 Limit orders executed (open)

3 Limit orders executed (close)

4 Market orders (open)

5 Market orders (close)

6 Stop-loss orders (close)

7 Take-profit orders (close)

8 Margin call orders (close)

Table 1.4: Col. 1 states the number of the cate-
gory and col. 2 gives the category description.
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The corresponding regression takes the following form:

∆yh
t = c +

8
∑

k=1

βk1x
k
t−1 + βy1∆yh

t−1 + . . . +

8
∑

k=1

βkpx
k
t−p + βyp∆yh

t−p + εt,

where xk
t denotes the order flow in the associated category k = {1, . . . , 8} at time t. Again

∆yh
t with h ∈ {IP, OP} denotes the interbank or the OANDA FXTrade price change and

p the selected number of lags.

With the hypotheses derived above, the causal relationship from order flow to price

changes is investigated. The survey study of Taylor & Allen (1992), however, shows

that at least 90% of the London based dealers rely, in addition to private and fundamen-

tal information, on information from technical analyses to design their trading strategies.

This is a typical example of price changes or certain patterns in the price process causing

reactions of market participants, and thereby order flow. Another example of causality

from prices to order flow is the study by Osler (2005), in which it is analyzed whether

executions of special limit orders (stop-loss and take-profit) contribute to self-reinforcing

price movements. The idea behind this investigation is that there are local downward or

upward trends in the price process, which are accelerated by the execution of stop-loss

orders, which generate positive feedback trading, and are decelerated by the execution of

take-profit orders, which generate negative feedback trading. For the illustration of the

argument, let us assume that the price is decreasing, which in the first case may cause

an execution of a sell stop-loss order and induces further selling pressure, which leads to

further executions of sell stop-loss orders. Thus, we get an accelerated downward moving

price process (price cascades). In the second case, a downward moving price may cause

an execution of a buy take-profit order, which does not induce further selling pressure

and therefore neither execution further stop-loss nor take-profit orders, which yields a

decelerated downward movement or even an upward moving price process.

The OANDA FXTrade activity dataset is well suited for use in investigating how traders

react to specific patterns in the price process. In light of the order flow measures intro-

duced above, we can analyze whether information on price changes is helpful in predicting

future order flow, which forms the basis of our second hypothesis:
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Hypothesis H2:

The price process contains information that is helpful in predicting future order flow.

Again, we verify this hypothesis with respect to the price process obtained from the inter-

bank market and the price process obtained from OANDA FXTrade directly. Since the

traders on OANDA FXTrade are usually only affected by the FXTrade price process, we

expect that it should have more power in explaining future order flow than the interbank

price process. Moreover, we use the standard and the OANDA order flow measures, as

well as the category based order flows (Table 1.4), to investigate this hypothesis. By

considering the influence of the price processes on the category based order flows more

precisely, we can investigate whether we observe self-reinforcing price movements as re-

ported by Osler (2005) on OANDA FXTrade as well:

Hypothesis H3:

Executed stop-loss orders contribute to self-reinforcing price movements and executed

take-profit orders impede self-reinforcing price movements.

In investigating this hypothesis, two analyses are conducted with the help of category

based order flows: i) provided that hypothesis H3 is correct, then based on their own

histories, order flow in the stop-loss order category should lend itself more readily to

prediction than order flow in the take-profit order category, ii) if stop-loss orders induce

self-reinforcing price movements and take-profit orders do not, then (in addition to their

own histories) information on the price process itself should be more valuable for predicting

order flow of take-profit orders than for predicting order flow of stop-loss orders.

Furthermore, the category specific order flow measures allow insight into several aspects of

traders’ preference structure. Thereby, we are able to exploit the information of whether

trades are executed to open or close a certain position, which allows us to analyze the

existence of a monitoring effect. We claim that there is a monitoring effect in the sense

that traders react to information more quickly when they fear the loss of something –

which is certainly true when they already hold a position – than when they plan to take

a position. We thus formulate our last hypothesis:

Hypothesis H4:
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Traders tend to monitor the price process more closely when they already hold a position.

Provided that hypothesis H4 is true we should observe that the order flow in the (close)

categories is better predictable (based on the information contained in the price process)

than order flow in the (open) categories. Moreover, this effect should then be even

more pronounced for market orders than for limit orders since market orders are usually

submitted by active and impatient investors who trade for liquidity reasons and watch

the market more closely, whereas limit orders are submitted by passive traders who might

not monitor the market continuously (c.f. Glosten (1994) and Seppi (1997)).

1.6 Empirical Findings

1.6.1 Descriptive Analysis

In Figure 1.1 we show the diurnal seasonality function of the standard and the OANDA

order flow measures, computed using a Nadaraya-Watson kernel regression with a Gaus-

sian kernel and optimal bandwidth selection according to Silverman’s (1986) rule on a

10 minute aggregation level, where the time scale is measured in Eastern Standard Time

(EST). The first observation that should be made is that there is a kind of diurnal sea-

sonality pattern, which is much more pronounced for the OANDA order flow measure

than for the standard one. Both seasonality patterns, however, correspond to standard

market activity4: we observe a positive peak at 3 o’clock, when European traders enter

the market, and a negative peak around 5 o’clock for lunch time in Europe. We see a

strong upward recovery between 6-9 o’clock, which corresponds to afternoon trading in

Europe and the start of trading in the US. The decline after 9 o’clock can be explained by

European traders leaving the market successively and the positive peak around 11 o’clock

corresponds to the market phase in which the US traders are most active. The declining

trading activity of the US traders from 12 o’clock onwards results in a negative peak at

around 17 o’clock. The recovery of the trading activity thereafter, with a peak at 19

o’clock, is due to Asian investors entering the market. Keep in mind that we postulate

the same seasonality pattern for every weekday, because on a daily frequency we can only

analyze 163 observations.

4See Andersen & Bollerslev (1997) and Dacorogna, Gençay, Müller, Olsen & Pictet (2001).
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Standard Order Flow OANDA Order Flow

Figure 1.1: Diurnally seasonality in the standard (1st panel) and the refined (2nd panel) net
order flow measures, computed on a 10 minute aggregation level.

Figure 1.2 depicts the empirical bivariate autocorrelation functions for lags of up to 20

periods between price changes and order flow for a frequency of 1 minute.

There are four main panels, each divided into 2 by 2 subordinated panels. The upper left

main panel displays the (empirical bivariate) autocorrelation function of OANDA based

price changes and standard order flow; the upper right main panel displays the autocorre-

lation function of OANDA based price changes and the OANDA order flow measure; the

lower left main panel displays the autocorrelation function of interbank price changes and

standard order flow; and the lower right main panel displays the autocorrelation function

of interbank price changes and the OANDA order flow measure. For each main panel,

the upper left subordinated panel depicts the autocorrelation function of the particular

order flow measure and the lower right panel depicts the autocorrelation function for price

changes. For these two, we plot lag 1 through lag 20. The lower left subordinated panel

depicts the cross-correlation function of lagged order flow with price changes, and the

upper right panel depicts the cross-correlation function of lagged price changes with order

flow. For these two, we plot lag 0 through 19. The value at lag 0 is in both cross-panels

the same and represents the contemporaneous correlation between the particular order

flow and price changes.

The analysis of the bivariate autocorrelation functions sheds light on the dynamic inter-

action of the particular order flow and price change series and it enables us to verify some

of the hypothesis stated in the previous section from a descriptive point of view. The

following observations are noteworthly:

i) For both order flow measures we observe in the lower left subordinated panels significant

cross-correlation coefficients, which show that future (OANDA based and interbank) price
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changes are driven by current order flow supporting hypotheses H1, H1.1 and H1.2 in their

statements that order flow is helpful in predicting future currency prices. We observe that

only the first order cross-correlation coefficients are significantly positive between current

OANDA order flow and future price changes of both price series. In the case of current

standard order flow and future interbank price changes only the first order cross-correlation

coefficient is significantly positive again, whereas in the case of current standard order flow

and future OANDA based prices changes, the first three cross-correlation coefficients are

significantly different from zero. The positivity of the first order cross-correlation coeffi-

cients, however, is partially compensated by the negativity of the second and the third.

Note, in all four cases the first order cross-correlation coefficients are always positive but

higher when the interbank prices are involved instead of the OANDA prices.

ii) For both order flow measures we observe in the upper right subordinated panels signif-

icant cross-correlation coefficients, which show that future order flow is driven by current

price changes. This observation supports hypothesis H2 heuristically in stating that in-

vestors update their beliefs and place their orders based on past developments in the price

process. This effect, however, seems to be a short term effect, since the cross-correlation

coefficients between future order flow and current price changes are significant for only

up to 3 lags with the OANDA based prices, and up to 5 lags with the interbank prices.

Furthermore, the correlation coefficients for the standard order flow measure are larger

than those for the OANDA order flow measure. This implies that the standard order flow

measure has not only a higher contemporaneous correlation with price changes, but is also

influenced more severely by past price changes than the OANDA order flow.

iii) In the upper left subordinated panels, we observe the autocorrelation function of the

order flow measures themselves. For the standard order flow measure, we see a very clear

slowly declining pattern of the autocorrelation function, whereas for the OANDA order

flow measure, only the first, the third, the fourth and the twelfth autocorrelation coef-

ficients are significantly different from zero, generating an unsystematic pattern for the

autocorrelation function. Relating order flow to the process of price expectation updates,

we observe a persistent updating process when information from the interbank market is

incorporated (standard order flow) and a process with an irregular updating pattern in

the case where only the information from the OANDA market is used.
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iv) In the lower right subordinated panels, we observe the autocorrelation function of the

price changes themselves. The price changes are positively first order auto-correlated,

which is partially compensated by negative auto-correlation coefficients of order 2 to 5 for

the OANDA based price change series. Thus, we observe a kind of short term positive

feedback trading pattern for both price processes. Due to the fact that we consider mid-

quotes on a 1 minute frequency, we cannot observe the traditional bid-ask bounce effect.
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SOF vs. OP OOF vs. OP

SOF vs. IP OOF vs. IP

Figure 1.2: Empirical bivariate autocorrelation function of price changes and order flow for an
aggregation level of 1 minute. There are four main panels, each divided into 2 by 2 sub-panels.
The upper left main panel displays the (empirical bivariate) autocorrelation function of OANDA
based price changes (OP) and standard order flow (SOF), the upper right main panel displays the
autocorrelation function of OANDA based price changes and the OANDA order flow measure (OOF),
the lower left main panel displays the autocorrelation function of interbank price changes (IP) and
standard order flow, and the lower right main panel displays the autocorrelation function of interbank
price changes and the OANDA order flow measure. For each group, the upper left panel depicts the
autocorrelation function (lag: 1–20) of the particular order flow measure and the lower right panel
depicts the autocorrelation function (lag: 1–20) for price changes. The lower left panel depicts the
cross-correlation function (lag: 0–19) of lagged order flow with price changes, and the upper right
panel depicts the cross-correlation function (lag: 0–19) of lagged price changes with order flow. The
dotted lines mark the approximate 99% confidence bounds, computed as ±2.58√

T
, where T denotes the

particular number of observations.
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The descriptive analysis shows that the dynamic properties of the OANDA based price

series differ from those of the interbank price series. To gain a deeper understanding of

these differences we take a closer look at the relationship between these price series by

means of a bivariate vector error correction (VEC) model. This investigation is again based

on the price series sampled at a 1 minute frequency. Since the OANDA based price series

are transaction prices at quotes derived from an external data-feed from the interbank

market, we expect that our interbank price series and the OANDA based price series are

co-integrated. This hypothesis is verified with the Johansen (1991) Co-integration test

which indicates one co-integrating equation even at the 1% significance level. Since our

interbank price series is not the external data-feed interbank price series on which the

OANDA prices are based, we cannot expect to determine how the OANDA price series

is derived from the interbank price series. The VEC model can be formulated in the

following way: Let yt = (yOP
t , yIP

t )′ denote the vector of OANDA and interbank prices at

time t for t = 1, . . . , T . Let β = (βOP, βIP)′ with βOP = 1 denote the coefficient vector of

the co-integrating equation which is assumed to take the following form:

zt = c + β ′yt,

where zt denotes the co-integrating error and the associated VEC model is given by

∆yt = λzt−1 + Φp(L)∆yt−1 + εt,

with λ = (λOP, λIP)′ denoting the adjustment coefficients. Φp(L) denotes the lag-polynomial

of order p consisting of matrices Φ(i) =





φ
(i)
11 φ

(i)
12

φ
(i)
21 φ

(i)
22



 where i = 1, . . . , p. εt is assumed to

be an independent bivariate normally distributed error term process with zero mean. The

estimation results are summarized in Table 1.5, where the number of lags p = 6 are chosen

according to the Schwarz Information Criterion (SIC). The most important observation

that should be made is that both adjustment coefficients (λOP, λIP) are significantly dif-

ferent from zero and have opposite signs, implying that after a shock in the co-integrating

error zt, both price series respond to this shock such that they tend to return to their

equilibrium relationship. This means, from an economic point of view, that we do not

observe a lead-lag relationship between our two price series on a 1 minute aggregation

level, which might have been expected since the interbank data-feed might have caused
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the price process on OANDA FXTrade. The non-existence of a lead-lag relationship, how-

ever, can be explained by the fact that we compare price series on a 1 minute frequency,

in which the lead-lag structure might already be aggregated away since we do not know

how exactly and on which frequency the OANDA price process relies on the interbank

market data-feed.

Parameter Estimates Standard Deviation

c 0.00037 0.00011

βOP 1.0000

βIP -1.00031 0.00009

λ (-0.05284 0.035260 ) (0.00201 0.00175)

Φ(1)







−0.11204 0.30832

0.33177 −0.13975













0.00345 0.00384

0.00301 0.00335







Φ(2)







−0.18967 0.13512

0.11037 −0.14589













0.00371 0.00404

0.00323 0.00352







Φ(3)







−0.11552 0.10699

0.09116 −0.08426













0.00375 0.00407

0.00327 0.00355







Φ(4)







−0.08784 0.07205

0.05672 −0.05572













0.00370 0.00401

0.00323 0.00349







Φ(5)







−0.06554 0.05206

0.02927 −0.03138













0.00354 0.00384

0.00309 0.00335







Φ(6)







−0.03921 0.03255

0.01740 −0.00773













0.00319 0.00337

0.00278 0.00294







Table 1.5: Estimation Results of the VEC Model. The parameters
estimates for the co-integrating equation are given in the upper part
of the table and the parameters of the associated VEC model in the
lower part.

1.6.2 Testing the Economic Hypotheses

Although the descriptive analysis already provides insight into the dynamic relationship

between order flow and price changes, allowing for a first impression on the validity of

the hypotheses raised in Chapter 1.5, we investigate them now in detail with the help of

forecasting analyses.
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1.6.2.1 Effect of Order Flow on Price Changes

The hypotheses H1, H1.1 and H1.2, being concerned with the causality direction from

order flow to price changes are tested in the following way. We conduct a forecasting

study that investigates whether prices are more predictable when using information from

the order flow in addition to the information already contained in the history of the price

process itself as opposed to solely using the information contained in the history of the price

process (benchmark models). Based on these forecasting specifications, we compute Root-

Mean-Squared-Prediction-Errors (RMSPE) and analyze whether the models incorporating

information on order flow provide significantly better forecasts than the benchmark models

with the help of the modified Diebold-Mariano (mDM) test of Harvey et al. (1997). The

forecasting study is performed on 12 intra-day sampling frequencies stated in the first

column of Table 1.7. Since on an intra-day level, there exists a specific autoregressive

structure in the price change processes (as shown in the descriptive analysis) we decide

to use an AR(p) model, which should capture these effects in addition to a random-walk

specification (e.g., Dańıelsson et al. (2002)) as benchmark specifications. The random

walk specification is given by

∆yh
t = εt, (RW-h)

and the AR(p) specification takes the following form:

(

1 − By
p (L)

)

∆yh
t = c + εt, (AR-h)

where By
p (L) denotes the associated lag-polynomial specified as

By
p (L) = βy1L + . . . + βypL

p,

where εt is a white noise process. The forecasting study is implemented once for the

interbank price change process (h = IP) and once for the OANDA based price change

process (h = OP). The optimal lag length p is again chosen according to the SIC.

In order to verify whether order flow containing information on price expectations from

the interbank market and OANDA FXTrade is helpful in predicting future currency prices
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(H1.1) we use the following forecasting models:

(

1 − By
p(L)

)

∆yh
t = c + Bx

p (L)xSOF
t + εt, (SOF-h)

in which, in addition to the AR(p) benchmark model, the history of the standard order

flow measure (xSOF
t ) is included. Bx

p (L) denotes the corresponding lag-polynomial.

In order to verify whether order flow that contains information on price expectations solely

from OANDA FXTrade is helpful in predicting future currency prices, (H1.2), we use the

following forecasting model:

(

1 − By
p(L)

)

∆yh
t = c + Bx

p (L)xOOF
t + εt, (OOF-h)

in which, in addition to the AR(p) benchmark model, the history of the OANDA order flow

measure (xOOF
t ) is included. Furthermore, we use a more flexible forecasting specification

in which we include the order flows of the eight trading categories (xk
t , k = 1, . . . , 8)

separately:

(

1 − By
p(L)

)

∆yh
t = c +

8
∑

k=1

Bxk
p (L)xk

t + εt. (CAT-h)

The forecasting study is executed in the following way: Altogether we consider a period

of 32 weeks starting on Monday the 6th of October 2003 and ending on Friday the 14th of

May 2004. We divide these 32 weeks into 8 periods of 4 weeks each, where always the first

3 weeks are considered as the in-sample estimation periods and the last weeks are always

considered as the out-of-sample forecasting periods. Table 1.6 summarizes the setup of the

in- and out-of-sample periods. We choose this forecasting setup with alternating in-sample

and out-of-sample periods in order to guarantee robust forecasting results as compared to

studies with only one estimation and one forecasting period.
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Period In-Sample Out-of-Sample

1 Mo. 6. Oct. 2003 – Fr. 24. Oct. 2003 Mo. 27. Oct. 2003 – Fr. 31. Oct. 2003

2 Mo. 3. Nov. 2003 – Fr. 21. Nov. 2003 Mo. 24. Nov. 2003 – Fr. 28. Nov. 2003

3 Mo. 1. Dec. 2003 – Fr. 19. Dec. 2003 Mo. 22. Dec. 2003 – Fr. 26. Dec. 2003

4 Mo. 29. Dec. 2003 – Fr. 26. Jan. 2004 Mo. 19. Jan. 2004 – Fr. 23. Jan. 2004

5 Mo. 26. Jan. 2004 – Fr. 13. Feb. 2004 Mo. 16. Feb. 2004 – Fr. 20. Feb. 2004

6 Mo. 23. Feb. 2004 – Fr. 12. Mar. 2004 Mo. 15. Mar. 2004 – Fr. 19. Mar. 2004

7 Mo. 22. Mar. 2004 – Fr. 9. Apr. 2004 Mo. 12. Apr. 2004 – Fr. 19. Apr. 2004

8 Mo. 19. Apr. 2004 – Fr. 7. May 2004 Mo. 10. May 2004 – Fr. 14. May 2004

Table 1.6: In-sample and out-of-sample periods of the forecasting study.

The joint results over all 8 periods of the out-of-sample forecasting analysis are presented

in Table 1.7, whereas the results for the in-sample comparison are stated in the Appendix

in Table 1.11. The first cell entry in Table 1.7 as well as in Table 1.11 is the RMSPE

of the associated forecasting model. The second and third cell entries in parenthesis

are the p-values from the mDM test with the null hypothesis that the RMSPE of the

associated forecasting model is not smaller than the RMSPE of the corresponding Random

Walk or AR(p) benchmark model (RW, AR). P-values in bold correspond to those cases

where the RMSPE of the associated forecasting model is smaller than the RMSPE of the

corresponding benchmark model (RW, AR).

For the in-sample comparison (Table 1.11) we observe that on all frequencies all three

forecasting models (SOF-h, OOF-h, CAT-h) containing the different order flow measures

are able to beat both benchmark specifications (RW-h, AR-h) in terms of smaller RM-

SPEs (bold cell entries) for both price change series (h ∈ {OP,IP}). It is evident, that

comparatively the models which rely on the eight order flow categories separately (CAT-h)

provide always the smallest RMSPEs, which is for the in-sample study not surprising since

these models are the most flexible and thus provide the best fit. Considering the p-values

of the mDM-test reveals that these models outperform both benchmark models for both

price change series always on the 5% significance level. Second best is the forecasting

specification relying on the OANDA order flow measure (OOF-h) which outperforms the

RW benchmark model always on the 5% significance level (for both price change series)

and the AR benchmark models, with two exceptions for the interbank price change se-

ries, always on the 10% significance level. The specification with the standard order flow

measure (SOF-h) takes third place outperforming the RW benchmark model always on

the 10% significance level and the AR benchmark models for 6 out of 12 (7 out of 12)

frequencies for the OANDA based (interbank) price change series.
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The in-sample study shows that expectations of the market participants revealed through

the different order flow processes help to explain future currency price changes of up to

a frequency of four hours. Thereby, we observe that the data driven specifications which

rely on the category specific order flow measures, provide the best forecasts, followed by

the specification relying on the OANDA order flow measure and the specification based

on the standard order flow measure. Although, these observations suggest that the hy-

potheses H1, H1.1, and H1.2, concerning the prediction of future price changes may hold,

a reliable confirmation of the hypotheses can only be produced by the out-of-sample fore-

casting study, which is presented in Table 1.7.

Here, we observe in contrast to the in-sample results, that only the short term price

changes (up to 2 minutes) can be better predicted by the models containing (in addition

to the price change information) information on the order flow than by the benchmark

models containing solely information on the price change process. We observe that the

specifications based on the OANDA order flow measure (OOF-h) outperform both bench-

mark models (RW, AR) for both price change series (OANDA, interbank) on the 1%

significance level on the 1 minute and on the 5% significance level on the 2 minute fre-

quencies, and thus produce the best forecasting performance. The category order flow

based specification is able to beat both benchmark models only on the 1% significance

level on the 1 minute frequency for both price change series and thus takes the second

place. The worst forecasting performance is obtained by the models based on the stan-

dard order flow measure which outperforms the RW benchmark specification on the 1

minute frequency for both price change series on the 1% significance level, but the AR

benchmark specification only for the interbank price change series on the 5% significance

level. In light of these results we conclude that hypotheses H1, H1.1, and H1.2 cannot

be rejected, which means that order flow aggregates market participants’ expectations,

which are useful for predicting future price changes albeit only for short term frequencies

up to 2 minutes. The fact that not only the RW specifications but also the AR specifi-

cations, which rest on historical price change information, can be outperformed by our

forecasting models, which always nest the AR specifications, underpins the idea that the

information contained in the order flow series constitutes additional (private) information

which cannot be inferred from the price process itself. In particular, we observe that the

OANDA order flow measure is most beneficial.
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The results are qualitatively very robust to the choice of the in-sample estimation and

out-of-sample prediction periods and the same conclusions are achieved, when the results

are evaluated with respect to the eight separate forecasting setups presented in Table 1.6.

Moreover, the results are robust in that deseasonalized or non-deseasonalized order flow

measures are considered. In the analysis above, we always used non-deseasonalized order

flow measures.

Freq BM-OP SOF-OP OOF-OP CAT-OP BM-IP SOF-IP OOF-IP CAT-IP
1 min . 0.2165 0.2144 0.2145 . 0.1872 0.1857 0.1841
(RW) 0.2172 (0.0001) (0.0000) (0.0000) 0.1903 (0.0000) (0.0000) (0.0000)
(AR) 0.2166 (0.2723) (0.0000) (0.0000) 0.1875 (0.0386) (0.0000) (0.0000)
2 min . 0.3164 0.3158 0.3186 . 0.2888 0.2883 0.2909
(RW) 0.3166 (0.1347) (0.0003) (0.9107) 0.2889 (0.4292) (0.0125) (0.8898)
(AR) 0.3164 (0.5114) (0.0020) (0.9272) 0.2887 (0.7488) (0.0237) (0.9034)
5 min . 0.4827 0.4821 0.4841 . 0.4560 0.4558 0.4576
(RW) 0.4819 (0.8985) (0.5859) (0.8913) 0.4555 (0.8900) (0.7400) (0.9029)
(AR) 0.4826 (0.6182) (0.1284) (0.8379) 0.4562 (0.2589) (0.1910) (0.8359)

10 min . 0.6760 0.6760 0.6788 . 0.6552 0.6548 0.6587
(RW) 0.6746 (0.9566) (0.9190) (0.9783) 0.6533 (0.9937) (0.9752) (0.9967)
(AR) 0.6759 (0.6286) (0.5912) (0.9468) 0.6549 (0.7573) (0.3951) (0.9839)

15 min . 0.8344 0.8345 0.8390 . 0.8173 0.8178 0.8225
(RW) 0.8336 (0.8029) (0.7382) (0.9765) 0.8158 (0.9367) (0.9626) (0.9964)
(AR) 0.8335 (0.8984) (0.7887) (0.9827) 0.8149 (0.9975) (0.9957) (0.9992)

20 min . 0.9513 0.9486 0.9558 . 0.9275 0.9273 0.9344
(RW) 0.9449 (0.9996) (0.9572) (0.9975) 0.9212 (0.9995) (0.9967) (0.9994)
(AR) 0.9472 (0.9869) (0.7547) (0.9879) 0.9233 (0.9890) (0.9684) (0.9971)

25 min . 1.0513 1.0461 1.0731 . 1.0301 1.0272 1.0524
(RW) 1.0408 (1.0000) (0.9725) (1.0000) 1.0204 (0.9998) (0.9948) (1.0000)
(AR) 1.0433 (0.9999) (0.8763) (0.9999) 1.0218 (0.9999) (0.9928) (1.0000)

30 min . 1.1425 1.1409 1.1566 . 1.1360 1.1345 1.1552
(RW) 1.1398 (0.7809) (0.6319) (0.9920) 1.1338 (0.7401) (0.5966) (0.9940)
(AR) 1.1371 (0.9939) (0.9624) (0.9981) 1.1305 (0.9948) (0.9837) (0.9985)

45 min . 1.4079 1.4043 1.4601 . 1.3984 1.3968 1.4615
(RW) 1.3940 (0.9951) (0.9848) (0.9996) 1.3878 (0.9865) (0.9707) (0.9987)
(AR) 1.4003 (0.9872) (0.8586) (0.9991) 1.3928 (0.9792) (0.8651) (0.9980)
1 hr . 1.6539 1.6562 1.6970 . 1.6517 1.6552 1.6940
(RW) 1.6457 (0.9453) (0.9949) (0.9962) 1.6446 (0.9288) (0.9962) (0.9978)
(AR) 1.6532 (0.5629) (0.7982) (0.9900) 1.6517 (0.5050) (0.8488) (0.9936)
2 hr . 2.3975 2.3948 2.4376 . 2.4051 2.4047 2.4535
(RW) 2.3406 (0.9958) (0.9990) (0.9858) 2.3517 (0.9944) (0.9990) (0.9872)
(AR) 2.3603 (0.9629) (0.9879) (0.9613) 2.3707 (0.9533) (0.9899) (0.9668)
4 hr . 3.4671 3.4352 4.0073 . 3.4788 3.4263 3.9825
(RW) 3.3472 (0.8878) (0.8678) (0.9986) 3.3549 (0.8963) (0.8300) (0.9989)
(AR) 3.3467 (0.8924) (0.8569) (0.9986) 3.3521 (0.9046) (0.8257) (0.9989)

Table 1.7: Results for the price change out-of-sample prediction on different sampling frequen-
cies (Freq). The forecasting study is conducted over a period of 32 weeks starting on Monday the
6th of October 2003 and ending on Friday the 14th of May 2004. These 32 weeks are divided into
8 periods of 4 weeks each, where always the first 3 weeks are considered as the in-sample esti-
mation periods and the last weeks are always considered as the out-of-sample forecasting periods.
Weekends and holidays are excluded from the analysis. The first cell entry is the Root-Mean-
Squared-Prediction Error (RMSPE) of the associated forecasting model. The second and third
cell entries in parenthesis are the p-value from the modified Diebold-Mariano (mDM) test with
the null hypothesis that the RMSPE of the associated forecasting model is not smaller than the
RMSPE of the corresponding Random Walk or AR(p) benchmark model (RW, AR). P-values in
bold correspond to those cases where the RMSPE of the associated forecasting model is smaller
than the RMSPE of the corresponding benchmark model (RW, AR).
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1.6.2.2 Effects of Price Changes on Order Flow

We now investigate the economic hypotheses considering the causal relationships from

price changes to order flow by using forecasting setups similar to those applied before.

Based on the results of the descriptive analysis, we consider for the standard, the OANDA

based and the category specific order flow measures in addition to a RW benchmark

model, benchmark models in which, based on AR(p) specifications, only the histories of

the order flow measures themselves serve to explain and to predict future order flows.

These predictions are then compared, using the mDM-test, to the predictions of those

forecasting models in which, in addition to the information contained in the history of

the order flows, the information contained in the history of the price change processes is

incorporated. This proceeding enables us to identify whether the additional information

contained in the past prices is helpful in significantly improving order flow forecasts. The

RW benchmark model is given by

xk
t = εt, (RW-k)

and the AR(p) benchmark specification is given by

(

1 − Bx
p (L)

)

xk
t = c + εt, (AR-k)

where Bx
p (L) denotes the associated lag-polynomial and εt a white noise process. The

forecasting study is implemented for the standard order flow measure (k = SOF), for

the OANDA order flow measure (k = OOF), and the eight category specific order flow

measures (k = 1, . . . , 8) already listed in Table 1.4. The forecasting models containing

additional information on the history of the price change process are given by

(

1 − Bx
p (L)

)

xk
t = c + By

p (L)∆yh
t + εt, (h-k)

where h ∈ {IP, OP} denotes whether the interbank or the OANDA based price change

process is included.

For the interpretation of hypotheses H2 to H4 we only compare the RMSPEs of the AR(p)

benchmark model with those of the corresponding forecasting models. Nevertheless, the

RMSPEs of the RW benchmark specifications are presented for comparison reasons and
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in maintaining the design of the forecasting study above. Due to the findings in the de-

scriptive analysis, however, and in particular to the high persistence of the autocorrelation

functions for the order flow measures presented in Figure 1.2, we do not believe that RW

specifications for order flow measures in contrast to the before considered case of price

series constitute appropriate benchmark models. The results of the in-sample study are

presented in Tables 1.12 to 1.14 in the Appendix and the results of the out-of-sample

study are given in Tables 1.8 to 1.10. Since in contrast to the study above there are prac-

tically no qualitative differences between the conclusions drawn from the in-sample and

the out-of-sample investigation, we will directly interpret the results of the out-of-sample

forecasting comparison in the following.

We observe that the general hypothesis H2, which claims that the information contained

in the price process is helpful in predicting future order flow, cannot be rejected, since the

information contained in the history of the price process in addition to the information

contained in the order flow measures themselves is helpful in predicting both aggregated

order flow measures (standard and OANDA) and helpful in predicting the eight category

specific order flow measures. This statement is based on the observations that i) when

additional information on the OANDA based (interbank) price change process is incor-

porated in the forecasting models for the prediction of the standard order flow measure,

the RMSPEs are for the 3 (3) forecasting horizons up to 5 minutes smaller than those of

the AR(p) benchmark models. Irrespective of the choice of the price series we see that

the RMSPEs for 1 and 2 minutes forecasting horizons are significantly smaller using a

1% significance level in the mDM test. ii) for the prediction of the OANDA order flow

measure we observe for all frequencies, except for 4 hours, smaller RMSPEs in comparison

to those from the AR benchmark model; for up to 25 minutes all of them are significantly

smaller at the 1% level and the remaining are except for 1 (2) significant on the 10% level.

iii) for the prediction of the category specific order flow measures we observe that over all

eight categories 59 (59) RMSPEs are smaller than those of the AR(p) benchmark models;

20 (19) of them are significantly smaller at the 1% level, 24 (25) of them are significantly

smaller at the 5% level and even 35 (31) at the 10% level.

These figures allow for an interesting interpretation: First, we essentially do not observe

any information advantages of the OANDA based price series over the interbank price

series since the forecasting models incorporating these series generate very similar RM-
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SPE patterns. Thus, we do not observe that the OANDA based price series influences

the traders on OANDA FXTrade more severely than the interbank price series. This

can be explained by the fact that both price series are, as shown before, co-integrated

and therefore convey closely related dynamic patterns. Second, since both aggregated as

well as the category specific order flow measures can most often be predicted with the

help of historical price information being, in particular in the absence of macroeconomic

news and private (customer order flow) information, the only source of information for

the trader, is an indication that traders update their beliefs and place their orders based

on interpretations of technical analysis patterns as pointed out by Taylor & Allen (1992).

This observation is supported by the fact that the OANDA order flow measure is more

predictable than the standard order flow measure. Thus, we observe that the information

contained in the price process has more influence on the price expectation process of the

OANDA market, represented by the OANDA order flow measure than on the price ex-

pectation process of the OANDA and the interbank market, represented by the standard

order flow measure. This is intuitively clear, since information on the price process is more

valuable on the OANDA market, where most of the traders do not have own customer

order flow, which can serve as private information, than on the interbank market where

private information is available.

Let us now consider hypothesis H3, which states that executed stop-loss orders (category

6) contribute to whereas executed take-profit orders (category 7) impede self-reinforcing

price movements. Table 1.10 shows that on all forecasting frequencies, the RMSPEs of

the benchmark models BM-6 are smaller than those of benchmark models BM-7. This

observation supports hypothesis H3 since stop-loss order flow, based on its own historical

order flow, is more predictable (in terms of smaller RMSPEs) than take-profit order flow,

which is foreseen if stop-loss orders contribute to self-reinforcing price movements causing

a sequence of further stop-loss order executions. However, comparing the RMSPE pattern

of the OP-6 (IP-6) forecasting models with those of the OP-7 (IP-7) forecasting models,

we observe that there is essentially no difference in the value of the histories of both price

processes in predicting take-profit order flow or stop-loss order flow. This observation

diminishes the evidence for the validity of hypothesis H3, since we expected that the in-

formation on the direction of the price change process should already be included in the

historical stop-loss order flow, and therefore should be of less importance in predicting
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future stop-loss order flow in contrast to the case when take profit order flow is considered,

which contains less information on the direction of the price change process. Thus, we

find no clear-cut evidence to support or reject hypothesis H3.

Hypothesis H4 which postulates the existence of a monitoring effect is clearly supported.

Indeed, we see that the price process contributes more to the prediction of market order

(close) order flow (OP-5, IP-5) than to the prediction of market order (open) order flow

(OP-4, IP-4). In detail, we observe that only the RMSPEs for the 1 minute and the 2

minute frequencies of the OP-4 (IP-4) forecasting models are significantly smaller (1%

level) than those of the AR(p)-benchmark models BM-4, but that the first 5 (5) RMSPEs

corresponding to frequencies up to 15 minutes are significantly smaller than those of the

benchmark models BM-5 at the 1% level and from the remaining frequencies 2 (1) are

significant on the 10% level of the mDM-test for the OP-5 (IP-5) forecasting models. A

similar, but not as pronounced, observation can be made for limit order executed (close)

order flow (OP-3, IP-3) and limit order executed (open) order flow (OP-2, IP-2) as well.

The reason why this effect is not as clear as for market orders is that limit orders are

posted to the system before market orders, and their execution later is then simply im-

plied by the price process. Market orders, however, reflect changes in price preferences

directly since they are executed immediately.

The results concerning hypotheses H2 to H4 are again very robust to the choice of the in-

sample estimation and out-of-sample prediction periods. Moreover, the same conclusions

can be made if the hypotheses are evaluated separately with respect to the eight forecasting

setups presented in Table 1.6. Again, the results are robust to the choice of deseasonalized

or non-deseasonalized order flow measures and as in the analysis concerning causality from

order flow to price changes, we here always used non-deseasonalized order flow measures

in the estimations.
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Freq BM-SOF OP-SOF IP-SOF BM-OOF OP-OOF IP-OOF
1 min . 4.2754 4.2726 . 6.1327 6.1281
(RW) 4.3442 ( 0.0000) ( 0.0000) 6.7559 ( 0.0000) ( 0.0000)
(AR) 4.2978 ( 0.0000) ( 0.0000) 6.2202 ( 0.0000) ( 0.0000)
2 min . 6.4619 6.4540 . 10.1446 10.1427
(RW) 6.5639 ( 0.0000) ( 0.0000) 11.1609 ( 0.0000) ( 0.0000)
(AR) 6.5110 ( 0.0000) ( 0.0000) 10.2965 ( 0.0000) ( 0.0000)
5 min . 11.2111 11.2066 . 20.1572 20.1488
(RW) 11.3480 ( 0.0005) ( 0.0004) 21.7650 ( 0.0000) ( 0.0000)
(AR) 11.2270 ( 0.2059) ( 0.1451) 20.5097 ( 0.0000) ( 0.0000)

10 min . 16.9384 16.9430 . 33.5809 33.5789
(RW) 17.1771 ( 0.0026) ( 0.0029) 35.6428 ( 0.0000) ( 0.0000)
(AR) 16.8088 ( 0.9992) ( 0.9996) 34.0007 ( 0.0000) ( 0.0000)

15 min . 21.6196 21.6271 . 46.0984 46.1100
(RW) 22.0375 ( 0.0030) ( 0.0041) 48.2420 ( 0.0000) ( 0.0000)
(AR) 21.5097 ( 0.9909) ( 0.9888) 46.5844 ( 0.0000) ( 0.0000)

20 min . 26.0270 26.0218 . 53.9924 53.9966
(RW) 26.6182 ( 0.0032) ( 0.0031) 57.1482 ( 0.0000) ( 0.0000)
(AR) 25.8728 ( 0.9935) ( 0.9914) 54.3832 ( 0.0008) ( 0.0006)

25 min . 29.9238 29.9160 . 65.6482 65.5908
(RW) 30.8043 ( 0.0020) ( 0.0020) 67.9482 ( 0.0018) ( 0.0014)
(AR) 29.8577 ( 0.7667) ( 0.7327) 66.1141 ( 0.0027) ( 0.0009)

30 min . 33.5134 33.5240 . 73.6010 73.5952
(RW) 34.4623 ( 0.0055) ( 0.0063) 76.6212 ( 0.0003) ( 0.0003)
(AR) 33.4052 ( 0.8553) ( 0.8807) 74.2258 ( 0.0394) ( 0.0410)

45 min . 44.9104 44.9230 . 96.5877 97.2642
(RW) 45.8347 ( 0.0670) ( 0.0705) 99.3191 ( 0.0299) ( 0.0774)
(AR) 44.6980 ( 0.7556) ( 0.7714) 97.5647 ( 0.0260) ( 0.0912)
1 hr . 52.7614 52.8020 . 115.5227 115.5154
(RW) 53.6718 ( 0.1599) ( 0.1689) 119.6130 ( 0.0027) ( 0.0032)
(AR) 52.1271 ( 0.9581) ( 0.9685) 115.8363 ( 0.2127) ( 0.2003)
2 hr . 86.2782 86.3036 . 199.6192 199.7721
(RW) 89.7007 ( 0.0264) ( 0.0275) 196.7060 ( 0.7388) ( 0.7459)
(AR) 85.9340 ( 0.6825) ( 0.6968) 200.5890 ( 0.0765) ( 0.1251)
4 hr . 144.5557 144.5649 . 319.5417 318.8468
(RW) 148.5538 ( 0.1907) ( 0.1929) 312.9562 ( 0.7190) ( 0.7002)
(AR) 143.6758 ( 0.7883) ( 0.7909) 309.7606 ( 0.8830) ( 0.8738)

Table 1.8: Results for the standard and the OANDA order flow measures out-
of-sample predictions on different sampling frequencies (Freq). The forecasting
study is conducted over a period of 32 weeks starting on Monday the 6th of October
2003 and ending on Friday the 14th of May 2004. These 32 weeks are divided
into 8 periods of 4 weeks each, wherethe first 3 weeks are always considered as the
in-sample estimation periods and the last weeks are always considered as the out-of-
sample forecasting periods. Weekends and holidays are excluded from the analysis.
The first cell entry is the Root-Mean-Squared-Prediction Error (RMSPE) of the
associated forecasting model. The second and third cell entries in parenthesis are
the p-value from the modified Diebold-Mariano (mDM) test with the null hypothesis
that the RMSPE of the associated forecasting model is not smaller than the RMSPE
of the corresponding Random Walk or AR(p) benchmark model (RW, AR). P-values
in bold correspond to those cases where the RMSPE of the associated forecasting
model is smaller than the RMSPE of the corresponding benchmark model (RW,
AR).



Freq BM-1 OP-1 IP-1 BM-2 OP-2 IP-2 BM-3 OP-3 IP-3 BM-4 OP-4 IP-4
1 min . 1.5050 1.5050 . 1.8391 1.8370 . 0.7411 0.7409 . 1.8716 1.8708
(RW) 1.7495 ( 0.0000) ( 0.0000) 1.8960 ( 0.0000) ( 0.0000) 0.7486 ( 0.1396) ( 0.1342) 1.9642 ( 0.0000) ( 0.0000)
(AR) 1.5059 ( 0.0022) ( 0.0031) 1.8412 ( 0.1558) ( 0.1212) 0.7415 ( 0.2569) ( 0.1797) 1.8765 ( 0.0000) ( 0.0000)
2 min . 2.5435 2.5435 . 2.8709 2.8699 . 1.1964 1.1969 . 2.8866 2.8844
(RW) 2.9918 ( 0.0000) ( 0.0000) 2.9532 ( 0.0000) ( 0.0000) 1.1963 ( 0.5454) ( 0.6740) 3.0912 ( 0.0000) ( 0.0000)
(AR) 2.5477 ( 0.0002) ( 0.0002) 2.8676 ( 0.7798) ( 0.6597) 1.1982 ( 0.1656) ( 0.2627) 2.8995 ( 0.0000) ( 0.0000)
5 min . 5.4922 5.4916 . 5.1609 5.1626 . 1.7625 1.7621 . 5.2944 5.2926
(RW) 6.1810 ( 0.0000) ( 0.0000) 5.3660 ( 0.0004) ( 0.0004) 1.7743 ( 0.1258) ( 0.1161) 5.8405 ( 0.0000) ( 0.0000)
(AR) 5.5135 ( 0.0108) ( 0.0118) 5.1697 ( 0.0471) ( 0.0662) 1.7648 ( 0.0639) ( 0.0305) 5.2898 ( 0.7175) ( 0.6315)

10 min . 9.8495 9.8526 . 8.3994 8.4009 . 2.8602 2.8594 . 8.6961 8.7002
(RW) 10.5907 ( 0.0031) ( 0.0032) 8.6144 ( 0.0011) ( 0.0014) 2.8601 ( 0.5153) ( 0.4229) 9.7280 ( 0.0000) ( 0.0000)
(AR) 9.8622 ( 0.2850) ( 0.3319) 8.3812 ( 0.9029) ( 0.9185) 2.8620 ( 0.2269) ( 0.1706) 8.7090 ( 0.1637) ( 0.2641)

15 min . 13.4723 13.4816 . 11.7552 11.7542 . 3.5241 3.5243 . 11.7451 11.7545
(RW) 14.5181 ( 0.0030) ( 0.0033) 12.0227 ( 0.0046) ( 0.0044) 3.5251 ( 0.4716) ( 0.4755) 13.2532 ( 0.0000) ( 0.0000)
(AR) 13.5125 ( 0.3509) ( 0.3837) 11.7627 ( 0.3310) ( 0.3281) 3.5404 ( 0.1508) ( 0.1543) 11.6636 ( 0.9741) ( 0.9845)

20 min . 16.4821 16.4909 . 12.8155 12.8136 . 4.1440 4.1438 . 14.1780 14.1836
(RW) 17.7882 ( 0.0055) ( 0.0057) 13.5116 ( 0.0009) ( 0.0008) 4.1371 ( 0.6665) ( 0.6631) 16.2804 ( 0.0000) ( 0.0000)
(AR) 16.5926 ( 0.0616) ( 0.0745) 12.8240 ( 0.4326) ( 0.4148) 4.1443 ( 0.4658) ( 0.4413) 14.1298 ( 0.7377) ( 0.7615)

25 min . 19.8148 19.8155 . 16.2772 16.2733 . 4.6563 4.6562 . 16.9341 16.9292
(RW) 21.1085 ( 0.0140) ( 0.0139) 16.5117 ( 0.2280) ( 0.2233) 4.6409 ( 0.9789) ( 0.9778) 19.4349 ( 0.0000) ( 0.0000)
(AR) 19.9732 ( 0.1585) ( 0.1639) 16.1600 ( 0.9592) ( 0.9573) 4.6501 ( 0.8764) ( 0.8752) 16.7700 ( 0.9143) ( 0.9079)

30 min . 22.1440 22.1888 . 17.6026 17.8720 . 5.3209 5.2601 . 19.7887 19.7348
(RW) 23.7797 ( 0.0105) ( 0.0130) 18.4779 ( 0.0022) ( 0.0272) 5.2895 ( 0.9746) ( 0.2472) 22.5287 ( 0.0000) ( 0.0000)
(AR) 22.2530 ( 0.0593) ( 0.2247) 17.6244 ( 0.4224) ( 0.9036) 5.3137 ( 0.8782) ( 0.1672) 19.5854 ( 0.9620) ( 0.9072)

45 min . 30.2322 30.2350 . 23.5191 23.5171 . 6.5703 6.5685 . 25.9643 25.9390
(RW) 31.9925 ( 0.0395) ( 0.0397) 24.2620 ( 0.0901) ( 0.0899) 6.4990 ( 0.9371) ( 0.9314) 30.5838 ( 0.0000) ( 0.0000)
(AR) 30.3289 ( 0.2547) ( 0.2603) 23.3965 ( 0.9983) ( 0.9981) 6.5633 ( 0.7641) ( 0.7099) 25.6376 ( 0.9411) ( 0.9258)
1 hr . 36.0894 36.1042 . 27.5473 27.5341 . 7.4613 7.4618 . 31.9533 31.9349
(RW) 38.2671 ( 0.0340) ( 0.0344) 29.3296 ( 0.0166) ( 0.0162) 7.4475 ( 0.7321) ( 0.7387) 38.1311 ( 0.0001) ( 0.0001)
(AR) 36.3297 ( 0.1362) ( 0.1467) 27.4002 ( 0.9470) ( 0.9314) 7.4748 ( 0.2767) ( 0.2858) 31.2881 ( 0.9709) ( 0.9688)
2 hr . 58.5671 58.5918 . 49.8939 49.8873 . 10.8941 10.8932 . 55.7354 55.6411
(RW) 62.2111 ( 0.0256) ( 0.0263) 50.6499 ( 0.3568) ( 0.3555) 10.8502 ( 0.6031) ( 0.5991) 67.5312 ( 0.0017) ( 0.0015)
(AR) 58.4704 ( 0.6301) ( 0.6544) 49.5621 ( 0.9541) ( 0.9539) 10.9815 ( 0.0058) ( 0.0080) 53.8287 ( 0.9778) ( 0.9771)
4 hr . 104.9977 105.0585 . 80.5436 80.6359 . 17.0417 17.0386 . 103.8191 103.8547
(RW) 107.3258 ( 0.1651) ( 0.1695) 79.6642 ( 0.7276) ( 0.7494) 16.5768 ( 0.8460) ( 0.8434) 123.2949 ( 0.0024) ( 0.0024)
(AR) 107.3412 ( 0.0454) ( 0.0482) 81.5804 ( 0.0628) ( 0.0775) 17.0937 ( 0.1977) ( 0.1817) 101.5470 ( 0.8728) ( 0.8717)

Table 1.9: Results of the out-of-sample predictions of the category specific order flow measures on different sampling frequencies (Freq). The
forecasting study is conducted over a period of 32 weeks starting on Monday the 6th of October 2003 and ending on Friday the 14th of May 2004.
These 32 weeks are divided into 8 periods of 4 weeks each, where the first 3 weeks are always considered as the in-sample estimation periods and
the last weeks are always considered as the out-of-sample forecasting periods. Weekends and holidays are excluded from the analysis. The first cell
entry is the Root-Mean-Squared-Prediction Error (RMSPE) of the associated forecasting model. The second and third cell entries in parenthesis
are the p-value from the modified Diebold-Mariano (mDM) test with the null hypothesis that the RMSPE of the associated forecasting model is not
smaller than the RMSPE of the corresponding Random Walk or AR(p) benchmark model (RW, AR). P-values in bold correspond to those cases
where the RMSPE of the associated forecasting model is smaller than the RMSPE of the corresponding benchmark model (RW, AR).



Freq BM-5 OP-5 IP-5 BM-6 OP-6 IP-6 BM-7 OP-7 IP-7 BM-8 OP-8 IP-8
1 min . 2.6174 2.6100 . 1.8330 1.8324 . 3.4894 3.4894 . 0.7689 0.7687
(RW) 2.8051 ( 0.0000) ( 0.0000) 1.8740 ( 0.0000) ( 0.0000) 3.7077 ( 0.0000) ( 0.0000) 0.7762 ( 0.1000) ( 0.0961)
(AR) 2.6810 ( 0.0000) ( 0.0000) 1.8428 ( 0.0000) ( 0.0000) 3.5039 ( 0.0021) ( 0.0091) 0.7707 ( 0.0766) ( 0.0693)
2 min . 4.0384 4.0264 . 2.8247 2.8272 . 5.8327 5.8311 . 1.1370 1.1373
(RW) 4.4293 ( 0.0000) ( 0.0000) 2.8730 ( 0.0000) ( 0.0000) 6.0838 ( 0.0000) ( 0.0000) 1.1456 ( 0.1349) ( 0.1480)
(AR) 4.1646 ( 0.0000) ( 0.0000) 2.8420 ( 0.0000) ( 0.0000) 5.8825 ( 0.0001) ( 0.0004) 1.1404 ( 0.0984) ( 0.1203)
5 min . 7.7049 7.6980 . 4.9182 4.9223 . 10.7454 10.7474 . 2.0976 2.0974
(RW) 8.5139 ( 0.0000) ( 0.0000) 4.9686 ( 0.0001) ( 0.0002) 11.1705 ( 0.0000) ( 0.0000) 2.1046 ( 0.3324) ( 0.3277)
(AR) 7.9576 ( 0.0000) ( 0.0000) 4.9441 ( 0.0000) ( 0.0000) 10.8902 ( 0.0001) ( 0.0001) 2.1087 ( 0.2088) ( 0.2095)

10 min . 12.6435 12.6485 . 7.4097 7.4011 . 17.2073 17.2111 . 3.1085 3.1080
(RW) 13.8218 ( 0.0000) ( 0.0000) 7.4622 ( 0.0024) ( 0.0009) 17.6507 ( 0.0000) ( 0.0000) 3.1239 ( 0.3050) ( 0.2952)
(AR) 12.9142 ( 0.0000) ( 0.0000) 7.4257 ( 0.0529) ( 0.0002) 17.3042 ( 0.0146) ( 0.0217) 3.1301 ( 0.1936) ( 0.1991)

15 min . 17.1291 17.1217 . 9.4695 9.4698 . 23.8305 23.8357 . 3.9350 3.9300
(RW) 18.6050 ( 0.0000) ( 0.0000) 9.5257 ( 0.0348) ( 0.0348) 24.2981 ( 0.0103) ( 0.0110) 3.9433 ( 0.4105) ( 0.3551)
(AR) 17.3679 ( 0.0000) ( 0.0000) 9.4822 ( 0.0998) ( 0.1016) 23.7763 ( 0.6374) ( 0.6523) 3.9560 ( 0.1889) ( 0.1594)

20 min . 20.9936 21.0014 . 11.0743 11.0712 . 26.6076 26.6077 . 4.6211 4.6193
(RW) 22.6110 ( 0.0000) ( 0.0000) 11.1374 ( 0.0843) ( 0.0761) 27.6149 ( 0.0000) ( 0.0000) 4.5808 ( 0.8914) ( 0.8916)
(AR) 21.1034 ( 0.0908) ( 0.1051) 11.0635 ( 0.8416) ( 0.7544) 26.5161 ( 0.7731) ( 0.7757) 4.5620 ( 0.9203) ( 0.9044)

25 min . 25.5134 25.4827 . 12.6992 12.6941 . 32.7414 32.7224 . 5.6090 5.6005
(RW) 27.0583 ( 0.0003) ( 0.0002) 12.6929 ( 0.5479) ( 0.5096) 33.1749 ( 0.1867) ( 0.1734) 5.5369 ( 0.9827) ( 0.9807)
(AR) 25.6057 ( 0.2265) ( 0.1614) 12.7121 ( 0.3002) ( 0.2426) 32.6157 ( 0.7309) ( 0.7022) 5.6977 ( 0.0651) ( 0.0596)

30 min . 28.2222 28.2159 . 14.0291 14.0252 . 36.4649 36.4566 . 5.7558 5.7616
(RW) 30.4332 ( 0.0000) ( 0.0000) 14.1282 ( 0.0718) ( 0.0660) 37.6070 ( 0.0027) ( 0.0023) 5.6966 ( 0.8067) ( 0.8293)
(AR) 28.3720 ( 0.0568) ( 0.0538) 14.0931 ( 0.0074) ( 0.0062) 36.6937 ( 0.0058) ( 0.0071) 5.7202 ( 0.7538) ( 0.7729)

45 min . 37.8890 37.9234 . 17.6935 17.6993 . 47.8009 47.8084 . 7.2350 7.2341
(RW) 40.4501 ( 0.0004) ( 0.0004) 17.7127 ( 0.4327) ( 0.4531) 47.9439 ( 0.4166) ( 0.4211) 7.1160 ( 0.9991) ( 0.9991)
(AR) 37.7322 ( 0.8270) ( 0.8651) 17.6807 ( 0.7299) ( 0.8152) 47.9815 ( 0.0340) ( 0.0373) 7.0983 ( 0.9945) ( 0.9954)
1 hr . 44.3015 44.2877 . 20.4940 20.4799 . 55.7957 55.8053 . 9.1189 9.1169
(RW) 48.3164 ( 0.0000) ( 0.0000) 20.5012 ( 0.4827) ( 0.4491) 57.4274 ( 0.0374) ( 0.0403) 8.9965 ( 0.9916) ( 0.9904)
(AR) 44.0571 ( 0.8483) ( 0.8383) 20.3353 ( 0.9506) ( 0.9346) 55.7560 ( 0.5788) ( 0.5955) 9.0440 ( 0.8906) ( 0.8867)
2 hr . 77.4399 77.4581 . 30.8722 30.8688 . 98.2016 98.2703 . 13.8723 13.8434
(RW) 82.0107 ( 0.0007) ( 0.0008) 30.9309 ( 0.4531) ( 0.4507) 96.7641 ( 0.7976) ( 0.8098) 13.6316 ( 0.9707) ( 0.9435)
(AR) 77.4225 ( 0.5200) ( 0.5472) 30.9472 ( 0.2666) ( 0.2532) 98.1701 ( 0.5299) ( 0.5990) 13.4674 ( 0.8690) ( 0.8713)
4 hr . 125.1750 125.0778 . 42.0281 42.0985 . 144.3387 144.3137 . 21.4392 21.4649
(RW) 36.2601 ( 0.0062) ( 0.0057) 43.5935 ( 0.1273) ( 0.1353) 143.9142 ( 0.5651) ( 0.5583) 20.5223 ( 0.9548) ( 0.9584)
(AR) 23.6795 ( 0.7521) ( 0.7443) 43.0342 ( 0.0079) ( 0.0150) 145.2135 ( 0.3223) ( 0.3253) 20.6128 ( 0.8172) ( 0.8248)

Table 1.10: Results of the out-of-sample predictions of the category specific order flow measures on different sampling frequencies (Freq). The
forecasting study is conducted over a period of 32 weeks starting on Monday the 6th of October 2003 and ending on Friday the 14th of May 2004.
These 32 weeks are divided into 8 periods of 4 weeks each, where the first 3 weeks are always considered as the in-sample estimation periods and
the last weeks are always considered as the out-of-sample forecasting periods. Weekends and holidays are excluded from the analysis. The first cell
entry is the Root-Mean-Squared-Prediction Error (RMSPE) of the associated forecasting model. The second and third cell entries in parenthesis
are the p-value from the modified Diebold-Mariano (mDM) test with the null hypothesis that the RMSPE of the associated forecasting model is not
smaller than the RMSPE of the corresponding Random Walk or AR(p) benchmark model (RW, AR). P-values in bold correspond to those cases
where the RMSPE of the associated forecasting model is smaller than the RMSPE of the corresponding benchmark model (RW, AR).
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1.7 Conclusion

We have investigated the relationship between currency price changes and their expecta-

tions with the help of a customer dataset from OANDA FXTrade. Price expectations are

inferred from the trading behavior (order flow) of the OANDA FXTrade investors. We

distinguish between price expectations relying on information from the interbank mar-

ket and OANDA FXTrade, which are measured with the standard order flow measure of

Lyons (1995), price expectations derived solely from OANDA FXTrade measured by the

OANDA order flow measure and a purely data driven order flow measure, which does not

rely on any theoretical reasoning of how specific orders should affect future price changes.

We conduct forecasting studies on 12 intra-day frequencies and find that those forecasting

models incorporating information on order flows and price changes provide significantly

better forecasts than benchmark models using only information on past price changes

through AR(p) specifications and trivial Random Walk benchmark models. In comparison

to the Root-Mean-Squared-Prediction Errors (RMSPE) of the benchmark specifications,

forecasting models relying on the different order flow measures provide smaller RMSPEs

for short term prediction horizons of 1 and 2 minutes.

In a similar forecasting setup we investigate the influence of past price changes on the

two aggregated order flow measures and on eight transaction category specific order flow

measures. We find i) that the trading behavior, and thus the price expectations, of our

investors are affected by past currency price changes and ii) evidence for the existence

of a monitoring effect such that investors interpret price information differently in mak-

ing opening and closing decisions. This has several consequences for theoretical market

microstructure models in which investors are assumed to place market and limit orders

irrespective of their current investment status. Furthermore, we find only slight evidence

that stop-loss orders contribute to and take-profit impede self-reinforcing price movements,

which tends to support the findings of Osler (2005) having used a different methodology.
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Appendix A

Freq BM-OP SOF-OP OOF-OP CAT-OP BM-IP SOF-IP OOF-IP CAT-IP
1 min . 0.2260 0.2244 0.2233 . 0.1993 0.1985 0.1951
(RW) 0.2273 (0.0000) (0.0000) (0.0000) 0.2035 (0.0000) (0.0000) (0.0000)
(AR) 0.2261 (0.0034) (0.0000) (0.0000) 0.1999 (0.0000) (0.0000) (0.0000)
2 min . 0.3363 0.3359 0.3353 . 0.3091 0.3091 0.3069
(RW) 0.3367 (0.0005) (0.0000) (0.0001) 0.3100 (0.0001) (0.0000) (0.0000)
(AR) 0.3363 (0.1939) (0.0001) (0.0010) 0.3094 (0.0014) (0.0019) (0.0000)
5 min . 0.5261 0.5255 0.5243 . 0.5033 0.5030 0.5015
(RW) 0.5276 (0.0074) (0.0001) (0.0094) 0.5043 (0.0150) (0.0057) (0.0184)
(AR) 0.5262 (0.3121) (0.0236) (0.0419) 0.5035 (0.1540) (0.0367) (0.0332)

10 min . 0.7314 0.7303 0.7273 . 0.7164 0.7162 0.7126
(RW) 0.7331 (0.0172) (0.0010) (0.0017) 0.7177 (0.0532) (0.0266) (0.0050)
(AR) 0.7316 (0.2138) (0.0163) (0.0021) 0.7167 (0.1552) (0.0771) (0.0029)

15 min . 0.8828 0.8813 0.8765 . 0.8705 0.8699 0.8652
(RW) 0.8841 (0.0344) (0.0059) (0.0003) 0.8719 (0.0246) (0.0215) (0.0007)
(AR) 0.8830 (0.3621) (0.0298) (0.0004) 0.8706 (0.3813) (0.1683) (0.0012)

20 min . 1.0103 1.0082 1.0006 . 1.0057 1.0038 0.9961
(RW) 1.0125 (0.0449) (0.0036) (0.0001) 1.0078 (0.0521) (0.0075) (0.0002)
(AR) 1.0110 (0.2910) (0.0310) (0.0004) 1.0063 (0.3294) (0.0468) (0.0006)

25 min . 1.1116 1.1088 1.0999 . 1.1066 1.1044 1.0959
(RW) 1.1146 (0.0224) (0.0029) (0.0000) 1.1096 (0.0277) (0.0069) (0.0001)
(AR) 1.1134 (0.0710) (0.0022) (0.0000) 1.1081 (0.0828) (0.0062) (0.0001)

30 min . 1.2475 1.2466 1.2349 . 1.2406 1.2403 1.2280
(RW) 1.2518 (0.0296) (0.0095) (0.0009) 1.2448 (0.0343) (0.0198) (0.0013)
(AR) 1.2496 (0.0614) (0.0135) (0.0006) 1.2424 (0.0812) (0.0276) (0.0009)

45 min . 1.5292 1.5282 1.5103 . 1.5251 1.5241 1.5046
(RW) 1.5349 (0.0122) (0.0092) (0.0002) 1.5303 (0.0172) (0.0131) (0.0002)
(AR) 1.5311 (0.0652) (0.0391) (0.0002) 1.5266 (0.0788) (0.0569) (0.0002)
1 hr . 1.7656 1.7669 1.7441 . 1.7655 1.7668 1.7432
(RW) 1.7739 (0.0289) (0.0311) (0.0001) 1.7736 (0.0292) (0.0334) (0.0001)
(AR) 1.7698 (0.1011) (0.0970) (0.0002) 1.7691 (0.1137) (0.1153) (0.0002)
2 hr . 2.5255 2.5280 2.4582 . 2.5303 2.5327 2.4609
(RW) 2.5433 (0.0106) (0.0182) (0.0000) 2.5476 (0.0119) (0.0191) (0.0000)
(AR) 2.5355 (0.0414) (0.0403) (0.0001) 2.5398 (0.0446) (0.0407) (0.0001)
4 hr . 3.6412 3.6194 3.4652 . 3.6411 3.6230 3.4722
(RW) 3.7055 (0.0107) (0.0004) (0.0000) 3.7085 (0.0079) (0.0003) (0.0000)
(AR) 3.6827 (0.0303) (0.0061) (0.0000) 3.6848 (0.0246) (0.0061) (0.0000)

Table 1.11: Results for the price change in-sample prediction on different sampling
frequencies (Freq). The out-of-sample prediction horizon, though for different frequencies,
corresponds to the week from 9th of May 2004 to 14th of May 2004. The model selection
period covers the period from 1st of October 2003 to 8thof May 2004. Weekends and holidays
are excluded from the analysis. The first cell entry is the Root-Mean-Squared-Prediction
Error (RMSPE) of the associated forecasting model. The second cell entry in parenthesis
is the p-value from the modified Diebold-Mariano Test with the null hypothesis, that the
RMSPE of the associated forecasting model is not smaller than the RMSPE of the cor-
responding benchmark model. Cell entries in bold are those, where the RMSPE of the
associated forecasting model is smaller than the RMSPE of the corresponding benchmark
model.
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Freq BM-SOF OP-SOF IP-SOF BM-OOF OP-OOF IP-OOF
1 min . 4.3279 4.3275 . 6.0346 6.0344
(RW) 4.3936 ( 0.0000) ( 0.0000) 6.6445 ( 0.0000) ( 0.0000)
(AR) 4.3485 ( 0.0000) ( 0.0000) 6.1613 ( 0.0000) ( 0.0000)
2 min . 6.4813 6.4809 . 10.0115 10.0219
(RW) 6.5998 ( 0.0000) ( 0.0000) 10.9510 ( 0.0000) ( 0.0000)
(AR) 6.5269 ( 0.0000) ( 0.0000) 10.2133 ( 0.0000) ( 0.0000)
5 min . 11.0878 11.0924 . 19.5562 19.5612
(RW) 11.2896 ( 0.0000) ( 0.0000) 21.0475 ( 0.0000) ( 0.0000)
(AR) 11.1317 ( 0.0001) ( 0.0005) 19.8634 ( 0.0000) ( 0.0000)

10 min . 16.6775 16.6804 . 31.8179 31.8382
(RW) 17.0066 ( 0.0000) ( 0.0000) 33.9662 ( 0.0000) ( 0.0000)
(AR) 16.6981 ( 0.1279) ( 0.1550) 32.1138 ( 0.0000) ( 0.0000)

15 min . 20.9078 20.8962 . 42.2575 42.2904
(RW) 21.4578 ( 0.0000) ( 0.0000) 44.8326 ( 0.0000) ( 0.0000)
(AR) 20.9063 ( 0.5218) ( 0.3847) 42.5043 ( 0.0013) ( 0.0050)

20 min . 25.0185 25.0171 . 50.7607 50.7849
(RW) 25.7517 ( 0.0000) ( 0.0000) 54.1697 ( 0.0000) ( 0.0000)
(AR) 25.0626 ( 0.0966) ( 0.0958) 51.0548 ( 0.0001) ( 0.0001)

25 min . 28.7056 28.7046 . 59.2042 59.2337
(RW) 29.5486 ( 0.0000) ( 0.0000) 62.8549 ( 0.0000) ( 0.0000)
(AR) 28.7239 ( 0.3469) ( 0.3424) 59.4306 ( 0.0016) ( 0.0041)

30 min . 31.8507 31.8593 . 69.2663 69.2880
(RW) 33.0771 ( 0.0000) ( 0.0000) 72.6962 ( 0.0000) ( 0.0000)
(AR) 32.0495 ( 0.0093) ( 0.0141) 69.1807 ( 0.6543) ( 0.6883)

45 min . 41.2116 41.2203 . 90.0485 89.6734
(RW) 43.1033 ( 0.0000) ( 0.0000) 94.7285 ( 0.0000) ( 0.0000)
(AR) 41.4252 ( 0.1541) ( 0.1617) 90.0408 ( 0.5140) ( 0.0139)
1 hr . 48.0816 48.0999 . 110.1289 110.1457
(RW) 50.9275 ( 0.0000) ( 0.0000) 115.7915 ( 0.0000) ( 0.0000)
(AR) 48.3953 ( 0.1516) ( 0.1627) 110.3570 ( 0.1219) ( 0.1282)
2 hr . 71.5228 71.5105 . 179.7910 179.7933
(RW) 78.4165 ( 0.0000) ( 0.0000) 187.5252 ( 0.0008) ( 0.0008)
(AR) 72.2455 ( 0.0346) ( 0.0333) 180.2294 ( 0.1394) ( 0.1612)
4 hr . 115.7755 115.7275 . 277.7545 277.8107
(RW) 129.6756 ( 0.0000) ( 0.0000) 295.2749 ( 0.0006) ( 0.0006)
(AR) 116.3498 ( 0.0763) ( 0.0704) 280.9705 ( 0.0078) ( 0.0086)

Table 1.12: Results for the standard and the OANDA order flow measures
in-sample predictions on different sampling frequencies (Freq). The forecasting
study is conducted over a period of 32 weeks starting on Monday the 6th of
October 2003 and ending on Friday the 14th of May 2004. These 32 weeks
are divided into 8 periods of 4 weeks each, where always the first 3 weeks are
considered as the in-sample estimation periods and the last weeks are always
considered as the out-of-sample forecasting periods. Weekends and holidays
are excluded from the analysis. The first cell entry is the Root-Mean-Squared-
Prediction Error (RMSPE) of the associated forecasting model. The second
and third cell entries in parenthesis are the p-value from the modified Diebold-
Mariano (mDM) test with the null hypothesis that the RMSPE of the associated
forecasting model is not smaller than the RMSPE of the corresponding Random
Walk or AR(p) benchmark model (RW, AR). P-values in bold correspond to
those cases where the RMSPE of the associated forecasting model is smaller
than the RMSPE of the corresponding benchmark model (RW, AR).



Freq BM-1 OP-1 IP-1 BM-2 OP-2 IP-2 BM-3 OP-3 IP-3 BM-4 OP-4 IP-4
1 min . 1.4445 1.4445 . 1.6203 1.6175 . 0.6316 0.6315 . 1.9774 1.9770
(RW) 1.6623 ( 0.0000) ( 0.0000) 1.6741 ( 0.0000) ( 0.0000) 0.6346 ( 0.0002) ( 0.0004) 2.0869 ( 0.0000) ( 0.0000)
(AR) 1.4454 ( 0.0000) ( 0.0000) 1.6270 ( 0.0596) ( 0.0976) 0.6330 ( 0.0004) ( 0.0010) 1.9857 ( 0.0000) ( 0.0000)
2 min . 2.4484 2.4484 . 2.5177 2.5158 . 0.9080 0.9073 . 3.0703 3.0700
(RW) 2.8375 ( 0.0000) ( 0.0000) 2.6031 ( 0.0000) ( 0.0000) 0.9136 ( 0.0003) ( 0.0002) 3.3068 ( 0.0000) ( 0.0000)
(AR) 2.4518 ( 0.0002) ( 0.0002) 2.5267 ( 0.0375) ( 0.0726) 0.9106 ( 0.0020) ( 0.0019) 3.0876 ( 0.0000) ( 0.0000)
5 min . 5.1238 5.1219 . 4.5231 4.5236 . 1.4946 1.4948 . 5.5516 5.5518
(RW) 5.8003 ( 0.0000) ( 0.0000) 4.6923 ( 0.0000) ( 0.0000) 1.5016 ( 0.0000) ( 0.0000) 6.2090 ( 0.0000) ( 0.0000)
(AR) 5.1312 ( 0.0803) ( 0.0599) 4.5255 ( 0.2283) ( 0.2658) 1.4973 ( 0.0004) ( 0.0011) 5.5784 ( 0.0000) ( 0.0000)

10 min . 9.0440 9.0444 . 7.1435 7.1464 . 2.1721 2.1722 . 9.0972 9.0985
(RW) 9.8777 ( 0.0000) ( 0.0000) 7.4598 ( 0.0000) ( 0.0000) 2.1829 ( 0.0001) ( 0.0001) 10.3735 ( 0.0000) ( 0.0000)
(AR) 9.0484 ( 0.3475) ( 0.3588) 7.1240 ( 0.9372) ( 0.9509) 2.1762 ( 0.0007) ( 0.0010) 9.1244 ( 0.0009) ( 0.0019)

15 min . 12.2743 12.2766 . 9.1503 9.1475 . 2.7153 2.7143 . 12.1089 12.1397
(RW) 13.2220 ( 0.0000) ( 0.0000) 9.6777 ( 0.0000) ( 0.0000) 2.7314 ( 0.0002) ( 0.0002) 14.0151 ( 0.0000) ( 0.0000)
(AR) 12.2393 ( 0.8425) ( 0.8578) 9.1686 ( 0.1705) ( 0.1799) 2.7164 ( 0.4301) ( 0.3744) 12.1184 ( 0.3619) ( 0.7651)

20 min . 15.1468 15.1480 . 10.7382 10.7400 . 3.1521 3.1526 . 14.4882 14.4889
(RW) 16.2260 ( 0.0001) ( 0.0001) 11.4944 ( 0.0000) ( 0.0000) 3.1769 ( 0.0001) ( 0.0001) 17.2043 ( 0.0000) ( 0.0000)
(AR) 15.1778 ( 0.1428) ( 0.1501) 10.7343 ( 0.5849) ( 0.6278) 3.1611 ( 0.0023) ( 0.0032) 14.5709 ( 0.0338) ( 0.0335)

25 min . 17.9774 17.9766 . 12.2339 12.2353 . 3.5632 3.5638 . 17.3613 17.3621
(RW) 19.0826 ( 0.0002) ( 0.0002) 13.2318 ( 0.0000) ( 0.0000) 3.5951 ( 0.0002) ( 0.0003) 20.6539 ( 0.0000) ( 0.0000)
(AR) 17.9797 ( 0.4833) ( 0.4771) 12.1639 ( 0.8484) ( 0.8521) 3.5789 ( 0.0086) ( 0.0105) 17.4819 ( 0.0102) ( 0.0088)

30 min . 19.8016 19.8267 . 14.5336 14.5874 . 3.9492 3.9339 . 20.0634 19.9743
(RW) 21.2259 ( 0.0003) ( 0.0003) 15.5098 ( 0.0000) ( 0.0000) 3.9893 ( 0.0021) ( 0.0061) 23.8539 ( 0.0000) ( 0.0000)
(AR) 19.8530 ( 0.0556) ( 0.2631) 14.5193 ( 0.6342) ( 0.8520) 3.9716 ( 0.0016) ( 0.0237) 20.1194 ( 0.2530) ( 0.0061)

45 min . 26.8965 26.8938 . 18.8844 18.8847 . 4.9509 4.9513 . 26.5315 26.5359
(RW) 28.5510 ( 0.0018) ( 0.0018) 20.3978 ( 0.0000) ( 0.0000) 4.9974 ( 0.0155) ( 0.0159) 32.4244 ( 0.0000) ( 0.0000)
(AR) 26.7754 ( 0.7654) ( 0.7577) 18.8809 ( 0.5323) ( 0.5364) 4.9625 ( 0.0836) ( 0.0902) 26.7991 ( 0.0113) ( 0.0112)
1 hr . 32.6713 32.6807 . 22.3687 22.3710 . 5.8689 5.8693 . 33.3208 33.3265
(RW) 34.6926 ( 0.0007) ( 0.0007) 24.5455 ( 0.0001) ( 0.0001) 5.9108 ( 0.0029) ( 0.0031) 40.8190 ( 0.0000) ( 0.0000)
(AR) 32.6755 ( 0.4831) ( 0.5225) 22.3827 ( 0.3803) ( 0.3974) 5.8760 ( 0.2253) ( 0.2387) 33.6136 ( 0.0310) ( 0.0318)
2 hr . 52.2502 52.2478 . 36.3476 36.3494 . 8.2940 8.2904 . 56.8263 56.8558
(RW) 55.3027 ( 0.0001) ( 0.0001) 40.0777 ( 0.0003) ( 0.0003) 8.4684 ( 0.0186) ( 0.0184) 71.1987 ( 0.0000) ( 0.0000)
(AR) 52.3839 ( 0.1931) ( 0.1935) 36.2961 ( 0.6031) ( 0.6072) 8.3189 ( 0.1240) ( 0.1125) 57.5232 ( 0.0036) ( 0.0050)
4 hr . 83.7143 83.7328 . 65.9489 65.9525 . 11.9902 11.9914 . 101.0908 101.0879
(RW) 88.4631 ( 0.0003) ( 0.0003) 69.1170 ( 0.0028) ( 0.0028) 12.3125 ( 0.0087) ( 0.0089) 126.3154 ( 0.0000) ( 0.0000)
(AR) 83.9541 ( 0.2840) ( 0.2998) 66.0293 ( 0.3017) ( 0.3041) 11.9968 ( 0.4417) ( 0.4525) 102.0218 ( 0.0458) ( 0.0485)

Table 1.13: Results of the in-sample predictions of the category specific order flow measures on different sampling frequencies (Freq). The
forecasting study is conducted over a period of 32 weeks starting on Monday the 6th of October 2003 and ending on Friday the 14th of May 2004.
These 32 weeks are divided into 8 periods of 4 weeks each, where the first 3 weeks are always considered as the in-sample estimation periods
and the last weeks are always considered as the out-of-sample forecasting periods. Weekends and holidays are excluded from the analysis. The
first cell entry is the Root-Mean-Squared-Prediction Error (RMSPE) of the associated forecasting model. The second and third cell entries
in parenthesis are the p-value from the modified Diebold-Mariano (mDM) test with the null hypothesis that the RMSPE of the associated
forecasting model is not smaller than the RMSPE of the corresponding Random Walk or AR(p) benchmark model (RW, AR). P-values in bold
correspond to those cases where the RMSPE of the associated forecasting model is smaller than the RMSPE of the corresponding benchmark
model (RW, AR).



Freq BM-5 OP-5 IP-5 BM-6 OP-6 IP-6 BM-7 OP-7 IP-7 BM-8 OP-8 IP-8
1 min . 2.6627 2.6613 . 1.9240 1.9238 . 3.1746 3.1693 . 0.7240 0.7239
(RW) 2.8578 ( 0.0000) ( 0.0000) 1.9766 ( 0.0000) ( 0.0000) 3.3768 ( 0.0000) ( 0.0000) 0.7971 ( 0.1475) ( 0.1471)
(AR) 2.7454 ( 0.0000) ( 0.0000) 1.9344 ( 0.0000) ( 0.0000) 3.2039 ( 0.0000) ( 0.0000) 0.7265 ( 0.0003) ( 0.0002)
2 min . 4.0548 4.0575 . 3.0185 3.0210 . 5.2092 5.2056 . 1.1967 1.1954
(RW) 4.4574 ( 0.0000) ( 0.0000) 3.0733 ( 0.0000) ( 0.0000) 5.4727 ( 0.0000) ( 0.0000) 1.3037 ( 0.1529) ( 0.1525)
(AR) 4.2203 ( 0.0000) ( 0.0000) 3.0333 ( 0.0000) ( 0.0000) 5.2630 ( 0.0000) ( 0.0000) 1.2003 ( 0.0254) ( 0.0022)
5 min . 7.5407 7.5485 . 5.2398 5.2454 . 9.7143 9.7153 . 2.5831 2.5830
(RW) 8.3385 ( 0.0000) ( 0.0000) 5.3296 ( 0.0000) ( 0.0000) 10.2025 ( 0.0000) ( 0.0000) 2.6455 ( 0.0393) ( 0.0400)
(AR) 7.8304 ( 0.0000) ( 0.0000) 5.2662 ( 0.0000) ( 0.0000) 9.8193 ( 0.0000) ( 0.0000) 2.6045 ( 0.0758) ( 0.0779)

10 min . 12.1692 12.1819 . 7.8821 7.8903 . 15.3112 15.3124 . 3.8417 3.8418
(RW) 13.4704 ( 0.0000) ( 0.0000) 8.0017 ( 0.0000) ( 0.0000) 16.0741 ( 0.0000) ( 0.0000) 3.9277 ( 0.0074) ( 0.0068)
(AR) 12.5372 ( 0.0000) ( 0.0000) 7.9106 ( 0.0002) ( 0.0002) 15.3615 ( 0.0591) ( 0.0667) 3.8643 ( 0.0383) ( 0.0347)

15 min . 16.1990 16.2111 . 9.9710 9.9745 . 19.8456 19.8464 . 4.8662 4.8678
(RW) 17.8872 ( 0.0000) ( 0.0000) 10.0993 ( 0.0000) ( 0.0000) 20.8999 ( 0.0000) ( 0.0000) 4.9706 ( 0.0111) ( 0.0105)
(AR) 16.5733 ( 0.0000) ( 0.0000) 9.9829 ( 0.0360) ( 0.0798) 19.8503 ( 0.4701) ( 0.4749) 4.9016 ( 0.0393) ( 0.0371)

20 min . 19.6552 19.6528 . 11.6988 11.6999 . 22.8409 22.8464 . 5.9726 5.9750
(RW) 21.8687 ( 0.0000) ( 0.0000) 11.8790 ( 0.0000) ( 0.0000) 24.6665 ( 0.0000) ( 0.0000) 6.1053 ( 0.0110) ( 0.0122)
(AR) 20.1138 ( 0.0000) ( 0.0000) 11.7201 ( 0.0151) ( 0.0208) 23.0231 ( 0.0001) ( 0.0001) 6.0462 ( 0.0579) ( 0.0642)

25 min . 22.9573 22.9671 . 13.2223 13.2237 . 26.9235 26.9249 . 6.3785 6.3820
(RW) 25.4635 ( 0.0000) ( 0.0000) 13.4096 ( 0.0000) ( 0.0000) 28.7503 ( 0.0000) ( 0.0000) 6.5536 ( 0.0082) ( 0.0080)
(AR) 23.3486 ( 0.0000) ( 0.0000) 13.2341 ( 0.1848) ( 0.2025) 27.0023 ( 0.0607) ( 0.0567) 6.4416 ( 0.0531) ( 0.0544)

30 min . 27.1207 27.1266 . 15.1540 15.1554 . 32.4423 32.4378 . 7.0275 7.0261
(RW) 29.5857 ( 0.0000) ( 0.0000) 15.3250 ( 0.0000) ( 0.0000) 34.1397 ( 0.0000) ( 0.0000) 7.2376 ( 0.0086) ( 0.0094)
(AR) 27.4590 ( 0.0000) ( 0.0000) 15.1372 ( 0.6326) ( 0.6431) 32.6134 ( 0.0012) ( 0.0015) 7.0998 ( 0.0365) ( 0.0401)

45 min . 35.4057 35.3963 . 19.0022 19.0036 . 41.7642 41.7748 . 9.4235 9.4286
(RW) 38.8158 ( 0.0000) ( 0.0000) 19.2290 ( 0.0001) ( 0.0001) 44.1179 ( 0.0002) ( 0.0002) 9.6765 ( 0.0297) ( 0.0280)
(AR) 35.8041 ( 0.0015) ( 0.0014) 19.0306 ( 0.0751) ( 0.0917) 41.8647 ( 0.0145) ( 0.0203) 9.5666 ( 0.0709) ( 0.0681)
1 hr . 44.2274 44.2294 . 22.0024 21.9956 . 50.2901 50.3161 . 10.8078 10.8131
(RW) 48.1776 ( 0.0000) ( 0.0000) 22.4658 ( 0.0028) ( 0.0028) 53.3719 ( 0.0002) ( 0.0003) 11.1289 ( 0.0267) ( 0.0274)
(AR) 44.7921 ( 0.0007) ( 0.0007) 22.0938 ( 0.0721) ( 0.0693) 50.5215 ( 0.0176) ( 0.0214) 10.9656 ( 0.0523) ( 0.0540)
2 hr . 72.8748 72.8933 . 31.6892 31.6867 . 83.6019 83.6420 . 16.0807 16.0723
(RW) 78.5813 ( 0.0000) ( 0.0000) 32.8597 ( 0.0073) ( 0.0071) 86.9648 ( 0.0004) ( 0.0003) 16.5854 ( 0.0497) ( 0.0508)
(AR) 73.2669 ( 0.0335) ( 0.0425) 32.0076 ( 0.0439) ( 0.0437) 83.8739 ( 0.1859) ( 0.1951) 16.1938 ( 0.1565) ( 0.1540)
4 hr . 114.7352 114.7439 . 46.6595 46.6408 . 136.1893 136.1951 . 22.8727 22.8589
(RW) 125.9523 ( 0.0000) ( 0.0000) 49.4934 ( 0.0024) ( 0.0024) 141.1003 ( 0.0046) ( 0.0045) 24.3249 ( 0.0569) ( 0.0574)
(AR) 115.5674 ( 0.0365) ( 0.0385) 47.2952 ( 0.0294) ( 0.0262) 137.1682 ( 0.1602) ( 0.1650) 22.9814 ( 0.1261) ( 0.1321)

Table 1.14: Results of the in-sample predictions of the category specific order flow measures on different sampling frequencies (Freq). The
forecasting study is conducted over a period of 32 weeks starting on Monday the 6th of October 2003 and ending on Friday the 14th of May 2004.
These 32 weeks are divided into 8 periods of 4 weeks each, where the first 3 weeks are always considered as the in-sample estimation periods
and the last weeks are always considered as the out-of-sample forecasting periods. Weekends and holidays are excluded from the analysis. The
first cell entry is the Root-Mean-Squared-Prediction Error (RMSPE) of the associated forecasting model. The second and third cell entries
in parenthesis are the p-value from the modified Diebold-Mariano (mDM) test with the null hypothesis that the RMSPE of the associated
forecasting model is not smaller than the RMSPE of the corresponding Random Walk or AR(p) benchmark model (RW, AR). P-values in bold
correspond to those cases where the RMSPE of the associated forecasting model is smaller than the RMSPE of the corresponding benchmark
model (RW, AR).



Chapter 2

Individual Trading Behavior and the

Disposition Effect: A Panel Survival

Approach

2.1 Introduction

In this paper we introduce panel survival models for the analysis of trading activity

datasets. The models are applied to the characterization of individual trading behavior

within a market microstructure environment and the detailed analysis of the disposition

effect as one of the most investigated behavioral finance phenomena. Since the availability

of high frequency datasets in the early 90s, such as the Trades and Quotes database of the

New York stock exchange and the increasing availability of limit order book datasets in the

recent years, trading activity records allowing all transactions of individual investors to be

traced over time have come to embody the most valuable form of market microstructure

information and provide deeper and more detailed insights into complex trading behavior

on the micro level.

The characterization of the data generating process in such a dataset requires different

econometric techniques than the ones usually applied in high frequency data analysis.

Panel survival approaches widely applied to low frequency data in various fields1 includ-

ing medicine (c.f. Fahrmeir & Klinger (1998) and Visser (1987)), marketing (c.f. Jain

1Excellent overviews on (panel) survival models can be found in the textbooks of Kalbfleisch & Prentice
(1980) and Lancaster (1997) as well as in the survey article of van der Berg (2001).
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& Vilcassim (1991)) and labor economics (c.f. Lancaster (1979) and Heckman & Borjas

(1980)), yield themselves well to the investigation of the irregular trading behavior of

investors in several securities within a market microstructure framework. We propose a

mixed proportional intensity specification accounting for unobserved heterogeneity among

our investors in order to capture the true nature of the data generating process.

From the trading activity record of OANDA FXTrade, an internet trading platform in

the foreign exchange market, we construct a dataset of roundtrip and inactivity durations

for all active investors during the period from 1st of October 2003 to 14th of May 2004

(227 days). Roundtrip durations are defined as the time elapsed between entering into an

investment in a currency pair and exiting it. Inactivity durations are defined as the time

between two roundtrips, when the trader does not hold a position in a currency pair. Our

analysis is conducted for the four most actively traded currency pairs in terms of total

turnover on OANDA FXTrade during the sample period: EUR/USD (61.5%), GBP/USD

(11.8%), AUD/USD (8.8%) and USD/CHF (8.3%).

The proposed panel survival setup permits us to evaluate existing behavioral finance the-

ories in a rigorous econometric model framework. We mainly concentrate in our analysis

on the disposition effect, which is the tendency of investors to hold losing asset positions

longer than corresponding winning asset positions. It is one of the most prominent and

most analyzed behavioral biases which claims that investors do not behave rationally in

the sense that they do not maximize expected utility of final wealth. From a theoretical

point of view the disposition effect, which was named by Shefrin & Statman (1985), can

be based on the prospect theory of Kahneman & Tversky (1979). Therein investors are

assumed to assess profits and losses relative to a reference point, which is usually consid-

ered to be a function of the assets’ purchase prices. It is assumed that investors behave

risk averse when their asset position has established a paper profit, and risk seeking when

their position suffers from a paper loss.

From an empirical point of view most of the existing studies use aggregated data to analyze

the disposition effect for the mean (representative) investor applying different methods to

calculate the disposition effect. The early studies on investor behavior Lease, Lewellen

& Schlarbaum (1974), Schlarbaum, Lewellen & Lease (1978a,b) and Shefrin & Statman
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(1985) as well as the later studies from Badrinath & Lewellen (1991), Shapira & Venezia

(2001) and Locke & Mann (2005a) compare mean roundtrip durations of profitable and

non-profitable investments. The studies of Odean (1998a) and Dhar & Zhu (2006) con-

sider the difference between the proportion of profits and losses realized in a portfolio

environment to investigate the disposition effect. Grinblatt & Keloharju (2001) apply

Logit models to estimate the probabilities of closing positions conditional on whether the

position is traded either in profits or in losses.

The analyses of the disposition effect can be categorized in studies focusing on individual

investors’ trading behavior in the stock market (Lease et al. (1974), Schlarbaum, Lewellen

& Lease (1978a,b), Badrinath & Lewellen (1991), Odean (1998a), Chen, Kim, Nofsinger

& Rui (2007), Feng & Seasholes (2005) and Ivkovich, Poterba & Weisbenner (2005)), on

the difference between individual and professional or institutional investors in the stock

market (Locke & Mann (2005a), Grinblatt & Keloharju (2001), Shapira & Venezia (2001),

Dhar & Zhu (2006) and Brown, Chappel, da Silva Rosa & Walter (2006)), on investors

in the option and future markets (Heisler (1994) and Heath, Huddart & Lang (1999)),

on investors in the housing market (Genesove & Mayer (2001)), and on investors in ex-

perimental trading setups (Weber & Camerer (1998)). The studies of Kahneman (1992),

Odean (1998a), Weber & Camerer (1998) and Barberis & Thaler (2003) discuss the choice

of the correct reference point.

The results of the research on general behavioral biases, and on the disposition effect

in particular, have several consequences for theoretical models that rely on representa-

tive agents such as portfolio choice (Benartzi & Thaler (1995)) and asset pricing models

(Barberis, Huang & Santos (2001)). Moreover, the studies of Grinblatt & Han (2005)

and Shumway & Wu (2005) analyze how the disposition effect generates momentum and

therefore affects stock prices. Coval & Shumway (2005) and Locke & Mann (2005b) in-

vestigate whether and how behavioral biases, among them the disposition effect, affect

prices or create trading costs.

Although these studies generate a tremendous interest in the proper characterization of the

disposition effect, the econometric techniques applied in most of the research seem to be

rather underdeveloped. The disposition effect is related to the time (duration) between
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the opening and the closing of a position (roundtrip). Therefore it is surprising that

most research does not model this duration explicitly and does not make it conditional

on individual traders’ characteristics and historical information yielding an incomplete

characterization and even an inconsistent and biased estimation of the disposition effect.

To our knowledge, only the studies of Feng & Seasholes (2005), Ivkovich et al. (2005) and

Shumway & Wu (2005) try to model these roundtrip durations explicitly using intensity

models. Including background variables on investors’ characteristics they control for ob-

servable heterogeneity among investors. Even these studies, however, do not control for

unobservable heterogeneity, they ignore the panel-structure of their datasets and they do

not provide convincing goodness-of-fit criteria for their model choice.

Applying panel survival models and controlling for unobservable heterogeneity among

investors, we try to address these shortcomings. Our approach enriches the methods

previously applied to investigating the disposition effect in several aspects: i) the time

dimension is explicitly modelled, ii) the panel-structure of the dataset is exploited and iii)

unobserved heterogeneity is taken into account yielding a consistent and unbiased estima-

tion of the disposition effect. Our dataset is perfectly suited to analyzing the disposition

effect, since in contrast to discount broker datasets, the number of trading instruments is

strictly limited. Therefore, we can trace investors’ trading strategies separately for every

trading instrument (currency pair) and in considering these trading strategies we do not

need to account for different risk classes of the underlying instruments. Moreover, since

we consider trading in the foreign exchange market, overnight effects are less severe and

influences of short sale restrictions do not exist.

The paper is organized as follows: Section 2.2 describes the construction of our dataset and

provides a brief introduction into the trading mechanism on OANDA FXTrade. Section

2.3 presents the panel survival model. Section 2.4 contains the empirical analysis with

a detailed interpretation of the results in the light of the disposition effect and further

behavioral biases. Section 2.5 concludes. Most of the descriptive statistics, estimation

results and figures are collected in Appendices A to D.
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2.2 Description of the Dataset

Trading Mechanism on OANDA FXTrade

Our empirical analysis is based on a dataset which is constructed from the trading activity

record of OANDA FXTrade. OANDA FXTrade is a 24-hours-7-days-per-week internet

trading platform mainly for retail investors. OANDA itself acts as a market maker and

sets bid and ask quotes based on an external datafeed (crossing network) and a proprietary

forecasting algorithm. Trading on OANDA is organized as margin trading with a minimum

initial margin of 2% on positions in major currency pairs and 4% in all other currency

pairs. Each trader possess a trading account on OANDA FXTrade, which is managed

in 7 possible account currencies (USD, EUR, CHF, GBP, JPY, AUD, CAD) and direct

transfers from or to his specific account can only be made in that respective account

currency. A trader can submit market orders, limit orders and special limit orders (stop-

loss, take profit) to the system. Limit orders are maintained for up to one month, and a

trader may change submitted limits at any time without incurring an extra fee.

Construction of the Dataset

The dataset that is used in our analysis is constructed from the activity record of OANDA

FXTrade, which ranges from 1st of October 2003 to 14th of May 2004 (227 days). Therein,

all trading activity of 4893 different traders in 30 possible currency pairs is recorded on a

second by second basis. Table 1 in Appendix A provides an overview of the entries in the

activity record. Depending on the transaction type, we get information on the transaction

prices (market orders, limit orders executed, stop-loss, take profit, margin call), on the

bid and ask quotes (pending limit orders), on the transaction volume and on the limits of

stop-loss and take-profit orders. Moreover, we have information on the account currency

of each trader and on each traders’ invested start position per currency pair on 1st of

October 2003 00:00:00 (Eastern Standard Time).

For each trader we compute separately the respective currency pair durations from entering

into a position until leaving it, i.e., the time he was invested in a specific currency pair.

We refer henceforth to this duration as the roundtrip (state) duration. Furthermore, we

calculate the durations for periods in which the investor was not invested in the specific

currency pair to which we refer as the inactivity (state) duration. Thus, we obtain an

alternating series of roundtrip and inactivity durations. Figure 2.1 clarifies the panel
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structure of the dataset constructed. In the empirical analysis we focus on the four most

actively traded currency pairs: EUR/USD, GBP/USD, AUD/USD, and USD/CHF.

time
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currency-pair 1 b b b
invested investednot invested invested

currency-pair 2 b b b

currency-pair 30 b b b
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Trader i

currency-pair 1 b b b

currency-pair 2 b b b
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currency-pair 30 b b b

1. October 2003 14. May 2004

Figure 2.1: Structure of the panel dataset

2.3 The Model

We propose a panel survival model with two states: m = 1 for roundtrips and m = 2 for

inactivity periods. Let i, i = 1, . . . , N denote the ith trader. For the ith trader we observe

Ci duration cycles, which are either roundtrip or inactivity durations. Let c, c = 1, . . . , Ci

denote the cth cycle of the ith trader. We do not need to distinguish between the origin and

the destination state due to the alternating behavior of roundtrip and inactivity states.

Thus, transitions from roundtrip to roundtrip as well as from inactivity to inactivity are

excluded. We denote the indicator function by dm
ic , which takes the value 1 if the ith trader

is in state m in the cth cycle and 0 otherwise. Let τ i
c denote the duration of the cth cycle

of the ith trader and let tic denote the calendar time at which the ith trader leaves the cth

cycle. Let

f(τ i
c |Ftic

) (2.1)

denote the conditional density of the duration τ i
c in which we condition on information

represented by Ft being available at the end of the respective duration at time tic. For

the ease of notation we suppress the particular conditioning information and consider
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f(τ i
c) ≡ f(τ i

c |Ftic
) in the following. We can then decompose f(τ i

c) into

f(τ i
c) =

M
∏

m=1

fm(τ i
c)

dm
ic , (2.2)

where fm(τ i
c) denotes the (conditional) mth state duration density, which can be decom-

posed into

fm(τ i
c) = θm

ic (t
i
c, τ

i
c)F̄

m(tic, τ
i
c), (2.3)

so that f(τ i
c) becomes

f(τ i
c) =

M
∏

m=1

(

θm
ic (t

i
c, τ

i
c)F̄

m(tic, τ
i
c)
)dm

ic . (2.4)

In equation (2.3)

θm
ic (t

i
c, τ

i
c), (2.5)

denotes the (conditional) intensity, i.e. the instantaneous probability at time tic, of the ith

trader for leaving the mth state in the cth cycle and

F̄ m(tic, τ
i
c) (2.6)

the corresponding (conditional) mth state survivor function, i.e. the probability that the

ith trader has not left the mth state in the cth cycle at time tic and thus survived in that

state from tic−τ i
c to tic. F̄ m(tic, τ

i
c) can be expressed in terms of the corresponding integrated

intensity given by

zm
ic (tic, τ

i
c) =

τ i
∫

0

θm
ic (t

i
c, ν)dν (2.7)

as

F̄ m(tic, τ
i
c) = exp(−zm

ic (tic, τ
i
c)), (2.8)
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so that the complete log-likelihood of the model is given by

lnL(W, β) =

N
∑

i=1

Ci
∑

c=1

M
∑

m=1

dm
ic

(

ln θm
ic (t

i
c, τ

i
c) − zm

ic (tic, τ
i
c)
)

, (2.9)

where W generically refers to the data and β is the generic symbol for all relevant param-

eters.

We propose a parameterization of θm
ic (t

i
c, τ

i
c) consisting of a Burr intensity component

being multiplicatively linked to an exponentially transformed flexible Fourier form (FFF)

(Gallant (1981)) in the following way:

θm
ic (t

i
c, τ

i
c) ≡

exp(βmxm
ic )α

m(τ i
c)

αm−1

1 + σm2 exp(βmxm
ic )(τ

i
c)

αm

· exp

(

K
∑

k=1

νm
k,s sin(2kπu(τ i

c)) + νm
k,c cos(2kπu(τ i

c))

)

for m = 1, 2, (2.10)

where xm
ic denotes the vector of state specific explanatory variables of the ith trader in

the cth cycle, and βm denotes the corresponding (state dependent) parameter vector. αm

and σm2 denote the shape and scaling parameter of the Burr distribution. K denotes the

order of the exponential FFF. νm
k,· represent the coefficients associated with the sine and

cosine terms, and u(s) ≡ 1−exp(−s) is the transformation of s (duration or the backward

recurrence time) with the property that u(s) ∈ [0, 1].

The proposed specification is quite flexible in capturing the shape of the baseline intensity.

The model nests the simple Burr specification if all νm
k,· coefficients are equal to zero, the

simple Weibull model if σm2 = 0, the simple Log-Logistic model if additionally σm2 = 1

and the simple exponential model if σm2 = 0 and αm = 1 as well as their corresponding

exponential FFF extensions for the case where νm
k,· are not equal to zero but the associated

parameter restrictions on σm2 and αm are fulfilled. The simple Burr specification can be

interpreted as mixed proportional intensity model in which the Weibull density is multi-

plicatively mixed with a Gamma distributed random variable v with mean 1 and variance

σm2. The variable v can be interpreted as a kind of random effect capturing unobserved

heterogeneity among our investors. Thus, a test of the Burr against the Weibull model

can be interpreted as a test for unobserved heterogeneity.



Individual Trading Behavior and the Disposition Effect 62

The desired flexibility of the intensity specification comes at the cost of inapplicability

of Quasi Maximum Likelihood reasoning to achieve parameter consistency and we have

to assume that the proposed specification captures the true data generating process so

that Maximum Likelihood arguments can be used to justify parameter consistency. To this

end, under the assumption of the correct specification for θm
ic , the corresponding integrated

intensities zi
cm are unit exponentially distributed and we consider ẑm

ic as generalized model

residuals which asymptotically should also be unit exponentially distributed allowing for

inference of whether the proposed intensity specification is correct.

2.4 Empirical Analysis

The empirical analysis is carried out for 4 currency pairs. In the main body of the text we

report on the results for the EUR/USD currency pair, which is by far the most actively

traded. For comparison reasons, and to show the robustness of our findings we also

analyze the GBP/USD, the AUD/USD, and the USD/CHF currency pairs, which are in

terms of trading activity number 2, 3 and 4, respectively. The corresponding results for

these 4 currency pairs are reported in Appendices B to D. For each currency pair, we

grouped the traders according to their total transaction volume over the whole period

into 20 groups in an increasing fashion. The first group contains the traders with the

smallest transaction volume (0% - 5% bin of the transaction volume distribution), and

the last group (95% - 100% bin of the transaction volume distribution) contains the traders

with the largest total transaction volume. This categorization eases the estimation of the

proposed intensity based model and allows to draw conclusions on the different trading

behavior across groups.

Descriptive Statistics

Table 2.1 summarizes the descriptive statistics for the trading in the EUR/USD currency

pair for the 20 investor groups. Descriptive statistics on the roundtrip and the inactivity

state durations, the durations separately for loss-making and profit-making roundtrips,

the profit and loss, the absolute profit and loss and the transaction volume are reported.

Furthermore, we report the percentages of whether a roundtrip is close with a special

limit order (stop-loss and take profit), whether the roundtrip involved a complex trading

strategy and whether the investor has been profitable over each of the two past roundtrips.
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Under a complex trading strategy we understand any trading pattern consisting not just

of an initial open followed by a full close.

The 20 investor groups have been ordered according to their total transaction volume and

we observe that the mean transaction volume involved in a roundtrip ranges from 144

EUR for the smallest group to around 370000 EUR for the largest groups. The maxi-

mum transaction volume ranges from 4800 EUR to 53 Mio. EUR. These figures highlight

the heterogenous composition of the investors on OANDA FXTrade with small retail and

private investors up to professional traders. Across all investor groups we observe that

a mean roundtrip duration is roughly half the length of an inactivity period, and that

from group 1 to 20 the length of a mean roundtrip duration steadily decreases from 30

to 7 hours. Thus, the small investors do not only trade with smaller volumes they also

trade less frequently than the bigger investors. Interestingly, the small investors also trade

more complicated than the bigger investors as indicated by the percentages of complex

roundtrips, consisting not simply of one open followed by a full close, which decline from

50% for group 1 to 25% for group 20. Furthermore, this observation can partly explain

the differences in the length of the roundtrip durations. Across all investor groups we

do not observe big differences in the percentages of roundtrips closed with special limit

orders (stop-loss or take-profit) which are around 20% and differences in the percentages

of successful trading which lie around 45%.

A simple comparison of the mean lengths of loss-making roundtrips with those of profit-

making roundtrips indicates for all investor groups except for groups 8 and 14 a disposition

effect since the means of the loss-making roundtrips are longer than the means of the profit-

making roundtrips. However, comparing the corresponding median values often (except

groups 9, 18, 19, 20) reveals an inverse disposition effect since the median loss-making

roundtrips are shorter than the median profit-making ones. A more detailed look on the

further quantiles shows for all groups an inverse disposition effect up to a certain quantile,

for groups 2, 7, 8, 10, 14, 15 even up to the 95% quantile, and a positive disposition

effect from that quantile onwards. These observations indicate from a pure descriptive

point of view that mean duration comparisons as carried out in many empirical studies2

which investigate the disposition effect can be misleading and might yield a distorted

and incomplete picture of the true form of the disposition effect. We observe a very

2See the literature cited in the Introduction.
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clear non-linearity in the disposition effect over the profit and loss region, which will be

further investigated in the proposed intensity framework. Here, we only compared the

distributions of the lengths of the roundtrips if the roundtrip has been profitable or not.

The estimates of intensity model in contrast will enable us comparing lengths of profitable

and loss-making roundtrips at predetermined profit and loss values ±1000 EUR, say, which

will yield a much more detailed picture of the non-linearity of the disposition effect over

the complete profit and loss region, while controlling for influences of further explanatory

variables.
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durations in hours Profit/ absolute dummy
EUR/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean

Group 1: (0%-5%), # investors 138

observations 4348.00 4283.00 1723.00 2518.00 4348.00 4348.00 4348.00 complex

mean 30.88 58.97 33.22 30.49 -0.05 0.64 144.18 trading 0.50

std. deviation 110.89 216.12 127.47 100.40 2.53 2.45 244.20 strategy

minimum 0.00 0.00 0.00 0.00 -67.32 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.03 -1.11 0.00 1.00 special

25% Quantile 0.25 0.05 0.17 0.34 -0.07 0.01 17.00 limit
0.21

50% Quantile 1.99 2.73 1.80 2.31 0.01 0.10 81.00 order

75% Quantile 17.27 26.31 15.87 19.27 0.13 0.42 170.00

95% Quantile 137.84 237.67 146.65 136.86 1.35 2.19 500.00 successful 0.41

maximum 2545.21 3722.03 2545.21 1989.13 27.43 67.32 4800.00 investor

Group 2: (5%-10%), # investors 142

observations 6374.00 6297.00 2566.00 3604.00 6374.00 6374.00 6374.00 complex

mean 22.92 42.51 24.79 22.63 -0.09 0.96 299.12 trading 0.50

std. deviation 121.53 193.55 158.93 90.03 4.37 4.26 409.72 strategy

minimum 0.00 0.00 0.00 0.00 -235.76 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.02 -1.92 0.00 5.00 special

25% Quantile 0.15 0.06 0.12 0.21 -0.12 0.03 60.00 limit
0.20

50% Quantile 0.87 1.03 0.62 1.25 0.01 0.18 180.00 order

75% Quantile 6.51 17.08 3.74 10.10 0.23 0.72 420.00

95% Quantile 96.18 166.01 92.71 101.90 2.04 3.80 1000.00 successful 0.40

maximum 4233.81 4266.44 4233.81 1980.54 51.91 235.76 7000.00 investor

Group 3: (10%-15%), # investors 147

observations 6318.00 6234.00 2611.00 3545.00 6318.00 6318.00 6318.00 complex

mean 21.42 41.22 24.98 19.69 -0.30 2.46 713.61 trading 0.44

std. deviation 116.04 189.90 137.88 99.85 19.27 19.11 889.89 strategy

minimum 0.00 0.00 0.00 0.00 -686.46 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.02 -3.78 0.01 40.00 special

25% Quantile 0.13 0.04 0.11 0.16 -0.39 0.12 200.00 limit
0.19

50% Quantile 0.74 0.89 0.60 0.91 0.04 0.47 500.00 order

75% Quantile 6.08 15.49 4.51 8.41 0.52 1.60 1000.00

95% Quantile 86.10 155.84 98.46 82.28 4.16 7.80 2000.00 successful 0.34

maximum 3389.15 4858.68 3389.15 2907.46 974.18 974.18 23000.00 investor

Group 4: (15%-20%), # investors 137

observations 8308.00 8235.00 3320.00 4725.00 8308.00 8308.00 8308.00 complex

mean 16.11 33.11 20.67 13.74 -0.48 2.57 933.77 trading 0.48

std. deviation 93.06 163.21 125.28 64.56 14.44 14.22 1083.03 strategy

minimum 0.00 0.00 0.00 0.00 -839.95 0.00 1.00 close

5% Quantile 0.02 0.00 0.02 0.03 -5.43 0.01 25.00 special

25% Quantile 0.14 0.03 0.13 0.16 -0.48 0.13 211.00 limit
0.18

50% Quantile 0.64 0.52 0.63 0.71 0.04 0.50 575.00 order

75% Quantile 4.06 10.31 3.57 4.94 0.51 1.80 1032.00

95% Quantile 67.25 130.52 72.36 64.56 4.40 8.98 3000.00 successful 0.41

maximum 4056.95 4568.80 4056.95 2517.26 634.25 839.95 16000.00 investor

Group 5: (20%-25%), # investors 142

observations 9649.00 9563.00 3635.00 5666.00 9649.00 9649.00 9649.00 complex

mean 16.29 27.46 21.63 13.75 -0.95 4.00 1295.80 trading 0.44

std. deviation 89.11 133.62 104.48 80.50 21.20 20.84 1813.66 strategy

minimum 0.00 0.00 0.00 0.00 -1169.60 0.00 1.00 close

5% Quantile 0.02 0.00 0.02 0.03 -7.83 0.01 40.00 special

25% Quantile 0.16 0.04 0.16 0.17 -0.52 0.12 200.00 limit
0.19

50% Quantile 0.69 0.78 0.72 0.74 0.06 0.60 900.00 order

75% Quantile 4.54 12.60 5.00 4.88 0.70 2.40 1698.50

95% Quantile 70.44 104.34 96.22 64.83 6.76 14.60 4094.15 successful 0.42

maximum 4031.26 4528.48 2595.92 4031.26 260.42 1169.60 50000.00 investor

Table 2.1: Descriptive statistics of the roundtrip, inactivity durations and explanatory variables
for the EUR/USD currency pair. The sample ranges from 1st October 2003 00:00:00 (EST) to
14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
EUR/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean

Group 6: (25%-30%), # investors 146

observations 10669.00 10579.00 4330.00 5855.00 10669.00 10669.00 10669.00 complex

mean 13.98 26.08 17.24 12.60 -1.27 5.21 1821.73 trading 0.42

std. deviation 71.33 115.00 81.24 66.08 23.49 22.94 2557.32 strategy

minimum 0.00 0.00 0.00 0.00 -765.85 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.02 -11.50 0.00 25.00 special

25% Quantile 0.13 0.05 0.11 0.14 -0.78 0.16 400.00 limit
0.18

50% Quantile 0.54 0.69 0.50 0.64 0.03 0.80 1000.00 order

75% Quantile 3.28 10.54 3.12 3.87 0.80 3.00 2191.50

95% Quantile 64.77 117.77 75.48 59.00 9.00 19.83 6000.00 successful 0.39

maximum 3067.68 3771.70 1850.84 3067.68 549.30 765.85 100000.00 investor

Group 7: (30%-35%), # investors 141

observations 13067.00 12986.00 5318.00 7284.00 13067.00 13067.00 13067.00 complex

mean 11.14 19.89 12.20 10.83 -0.64 5.70 2076.74 trading 0.39

std. deviation 63.69 106.03 77.85 52.88 35.23 34.78 2841.86 strategy

minimum 0.00 0.00 0.00 0.00 -1517.50 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.02 -10.00 0.00 90.00 special

25% Quantile 0.11 0.04 0.10 0.13 -0.92 0.25 500.00 limit
0.19

50% Quantile 0.48 0.47 0.44 0.58 0.06 1.00 1000.00 order

75% Quantile 2.66 7.85 2.32 3.16 1.00 3.20 2500.00

95% Quantile 46.44 81.66 44.65 48.76 8.80 18.28 7000.00 successful 0.39

maximum 2325.87 4201.72 2325.87 2035.47 1771.67 1771.67 50000.00 investor

Group 8: (35%-40%), # investors 141

observations 13083.00 12994.00 5392.00 7116.00 13083.00 13083.00 13083.00 complex

mean 9.97 20.99 10.27 10.40 -1.27 8.36 3001.59 trading 0.42

std. deviation 64.88 106.93 67.87 65.07 54.31 53.68 4166.86 strategy

minimum 0.00 0.00 0.00 0.00 -3798.30 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.02 -15.00 0.00 40.00 special

25% Quantile 0.11 0.04 0.10 0.12 -0.90 0.20 500.00 limit
0.16

50% Quantile 0.42 0.54 0.38 0.47 0.04 1.00 1240.00 order

75% Quantile 2.06 8.73 1.75 2.62 1.20 4.40 4000.00

95% Quantile 34.97 90.83 34.41 40.28 13.80 29.05 10000.00 successful 0.38

maximum 3166.38 4024.91 2011.06 3166.38 1877.60 3798.30 60000.00 investor

Group 9: (40%-45%), # investors 149

observations 14464.00 14369.00 5343.00 8614.00 14464.00 14464.00 14464.00 complex

mean 9.34 19.37 11.05 8.73 -1.44 9.14 3806.51 trading 0.43

std. deviation 51.15 103.64 63.36 43.54 50.85 50.05 5673.49 strategy

minimum 0.00 0.00 0.00 0.00 -2397.20 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.02 -17.39 0.00 50.00 special

25% Quantile 0.13 0.05 0.13 0.13 -0.84 0.30 575.00 limit
0.18

50% Quantile 0.50 0.42 0.54 0.51 0.12 1.30 2000.00 order

75% Quantile 2.52 6.03 2.74 2.62 1.65 5.60 5000.00

95% Quantile 38.39 85.45 44.83 37.10 17.00 32.00 12000.00 successful 0.44

maximum 1677.39 5025.12 1677.39 1581.63 691.00 2397.20 120000.00 investor

Group 10: (45%-50%), # investors 146

observations 14678.00 14596.00 5795.00 8253.00 14678.00 14678.00 14678.00 complex

mean 10.77 19.54 13.20 9.66 -1.79 11.75 4630.25 trading 0.36

std. deviation 65.76 105.01 85.06 50.79 56.35 55.14 6923.37 strategy

minimum 0.00 0.00 0.00 0.00 -2598.16 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.02 -22.82 0.00 71.00 special

25% Quantile 0.13 0.05 0.12 0.13 -1.04 0.32 798.50 limit
0.18

50% Quantile 0.52 0.50 0.54 0.55 0.12 1.60 2280.00 order

75% Quantile 2.88 7.23 2.95 3.08 2.00 7.00 5148.50

95% Quantile 45.54 77.61 46.27 47.39 21.00 43.00 19010.00 successful 0.40

maximum 2225.20 4650.45 2225.20 2145.47 1040.64 2598.16 125027.00 investor

Table 2.1 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the EUR/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
EUR/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean

Group 11: (50%-55%), # investors 146

observations 14824.00 14749.00 5881.00 8349.00 14824.00 14824.00 14824.00 complex

mean 10.72 20.51 12.58 10.06 -2.38 15.20 6017.88 trading 0.40

std. deviation 62.17 102.80 73.33 55.35 80.69 79.28 8732.65 strategy

minimum 0.00 0.00 0.00 0.00 -3027.00 0.00 1.00 close

5% Quantile 0.02 0.01 0.01 0.02 -28.00 0.00 65.00 special

25% Quantile 0.12 0.05 0.11 0.14 -1.90 0.50 1000.00 limit
0.20

50% Quantile 0.49 0.46 0.44 0.57 0.11 2.30 3000.00 order

75% Quantile 2.70 6.80 2.49 3.12 2.73 9.00 8997.00

95% Quantile 43.11 90.84 47.76 42.23 26.29 55.00 20000.00 successful 0.40

maximum 2185.84 3369.36 2185.84 1858.51 2760.20 3027.00 310000.00 investor

Group 12: (55%-60%), # investors 144

observations 14845.00 14759.00 5706.00 8453.00 14845.00 14845.00 14845.00 complex

mean 10.84 20.77 14.47 9.10 -3.85 18.92 7169.12 trading 0.37

std. deviation 65.68 97.34 80.90 55.89 98.18 96.42 10436.24 strategy

minimum 0.00 0.00 0.00 0.00 -3421.40 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.03 -33.00 0.00 180.00 special

25% Quantile 0.12 0.07 0.12 0.13 -2.00 0.50 1000.00 limit
0.22

50% Quantile 0.43 0.50 0.44 0.45 0.20 2.40 3250.00 order

75% Quantile 2.18 7.51 2.29 2.31 2.88 9.79 10000.00

95% Quantile 46.26 91.57 64.50 38.82 30.18 66.50 27000.00 successful 0.41

maximum 2373.72 3034.45 2137.58 2373.72 2552.80 3421.40 300000.00 investor

Group 13: (60%-65%), # investors 147

observations 18939.00 18842.00 8053.00 10103.00 18939.00 18939.00 18939.00 complex

mean 8.42 15.26 9.57 8.05 -2.99 18.95 8350.72 trading 0.31

std. deviation 54.63 78.73 66.33 45.59 123.18 121.75 14026.45 strategy

minimum 0.00 0.00 0.00 0.00 -5893.00 0.00 1.00 close

5% Quantile 0.02 0.00 0.02 0.02 -35.20 0.00 100.00 special

25% Quantile 0.11 0.04 0.10 0.12 -2.80 0.60 1047.75 limit
0.18

50% Quantile 0.41 0.28 0.40 0.45 0.10 3.00 5000.00 order

75% Quantile 1.94 3.99 1.83 2.24 3.30 11.00 10000.00

95% Quantile 27.28 67.58 31.05 28.20 29.00 62.00 30000.00 successful 0.36

maximum 2661.71 2342.16 2661.71 1914.52 7395.00 7395.00 450000.00 investor

Group 14: (65%-70%), # investors 147

observations 18462.00 18366.00 7809.00 9782.00 18462.00 18462.00 18462.00 complex

mean 7.41 16.13 7.38 7.95 -3.32 26.72 11921.28 trading 0.37

std. deviation 45.15 78.60 44.65 47.41 159.78 157.56 17266.69 strategy

minimum 0.00 0.00 0.00 0.00 -9412.50 0.00 1.00 close

5% Quantile 0.02 0.01 0.01 0.03 -45.00 0.00 360.20 special

25% Quantile 0.10 0.05 0.09 0.12 -4.20 1.09 2700.00 limit
0.17

50% Quantile 0.34 0.37 0.30 0.41 0.20 4.72 7000.00 order

75% Quantile 1.53 5.30 1.35 1.88 5.00 15.00 14050.00 over-

95% Quantile 25.65 71.58 26.31 27.85 45.00 92.00 40021.20 confident 0.36

maximum 1895.68 3005.62 1895.68 1831.42 9162.00 9412.50 400000.00 investor

Group 15: (70%-75%), # investors 146

observations 21653.00 21574.00 8818.00 11878.00 21653.00 21653.00 21653.00 complex

mean 7.23 13.78 8.23 6.96 -5.15 28.35 12325.48 trading 0.39

std. deviation 47.60 73.51 58.54 39.74 234.58 232.91 19915.76 strategy

minimum 0.00 0.00 0.00 0.00 -24175.85 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.02 -50.57 0.00 100.00 special

25% Quantile 0.09 0.03 0.08 0.11 -3.00 0.66 1200.00 limit
0.18

50% Quantile 0.35 0.23 0.33 0.40 0.14 4.00 6000.00 order

75% Quantile 1.56 3.51 1.45 1.81 4.50 16.20 15000.00

95% Quantile 23.36 65.74 23.37 24.75 46.00 95.00 50000.00 successful 0.38

maximum 1869.31 2396.31 1869.31 1544.82 4196.34 24175.85 1000000.00 investor

Table 2.1 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the EUR/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
EUR/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean

Group 16: (75%-80%), # investors 146

observations 23314.00 23224.00 9502.00 12798.00 23314.00 23314.00 23314.00 complex

mean 6.93 13.93 7.54 6.89 -8.25 37.19 17838.46 trading 0.29

std. deviation 39.39 73.25 45.28 35.99 175.54 171.75 26604.71 strategy

minimum 0.00 0.00 0.00 0.00 -6623.00 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.02 -79.82 0.00 432.70 special

25% Quantile 0.11 0.03 0.10 0.12 -6.00 1.54 3144.00 limit
0.17

50% Quantile 0.38 0.23 0.38 0.41 0.35 6.50 10000.00 order

75% Quantile 1.88 3.14 1.79 2.12 7.10 22.66 20000.00

95% Quantile 25.49 66.99 26.93 26.15 63.00 137.03 60000.00 successful 0.38

maximum 1682.17 2374.48 1682.17 1488.00 2421.40 6623.00 500000.00 investor

Group 17: (80%-85%), # investors 147

observations 23522.00 23412.00 8917.00 13508.00 23522.00 23522.00 23522.00 complex

mean 6.39 13.85 7.74 5.93 -7.20 46.77 24291.91 trading 0.39

std. deviation 33.96 74.53 43.38 27.58 196.01 190.49 32220.84 strategy

minimum 0.00 0.00 0.00 0.00 -10151.60 0.00 1.00 close

5% Quantile 0.02 0.01 0.01 0.02 -100.00 0.01 1000.00 special

25% Quantile 0.11 0.04 0.10 0.12 -7.60 2.04 5000.00 limit
0.24

50% Quantile 0.39 0.28 0.38 0.43 0.90 10.00 13500.00 order

75% Quantile 1.78 4.29 1.73 1.96 11.00 33.00 30000.00

95% Quantile 23.78 68.00 27.99 23.86 85.00 179.87 100000.00 successful 0.42

maximum 1534.95 3447.64 1534.95 886.31 3590.00 10151.60 1040400.00 investor

Group 18: (85%-90%), # investors 145

observations 20982.00 20884.00 8117.00 11823.00 20982.00 20982.00 20982.00 complex

mean 6.82 14.48 8.42 6.21 -15.48 85.08 40069.26 trading 0.36

std. deviation 45.85 72.50 58.38 37.18 543.92 537.45 52697.31 strategy

minimum 0.00 0.00 0.00 0.00 -45935.70 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.02 -166.50 0.00 1161.10 special

25% Quantile 0.10 0.05 0.10 0.10 -16.69 4.02 10000.00 limit
0.19

50% Quantile 0.36 0.41 0.38 0.37 1.30 18.00 23329.00 order

75% Quantile 1.68 5.36 1.70 1.81 18.18 56.12 50000.00

95% Quantile 23.23 69.43 26.45 22.56 140.00 279.00 125000.00 successful 0.40

maximum 2232.12 3465.18 2232.12 1555.09 15169.50 45935.70 1200000.00 investor

Group 19: (90%-95%), # investors 146

observations 23261.00 23180.00 8378.00 13910.00 23261.00 23261.00 23261.00 complex

mean 7.41 12.91 9.04 6.82 -12.93 126.84 62529.85 trading 0.25

std. deviation 41.42 72.74 49.41 37.28 575.81 561.81 85607.01 strategy

minimum 0.00 0.00 0.00 0.00 -18630.00 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.02 -250.00 0.02 1000.00 special

25% Quantile 0.11 0.04 0.11 0.12 -12.50 4.60 10000.00 limit
0.26

50% Quantile 0.40 0.29 0.42 0.41 2.05 20.00 30000.00 order

75% Quantile 1.93 3.26 2.18 1.95 28.00 80.00 90462.00

95% Quantile 27.68 62.76 35.91 26.72 240.00 478.39 200000.00 successful 0.45

maximum 1824.01 2480.13 1698.30 1824.01 34727.50 34727.50 1200000.00 investor

Group 20: (95%-100%), # investors 149

observations 26325.00 26237.00 9172.00 15910.00 26325.00 26325.00 26325.00 complex

mean 7.81 12.37 10.14 7.00 -53.40 880.21 366229.32 trading 0.26

std. deviation 52.41 62.10 67.75 43.46 10674.13 10637.91 1047316.73 strategy

minimum 0.00 0.00 0.00 0.00 -809400.00 0.00 1.00 close

5% Quantile 0.02 0.01 0.01 0.02 -858.75 0.05 6000.00 special

25% Quantile 0.09 0.04 0.10 0.10 -41.42 16.50 45000.00 limit
0.25

50% Quantile 0.35 0.30 0.41 0.34 10.00 76.62 100000.00 order

75% Quantile 1.69 3.75 2.12 1.66 100.00 295.00 300000.00

95% Quantile 26.86 63.28 41.78 24.37 1140.00 2350.00 1400000.00 successful 0.46

maximum 3284.07 3485.18 3284.07 1296.50 688400.00 809400.00 53000000.00 investor

Table 2.1 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the EUR/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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Estimation Results

The maximum likelihood estimation results of the panel intensity model for all four cur-

rency pairs for all 20 investor groups are presented in Tables 2.9 to 2.13 in Appendix C.

Into the model setup presented in equations (2.9) and (2.10), we include the explanatory

variables xm
ic described in Table 2.2 for the roundtrip (m = 1) and the inactivity state

(m = 2).

Variable Description Roundtrip Par. Inactivity Par.

constant c1 c2

dummy – if successfull c1
sc c2

sc

duration of previous roundtrip β1
dr(−1) β2

dr(−1)

duration of previous inactivity period β1
di(−1) β2

di(−1)

maximum invested volume during roundtrip β1
vol –

dummy – if special limit order close c1
sl –

dummy – if complex trading strategy c1
cx –

profit over roundtrip β1
p –

profit2 over roundtrip β1
p2 –

profit3 over roundtrip β1
p3 –

interaction – profit & successfull β1
p∗sc –

interaction – profit & special limit order close β1
p∗sl –

interaction – profit & complex trading strategy β1
p∗cx –

loss over roundtrip β1
p –

loss2 over roundtrip β1
l2

–

loss3 over roundtrip β1
l3

–

interaction – loss & successfull β1
l∗sc –

interaction – loss & special limit order close β1
l∗sl –

interaction – loss & complex trading strategy β1
l∗cx –

Table 2.2: Description of explanatory variables and associated parameters. All explanatory
variables except the constants are trader i and cycle c specific.

Concerning the goodness-of-fit of the model, we clearly observe for all four currency pairs

and always for all 20 groups that the parameters νm
k,· of the exponential FFF are jointly

highly significant for both the roundtrip and inactivity state. The null hypothesis that

the scaling parameter σm2 = 0, which is the test of a Weibull against a Burr specification

can for EUR/USD 2, for GBP/USD 11, for AUD/USD 17 and for USD/CHF 18 times

(out of 20 groups) not be rejected on a 10% level for the roundtrip component and for
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the inactivity component accordingly 8, 15, 15 and 17 times. Thus, in particular for the

less frequently traded currency pairs a combination of Weibull baseline intensity and an

exponential FFF might have been sufficient. This test can furthermore be interpreted as

a test for unobserved heterogeneity, which should be captured through the mixture of the

Weibull density with a Gamma distributed random variable with unit mean and variance

σm2. Since unobserved heterogeneity can to a great extend be associated with an omitted

variable problem, our test results can be interpreted in such a way that especially for the

less actively traded currency pairs the set of observable explanatory variables is sufficient

to describe the underlying data generating process satisfactorily.

The estimated baseline intensities for the roundtrip states for the EUR/USD currency pair

for all 20 groups are depicted in Figure 2.2 and for the other currency pairs in Figures

2.9, 2.12 and 2.15 in Appendix C. We observe a quite similar pattern across all currency

pairs and all investor groups: altogether a declining baseline intensity function, with local

minima after half a day and one-and-a-half day and local maxima after one day and two

days. This pattern reflects quite well certain habit persistencies in trading behavior and

preferences on trading times, which might in part be explained by regular office hours and

overnight effects. In Table 2.3 for EUR/USD and Tables 2.11, 2.12 and 2.14 in Appendix

C for the other currency pairs, we report on the means and the standard deviations of the

raw roundtrip and inactivity duration series (pooled over investors) and their associated

residual series. Figures 2.3 and 2.4 for EUR/USD as well as Figures 2.10, 2.11, 2.13, 2.14

and 2.16, 2.17 in Appendix C for the other three currency pairs, depict the corresponding

QQ-plots for the roundtrip and inactivity residual series for all 20 investor groups. While

we observe a slight underdispersion in the inactivity state residual series, which is due

the inappropriate fit in the large quantiles, the roundtrip state residual series are very

close to an unit exponential distribution. Altogether, the properties of the residual series

show an extremely good fit of the proposed Burr baseline intensity model extended by an

exponential FFF, in particular when being compared to the residual series of standard

baseline intensity specifications without FFF augmentation, which have in used in previous

drafts of this paper, but are no longer reported here.
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Figure 2.2: Estimated baseline intensities for EUR/USD. The plots correspond from the upper
left panel to the lower right one to investor groups 1 to 20.



Individual Trading Behavior and the Disposition Effect 72

roundtrip inactivity roundtrip inactivity

raw res raw res raw res raw res

1 2

mean 1.29 1.00 2.46 1.00 0.96 1.00 1.77 1.00

std 4.62 0.98 9.00 0.93 5.06 0.97 8.06 0.94

3 4

mean 0.89 1.00 1.72 1.00 0.67 1.00 1.38 1.00

std 4.84 0.98 7.91 0.93 3.88 0.98 6.80 0.93

5 6

mean 0.68 1.00 1.14 1.00 0.58 1.00 1.09 1.00

std 3.71 0.98 5.57 0.94 2.97 0.99 4.79 0.94

7 8

mean 0.46 1.00 0.83 1.00 0.42 1.00 0.87 1.00

std 2.65 0.98 4.42 0.95 2.70 0.98 4.46 0.95

9 10

mean 0.39 1.00 0.81 1.00 0.45 1.00 0.81 1.00

std 2.13 0.97 4.32 0.95 2.74 0.98 4.38 0.95

11 12

mean 0.45 1.00 0.85 1.00 0.45 1.00 0.87 1.00

std 2.59 0.98 4.28 0.95 2.74 0.98 4.06 0.96

13 14

mean 0.35 1.00 0.64 1.00 0.31 1.00 0.67 1.00

std 2.28 0.97 3.28 0.95 1.88 0.98 3.28 0.96

15 16

mean 0.30 1.00 0.57 1.00 0.29 1.00 0.58 1.00

std 1.98 0.98 3.06 0.94 1.64 0.98 3.05 0.95

17 18

mean 0.27 1.00 0.58 1.00 0.28 1.00 0.60 1.00

std 1.42 0.97 3.11 0.95 1.91 0.97 3.02 0.95

19 20

mean 0.31 1.00 0.54 1.00 0.33 1.00 0.52 1.00

std 1.73 0.97 3.03 0.96 2.18 0.97 2.59 0.95

Table 2.3: Mean and standard deviation of the raw and
the residual series for the EUR/USD currency pair of the
roundtrip and inactivity states for investor groups 1 to 20.
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Figure 2.3: Quantile-Quantile plots of the roundtrip residual series against the unit exponential
distribution for the EUR/USD currency pair. The plots correspond from the upper left panel to
the lower right one to investor groups 1 to 20.
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Figure 2.4: Quantile-Quantile plots of the inactivity residual series against the unit exponential
distribution for the EUR/USD currency pair. The plots correspond from the upper left panel to
the lower right one to investor groups 1 to 20.
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Interpretation of the Estimation Results and a Detailed Look at

the Disposition Effect

The parameter estimates β1
di(−1), β1

dr(−1), β2
di(−1) and β2

dr(−1) in Tables 2.9 to 2.13 in Ap-

pendix C, which capture the influences of the previous roundtrip and previous inactivity

durations on both the current roundtrip and inactivity intensity are for all four currency

pairs and across all 20 investor groups always negative. Most of them are negative and

highly significant with only 10, 15 and 25 exceptions out of 320 cases on the 10%, 5%

and 1% level, respectively. For the EUR/USD currency pair all coefficients are always

negative and highly significant. Thus, we observe a very clear clustering pattern in the

trading activity since longer (shorter) durations are followed by lower (higher) intensities

for exiting the roundtrip and inactivity states.

c1
cx which is the coefficient on the dummy variable, which takes on the value of one if a

roundtrip consists of more than one open followed by a full close and therefore indicates

a complex trading strategy over a roundtrip, is also for all four currency pairs and across

all 20 investor groups highly significant and negative, with only 1 exception on the 1%

level out of 80 cases. Thus, this coefficient captures the effect that roundtrips involving a

more complex trading strategy are simply longer.

c1
sl is the coefficient on the dummy variable indicating whether a roundtrip is closed by a

special limit (stop-loss or take-profit) order. Special limit orders, as opposed to standard

limit orders, are in OANDA FXTrade usually submitted jointly with the opening order

for the position. Hence, they reflect extremely cautious and passive trading behavior,

since the submitter wants to protect himself from severe losses or wants to realize a profit

when a certain threshold is hit. In both cases, it is less likely that the trader will ac-

tively monitor the market and react to new information immediately, than if he had not

submitted the special limit order. On the one hand, such behavior can be interpreted

either as quite sophisticated and experienced trading since the trader is aware of the fact

that he will not be able to follow the market and thus ensures his positions against high

risk periods. On the other hand, it can be interpreted as uniformed and unexperienced

trading since the trader does not expect to have access to private information which he

could exploit with an active trading strategy. Nevertheless, when a roundtrip has been

closed by executing a special limit order the profit and loss region has been bounded at
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least in one direction a priori. The sign of c1
sl with one exception is always negative and on

a 5% significance level is significant and negative for 18 groups for EUR/USD, 14 groups

for GBP/USD, 7 groups for AUD/USD and 11 groups for CHF/USD, where rejections

for the less frequently traded currency pairs tend to occur in the smaller investor groups.

Thus, c1
sl captures for all currency pairs and almost all investor groups the tendency of

roundtrips which are closed by special limit orders and rely in part on passive trading

strategies to be longer.

c1
sc is the coefficient on the dummy variable, which takes on the value of one if the investor

has been profitable in the last two roundtrips. On a 5% significance level the coefficient

c1
sc is significant only 6 times for EUR/USD and only very seldom (only 4 times) for

the remaining currency pairs. However, whenever c1
sc is significant it is positive, which

shows that successful investors generate higher trading activity. An observation, which

accompanies this finding is that c2
sc measuring the effect of past trading success on the

inactivity intensity is across all currency pairs for 26 groups positive and only for 5 groups

negative on a 10% level, thus indicating that also the inactivity periods become shorter

which implies again more trading activity. Numerous theoretical models (among others

Daniel, Hirshleifer & Subrahmanyam (1998), Odean (1998b), Wang (1998), Gervais &

Odean (2001) and Scheinkman & Xiong (2003)) put overconfidence forward as an ex-

planation for excess trading volumes and empirical evidence is for instance provided by

De Bondt & Thaler (1995), Barber & Odean (2001a) and Statman, Thorley & Vorkink

(2006) with low frequency data. Self-attribution bias (Wolosin, Sherman & Till (1973))

caused by the wrong interpretation of past trading success can be considered as one facet

of overconfidence and is usually distinguished from overconfidence caused by biased per-

ceptions of the precision of private information (Alpert & Raiffa (1982) and Lichtenstein,

Fischhoff & Phillips (1982)). Thus, the above finding might to a certain extent reflect

the effect of self-attribution bias on trading activity. The coefficient β1
vol capturing the

effect of the maximum invested trading volume during a roundtrip is on a 1% significance

level across all currency pairs for 79 of the 80 investor groups positive. It very clearly

indicates that higher trading volumes imply shorter roundtrip durations, which can also

be interpreted to mean that an increasing degree of overconfidence approximated by the

size of trading volume implies also more trading activity. From a different point of view

the above effects could simply reflect higher trading activity in terms of both transaction
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size and transaction frequency caused by the presence of news.

Let us now address the detailed analysis of the disposition effect. In terms of the roundtrip

intensity we consider the following definition of the disposition effect.

Definition: Disposition Effect

The tendency to hold losses longer than corresponding profits, reformulated in terms of the

roundtrip intensity, is a smaller intensity (instantaneous probability to leave the roundtrip

state) for losses than for corresponding profits.

This definition only requires that for a given loss amount there is a smaller intensity than

for the corresponding profit amount. It does not require that the difference between the

intensity for losses and the intensity for profits be constant over the length of the holding

period nor constant over the associated money amount.

The absence of a disposition effect is hence described by a roundtrip intensity which is

axially symmetric at zero over the profit and loss region. In this case the probability

to leave the roundtrip state would be exactly the same for a x > 0 units-of-the-base-

currency-loss than for a x > 0 units-of-the-base-currency-profit. In Figure 2.5 we depict

the estimated roundtrip intensity as a function of the profit and loss for all 20 investor

groups for the EUR/USD currency pair. All further explanatory variables have been set

to their mean values. The corresponding graphs for the remaining currency pairs are

relegated to Appendix D. The graphs are standardized so that the points -1 and 1 on the

x-axis correspond to the negative and positive mean absolute profit/loss realized in the

associated group, respectively. The outer values ± 5 appear to roughly correspond to a

quantile between the 95% and the 98% quantile of the absolute profit/loss distribution.

The upward (downward) sloping connection lines in the inner region indicate a positive

(negative) disposition effect with respect to that particular profit/loss size.

For all groups we observe for small profits and losses an inverse disposition effect (down-

ward sloping lines) and especially for the small investor groups (1-8) the usual disposition

effect for larger profits and losses (upward sloping lines). The bigger investor groups (12-

19) do not reveal a disposition effect even for larger profits and losses and group 20 –

the group with the biggest investors – again shows a disposition effect for larger profits

and losses, which might be explained by several extremely high losses with long roundtrip
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durations within this group. See also the descriptive statistics in Table 2.1. In general, we

observe for the EUR/USD a non-linear shape of the disposition effect being inverted for

small profit and loss amounts and positive for larger ones. There is also a slight tendency

for bigger investors to experience a weaker disposition effect and a stronger inverted dis-

position effect. The general non-linear pattern of the disposition effect can also be found

for all investor groups in the other three currency pairs (see Figures 2.18, 2.22 and 2.26

in Appendix D). However, for the other three currency pairs there is little evidence to

suggest that the groups with the bigger investors possess a less pronounced disposition

effect. Altogether, for GBP/USD 11, for AUD/USD 13 and for USD/CHF 24 investor

groups reveal a positive disposition for larger profits and losses.

In the literature several studies (Odean (1998a), Shapira & Venezia (2001) and Grinblatt

& Keloharju (2001) among others) document that the “average investor” exhibits the dis-

position effect and the studies of Odean (1998a), Ivkovich et al. (2005), Feng & Seasholes

(2005) stress a tax argument (e.g., Stiglitz (1983) and Constantinides (1984)) that the

disposition effect is diminished, disappears, or is inverted, since in the presence of taxes

losses should be immediately realized after their occurrence. However, Dhar & Zhu (2006)

show that even in the absence of tax effects, up to one fifth of their investors exhibit an

inverse disposition effect.

Without relying on the tax argument an alternative explanation for the inverted dispo-

sition effect is given by the fact that investors want to insure themselves against large

losses by submitting limit orders with tight limits which would also yield a diminished or

an inverse disposition effect for small loss amount. Stop-loss orders represent the most

aggressive form of such limit orders and their effect on the disposition effect is analyzed

below. Thereby, we compare profit-making roundtrips closed by take-profit orders with

loss-making roundtrips closed with stop-loss orders. A counter argument for this point of

view is provided by adopting the usual convention of Glosten (1994) and Seppi (1997),

that roundtrips closed by special limit orders can be considered as roundtrips being com-

pleted by (temporarily) patient or uninformed investors, which accordingly should reveal

a higher degree of disposition. A large part of the literature on the disposition effect

and further behavioral biases in general concentrate on the discrimination between the

levels of which investors are prone to behavioral biases. Shapira & Venezia (2001) find
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that individual (less informed and less sophisticated) investors are more affected by the

disposition effect than institutional investors, supporting the statement of Ross (1999)

that institutional investors are more rational. Dhar & Zhu (2006) find that wealthier,

more experienced and professional investors exhibit a smaller disposition effect. Locke &

Mann (2005a) and Brown et al. (2006), however, provide evidence that intuitional and

professional investors are subject to behavioral biases as well. A similar result is found

for less sophisticated and experienced Chinese investors by Chen et al. (2007). They find

that their investors are contemporaneously subject to several behavioral biases such as the

disposition effect, overconfidence, representative biases and narrow framing. The results

of our analysis discussed above also provide only mixed evidence for the tendency that

more sophisticated and experienced investors, according to their transaction size, possess

a smaller disposition effect. However, we further investigate below whether unsuccessful

investors possess a stronger form of the disposition effect, which in part would complement

the finding that less sophisticated investors are more prone to a disposition effect.

The impact of special limit orders (stop-loss and take-profit) on the disposition effect is

depicted in Figure 2.6 for EUR/USD. In this figure, we directly plot the difference be-

tween the roundtrip intensity for the profit region and the roundtrip intensity for the

loss region again for all investor groups for EUR/USD. Hence, a positive value describes

a positive disposition effect and a negative value an inverse one. The solid line illus-

trates the shape of the disposition effect if roundtrips are closed by special limit orders

and the short dashed line if not. Both lines are the results of the coefficients β1
p∗sl and

β1
l∗sl on the corresponding interaction terms. The whiskers at the bottom of the plots

represent the absolute profit and loss distribution. Again, the graphs are presented in a

standardized way across investor groups, the value 1 on the x-axis always represents the

mean absolute profit/loss within a group and the value 5 roughly corresponds to a quan-

tile between the 95% and the 98% quantile of the absolute profit/loss distribution. We

observe, very clearly and consistent across all investor groups that roundtrips which are

closed by special limit orders show a less pronounced disposition effect, which is always

negative for all 20 investor groups. Thus, we find very clear evidence that the general

inverse disposition effect for small profit and losses observed above is driven by roundtrips

closed with special limit orders, representing the trading behavior of cautious, patient

and possibly uniformed investors relying on a passive trading strategy. On the contrary,
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the general positive disposition effect for larger profits and losses is more pronounced for

roundtrips not closed by special limit orders and thus mainly driven by market orders

being submitted by traders in periods in which they actively track the market. More-

over, we observe across all investor groups that the distance between the short-dashed

and the solid line becomes larger for larger investors, which indicates a stronger impact of

the type of order being used to close a roundtrip on the dispostion effect for larger than

for smaller investors. This result is highly significant according to the Likelihood-Ratio

(LR) test presented in the first panel of Table 2.4. The validity of this observation is

further confirmed by the graphs of the other currency pairs (Figures 2.19, 2.23 and 2.27

in Appendix D) and the corresponding LR tests (Tables 2.4, 2.15 and 2.17 in Appendix D).

The effect of past trading success on the disposition is presented in Figure 2.7 for EUR/USD.

The construction of the graphs is the same as in the case for special limit orders. The solid

line represents the effect if the roundtrip is closed by an investor who has been profitable

in over the last two roundtrips and the short-dashed line if not. We observe for all investor

groups, except groups 3,4 and 8, the tendency of a more pronounced negative disposition

effect over the complete profit/loss region if the roundtrip is closed by an investor who

has not been successful (short-dashed line). This tendency also seems to be increasing

over the size of investors since the distance between the solid and the short-dashed lines

becomes wider the larger the investors. This is further reflected by the LR-tests in the

second panel of Table 2.4 in which the effect of past trading success on the disposition

effect is not significant, especially for smaller investor groups or can be rejected on lower

significance levels. This result is generally very robust for the other currency pairs (Fig-

ures 2.20, 2.24 and 2.28 in Appendix D), although for the less actively traded currencies

the LR-tests of whether past trading success has a significant influence on the disposition

can be rejected for more investor groups. Thus, we find that unsuccessful investors reveal

a stronger inverse disposition effect.

A further interesting question which can be analyzed in our model setup is whether in-

vestors with complex trading strategies reveal a different disposition effect than investors

trading with simple open-hold-full-close strategies. Figure 2.8 and Figures 2.21, 2.25 and

2.29 in Appendix D depict the corresponding graphs concerning this effect. Although

there is no general effect from complex trading on the disposition effects, all graphs reveal
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the tendency, for small profits and losses, for the inverse disposition effect to be intensified

if roundtrips rely on complex trading strategies. For larger profits and losses this effect is

then often reverted strengthening a positive disposition effect in this region. Out of the

80 cases for the 20 investor groups in the four currency pairs the corresponding LR-tests

reveal that this pattern is only significant on the 10% level for 32 groups and in 9 of these

cases we observe a reverse in the impact of complex trading on the strength of the disposi-

tion effect. Thus, we find only a slight indication that investors applying complex trading

strategies possess a smaller disposition effect. These observations certainly need a more

in depth investigation, but are generally in line with the finding that more experienced

investors, which might apply more complex trading algorithms, possess a less pronounced

disposition effect and hence complement the finding on the general distribution of the

disposition effect over investor groups.
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Figure 2.5: Illustration of the disposition effect for EUR/USD. The plots correspond from the
upper left panel to the lower right one to investor groups 1 to 20. Each plot shows the intensity
to leave the roundtrip state (y-axis) over a standardized profit/loss region (x-axis). The points -1
and 1 on the x-axis correspond to the negative and positive mean absolute profit/loss, respectively,
realized in the associated group. The upward (downward) sloping connection lines indicate a
positive (negative) disposition effect in this region.
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Figure 2.6: Impact of special limit orders on the disposition effect for the EUR/USD currency
pair. The plots correspond from the upper left panel to the lower right one to investor groups 1 to
20. Each plot shows the difference of the roundtrip intensity for profits and the roundtrip intensity
for losses. The point 1 on the x-axis corresponds to the mean absolute profit/loss realized in the
associated group. The solid line represents the case if a roundtrip is closed by a special limit order
and the short dashed line if not. The whiskers at the bottom of the graphs represent the absolute
profit/loss distribution.
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Figure 2.7: Impact of past trading success on the disposition effect for the EUR/USD currency
pair. The plots correspond from the upper left panel to the lower right one to investor groups 1 to
20. Each plot shows the difference of the roundtrip intensity for profits and the roundtrip intensity
for losses. The point 1 on the x-axis corresponds to the mean absolute profit/loss realized in the
associated group. The solid line represents the case if a roundtrip is closed by an overconfident
investor and the short dashed line if not. The whiskers at the bottom of the graphs represent the
absolute profit/loss distribution.
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Figure 2.8: Impact of complex trading strategies during a roundtrip on the disposition effect for
the EUR/USD currency pair. The plots correspond from the upper left panel to the lower right
one to investor groups 1 to 20. Each plot shows the difference of the roundtrip intensity for profits
and the roundtrip intensity for losses. The point 1 on the x-axis corresponds to the mean absolute
profit/loss realized in the associated group. The solid line represents the case if a complex trading
strategy is applied and the short dashed line if not. The whiskers at the bottom of the graphs
represent the absolute profit/loss distribution.
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Likelihood Ratio Test: special limit order close

1 2 3 4 5 6 7 8 9 10

LR-Stat 93.6239 6.5816 20.8089 52.1358 49.5902 59.4559 28.9696 23.7222 10.4875 37.8483

p-value 0.0000 0.0372 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0053 0.0000

11 12 13 14 15 16 17 18 19 20

LR-Stat 54.4719 44.8365 103.5667 95.0349 9.5744 174.2150 50.0627 46.3760 42.0606 81.4059

p-value 0.0000 0.0000 0.0000 0.0000 0.0083 0.0000 0.0000 0.0000 0.0000 0.0000

Likelihood Ratio Test: past trading success

1 2 3 4 5 6 7 8 9 10

LR-Stat 2.1367 2.9021 10.2760 1.3454 0.8577 8.6168 63.7331 14.7605 23.3056 2.3655

p-value 0.3436 0.2343 0.0059 0.5103 0.6513 0.0135 0.0000 0.0006 0.0000 0.3064

11 12 13 14 15 16 17 18 19 20

LR-Stat 43.1236 23.9128 17.5150 5.1972 10.4448 15.9229 33.0603 21.0800 114.9656 14.8011

p-value 0.0000 0.0000 0.0002 0.0744 0.0054 0.0003 0.0000 0.0000 0.0000 0.0006

Likelihood Ratio Test: complex trading strategy

1 2 3 4 5 6 7 8 9 10

LR-Stat 3.2407 3.3686 5.3949 11.4362 0.7800 2.5850 1.5802 8.9617 23.8882 7.6879

p-value 0.1978 0.1856 0.0674 0.0033 0.9618 0.2746 0.4538 0.0113 0.0000 0.0214

11 12 13 14 15 16 17 18 19 20

LR-Stat 0.1195 8.3695 7.6152 2.9698 60.0576 1.8733 4.7229 3.3728 21.4976 2.1144

p-value 0.9420 0.0152 0.0222 0.2265 0.0000 0.3919 0.0943 0.1852 0.0000 0.3474

Table 2.4: Test statistics and p-values for the likelihood ratio test for the full model specification
against the restricted model specifications (special limit order close, past trading success and
complex trading strategy) for EUR/USD. The test statistics for all tests are χ2

2
-distributed.

2.5 Conclusion

This paper investigates the trading behavior of a heterogenous set of foreign exchange

market traders on the basis of the trading activity dataset from OANDA FXTrade by

applying a panel survival approach. Individual trading processes are decomposed into

roundtrip periods defined as the time elapsed between entering into an investment and

leaving it, and inactivity periods are defined as the time between two roundtrips. A panel

survival model relying on a flexible mixed proportional intensity specification accounting

for individual unobserved heterogeneity is suggested for capturing the true data gener-

ating process of these two alternating duration processes. We show that our modelling

framework is very well suited to characterizing the properties of data generating process

and especially that the proposed Burr intensity specification extended by an exponentially

transformed flexible Fourier form describes the true baseline intensity very well.

Time is considered to be the central element in our model which we use for the investigation

of individual trading behavior and the disposition effect. We primarily focus on the

detailed characterization of the shape of the disposition effect over the complete profit

and loss region, the links between the disposition effect and special limit orders, past

trading success and complex trading behavior as well as discrimination of the disposition
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effect across the size and the degree of experience of our investors.

Our main findings are that i) the general disposition effect has a non-linear shape over

the size of the respective profit or loss. For small profits and losses we find an inverted

disposition effect, and for larger profits and losses we find the usual positive disposition

effect. ii) The inverted disposition effect is to a great extent driven by patient and cau-

tious investors closing their positions with special limit orders (take-profit and stop-loss),

whereas the disposition effect is found to be intensified for impatient investors closing

their positions actively with market orders. iii) In addition, we find that unsuccessful in-

vestors reveal stronger inverted disposition effect. iv) Evidence for the tendency of bigger

investors to be less prone to the disposition effect than smaller ones is provided and v)

we find indication that investors relying on complex trading strategies are less affected by

the disposition effect. Furthermore, we find that the estimated baseline intensities reveal

several local minima and maxima reflecting certain preferences on transaction times and

specific clustering patterns in the lengths of roundtrip and inactivity periods.

The presented approach in this paper can be extended in several aspects: A multivariate

specification in which the duration processes of all currency pairs are modelled jointly

would provide a better characterization of the individual trading behavior and perhaps

deeper insights into individual trading preferences and the motivation to open and close

positions taking the cross effects with the further currency pairs into account. Although

the proposed intensity specification is very flexible, a semi-parametric approach could

be an alternative. The dynamics within this panel survival model are modelled in a

rudimentary way including only the previous lagged durations. A specification relying

on the autoregressive conditional intensity model of Russell (1999) would be a reasonable

alternative. A time dependent factor capturing unobservable heterogeneity might help to

improve the goodness-of-fit of the model. From an application point of view, a better

categorization of big and small, experienced and inexperienced, patient and impatient as

well as cautious and not-cautious investors would be desirable to obtain an even better

discrimination of behavioral biases across investor groups. Moreover, an even more precise

description of the disposition effect depending on more detailed trader characteristics such

as types of orders used to open or close position, preferred trading periods as well as

portfolio profits and losses should be implemented.
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Appendix A

Buy/Sell market∗ open (close) Immediately executed to open or close a position in
a specific currency pair.

Buy/Sell limit order The trader posted a buy or sell limit order to the
system, which is then pending.

Buy/Sell limit order executed
open (close)

Pending limit order is executed to open or close a
certain position.

Buy/Sell take-profit close Closes an open position by buying or selling the cur-
rency pair when the exchange rate reaches a prede-
termined level, in order to make a profit.

Buy/Sell stop-loss close Closes an open position by buying or selling the cur-
rency pair when the exchange rate reaches a prede-
termined level in order to avoid further losses.

Buy/Sell margin call close Closes automatically all open positions using the
prevalent market rates at the closing time. This hap-
pens if the trader has not sufficient margin to cover
two times the losses of all open positions.

Change order Change of a pending limit order (limits for take-profit
or stop-loss, the value of the upper or lower bounds,
the quote as well as the number of units).

Change stop-loss or take profit on
open trade

Change stop-loss or take-profit limit on an open po-
sition.

Cancel order by hand Cancel a pending limit order by hand.
Cancel order: insufficient funds Automatically recorded when the trader has not

enough funds to open a new position.
Cancel order: bound violation Market order or limit order is cancelled because the

applied exchange rate is not located inside the spec-
ified bounds.

Order expired A pending limit order is expired.

Table 2.5: Activity record entries of OANDA FXTrade.
∗On the OANDA FXTrade platform, buying EUR/USD means that you are buying the base
currency (EUR) and selling the quote currency (USD), whereas selling EUR/USD means that you
are selling the base currency (EUR) and buying the quote currency (USD). Recorded units always
refer to the base currency.
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Appendix B

GBP/USD

durations in hours Profit/ absolute dummyGBP/USD
roundtrip inactivity loss profit Loss Profit/Loss volume variable mean

Group 1: (0%-5%), # investors 93
observations 1270.00 1213.00 513.00 743.00 1270.00 1270.00 1270.00 complex

mean 40.04 98.08 43.61 38.14 -0.01 0.63 69.04 trading 0.42
std. deviation 135.10 301.42 147.20 127.38 3.19 3.12 150.34 strategy

minimum 0.00 0.00 0.00 0.01 -48.56 0.00 1.00 close
5% Quantile 0.03 0.00 0.01 0.06 -1.11 0.00 1.00 special

25% Quantile 0.36 0.06 0.16 0.49 -0.03 0.01 5.50 limit
0.16

50% Quantile 3.47 7.26 3.40 3.50 0.01 0.06 20.00 order
75% Quantile 23.35 68.39 21.82 24.69 0.08 0.25 63.00
95% Quantile 174.77 439.60 175.52 169.03 0.92 2.35 300.00 successful 0.41

maximum 2560.01 3234.19 1569.03 2560.01 49.66 49.66 2255.00 investor
Group 2: (5%-10%), # investors 96

observations 1389.00 1327.00 474.00 891.00 1389.00 1389.00 1389.00 complex
mean 39.76 90.97 37.15 42.16 -0.18 1.35 214.55 trading 0.37

std. deviation 166.06 323.40 164.26 169.17 6.11 5.96 327.06 strategy
minimum 0.00 0.00 0.00 0.01 -108.99 0.00 1.00 close

5% Quantile 0.04 0.01 0.02 0.05 -2.76 0.00 1.45 special
25% Quantile 0.25 0.11 0.17 0.32 -0.06 0.03 43.25 limit

0.23

50% Quantile 1.41 3.42 0.85 2.17 0.03 0.14 100.00 order
75% Quantile 14.46 44.92 8.89 18.40 0.25 0.70 250.00
95% Quantile 170.03 437.65 170.96 171.11 2.31 5.15 800.00 successful 0.49

maximum 2938.38 4399.73 2274.63 2938.38 69.04 108.99 3557.00 investor
Group 3: (10%-15%), # investors 102

observations 1313.00 1239.00 536.00 756.00 1313.00 1313.00 1313.00 complex
mean 25.97 91.45 25.20 27.15 -0.13 2.68 487.21 trading 0.37

std. deviation 98.58 302.58 119.94 81.71 16.68 16.46 790.71 strategy
minimum 0.00 0.00 0.00 0.00 -372.60 0.00 1.00 close

5% Quantile 0.03 0.00 0.02 0.05 -4.00 0.01 10.00 special
25% Quantile 0.23 0.14 0.14 0.41 -0.24 0.10 100.00 limit

0.22

50% Quantile 1.84 3.69 1.06 2.71 0.03 0.39 230.00 order
75% Quantile 12.73 41.55 7.99 18.44 0.48 1.53 570.00
95% Quantile 119.99 478.26 102.50 131.75 4.43 7.62 1980.00 successful 0.39

maximum 1683.39 3865.92 1683.39 1326.08 304.64 372.60 11000.00 investor
Group 4: (0%-5%), # investors 94

observations 1394.00 1321.00 506.00 865.00 1394.00 1394.00 1394.00 complex
mean 31.15 79.56 39.16 27.27 0.72 3.30 686.17 trading 0.47

std. deviation 159.92 280.32 213.19 120.79 11.27 10.80 925.41 strategy
minimum 0.00 0.00 0.00 0.01 -157.30 0.00 1.00 close

5% Quantile 0.04 0.01 0.02 0.06 -4.06 0.01 20.00 special
25% Quantile 0.29 0.15 0.19 0.36 -0.17 0.11 100.00 limit

0.22

50% Quantile 1.08 4.01 0.75 1.65 0.08 0.50 355.00 order
75% Quantile 6.91 37.99 3.48 10.03 0.97 2.00 1000.00
95% Quantile 138.41 311.14 158.72 120.38 7.46 12.93 2500.00 successful 0.46

maximum 3701.84 3584.67 3701.84 2660.00 142.50 157.30 8300.00 investor
Group 5: (0%-5%), # investors 87

observations 1745.00 1672.00 639.00 1067.00 1745.00 1745.00 1745.00 complex
mean 25.74 70.40 30.84 23.57 0.30 4.18 856.68 trading 0.45

std. deviation 139.51 279.58 136.34 143.79 15.92 15.36 1302.95 strategy
minimum 0.00 0.00 0.00 0.00 -323.94 0.00 1.00 close

5% Quantile 0.04 0.01 0.03 0.05 -6.85 0.00 5.00 special
25% Quantile 0.28 0.29 0.28 0.30 -0.22 0.10 100.00 limit

0.18

50% Quantile 1.40 4.59 1.13 1.61 0.08 0.60 400.00 order
75% Quantile 8.13 27.64 8.30 8.50 1.06 2.34 1000.00
95% Quantile 111.02 287.10 148.50 99.44 9.00 17.04 3000.00 successful 0.45

maximum 4031.27 4853.15 1876.11 4031.27 202.70 323.94 17500.00 investor

Table 2.6: Descriptive statistics of the roundtrip, inactivity durations and explanatory variables
for the GBP/USD currency pair. The sample ranges from 1st October 2003 00:00:00 (EST) to 14th

May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
GBP/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 6: (0%-5%), # investors 107

observations 2013.00 1923.00 804.00 1170.00 2013.00 2013.00 2013.00 complex
mean 17.83 81.98 16.41 19.36 -1.33 5.53 1315.12 trading 0.41

std. deviation 83.25 305.70 74.20 90.19 24.96 24.38 1744.95 strategy
minimum 0.00 0.00 0.00 0.00 -618.00 0.00 4.00 close

5% Quantile 0.02 0.01 0.01 0.02 -10.89 0.03 100.00 special
25% Quantile 0.12 0.09 0.08 0.17 -0.74 0.30 400.00 limit

0.13

50% Quantile 0.54 2.56 0.34 0.77 0.10 1.00 1000.00 order
75% Quantile 4.22 31.85 3.00 5.41 1.20 3.30 1500.00
95% Quantile 75.59 335.75 87.06 75.93 10.51 21.60 4370.00 successful 0.41

maximum 1463.24 4178.45 1037.94 1463.24 115.54 618.00 22000.00 investor
Group 7: (5%-10%), # investors 101

observations 2660.00 2583.00 1207.00 1383.00 2660.00 2660.00 2660.00 complex
mean 12.31 51.40 10.72 14.19 -0.02 5.72 1350.41 trading 0.41

std. deviation 59.34 198.22 50.02 67.67 25.01 24.35 2127.84 strategy
minimum 0.00 0.00 0.00 0.00 -540.63 0.00 1.00 close

5% Quantile 0.03 0.01 0.03 0.04 -10.45 0.01 35.00 special
25% Quantile 0.21 0.12 0.20 0.25 -0.75 0.18 150.00 limit

0.17

50% Quantile 0.79 2.08 0.66 1.05 0.01 0.80 500.00 order
75% Quantile 4.09 20.43 2.79 5.65 0.83 3.60 2000.00
95% Quantile 55.36 236.29 49.46 64.12 11.75 22.80 5000.00 successful 0.33

maximum 1722.65 4870.87 790.24 1722.65 577.72 577.72 40000.00 investor
Group 8: (0%-5%), # investors 93

observations 2075.00 1998.00 847.00 1119.00 2075.00 2075.00 2075.00 complex
mean 14.77 64.66 16.37 14.92 -0.30 6.59 2053.63 trading 0.43

std. deviation 106.56 237.64 112.61 106.99 20.18 19.08 2445.37 strategy
minimum 0.00 0.00 0.00 0.00 -274.59 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.03 -13.70 0.00 100.00 special
25% Quantile 0.17 0.20 0.16 0.20 -1.59 0.40 500.00 limit

0.16

50% Quantile 0.71 2.52 0.68 0.80 0.07 1.60 1000.00 order
75% Quantile 3.29 25.68 2.83 4.35 1.60 5.40 2500.00
95% Quantile 44.69 286.91 49.94 48.19 14.88 26.88 7570.00 successful 0.38

maximum 2800.50 3866.95 2151.36 2800.50 407.20 407.20 20200.00 investor
Group 9: (0%-5%), # investors 98

observations 2916.00 2838.00 1119.00 1726.00 2916.00 2916.00 2916.00 complex
mean 14.95 52.42 18.52 13.09 -2.01 12.04 2510.78 trading 0.38

std. deviation 62.15 201.42 82.94 45.19 79.85 78.97 3981.27 strategy
minimum 0.00 0.00 0.00 0.00 -3658.35 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.04 -21.68 0.00 10.00 special
25% Quantile 0.21 0.12 0.18 0.24 -1.10 0.30 500.00 limit

0.22

50% Quantile 0.90 1.81 0.86 0.96 0.12 1.60 1000.00 order
75% Quantile 6.27 22.65 7.08 6.16 2.00 6.90 3000.00
95% Quantile 70.28 212.32 70.47 71.12 25.68 44.22 10000.00 successful 0.41

maximum 1442.33 4367.10 1442.33 915.68 416.00 3658.35 49500.00 investor
Group 10: (0%-5%), # investors 100

observations 2231.00 2152.00 924.00 1271.00 2231.00 2231.00 2231.00 complex
mean 19.15 71.34 20.77 18.36 -1.88 17.07 3892.17 trading 0.40

std. deviation 104.05 223.92 123.79 88.64 62.06 59.70 4154.80 strategy
minimum 0.00 0.00 0.00 0.00 -1128.30 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.05 -37.52 0.10 195.50 special
25% Quantile 0.22 0.35 0.17 0.28 -3.25 1.17 1000.00 limit

0.13

50% Quantile 1.25 8.09 0.88 1.64 0.36 3.85 2500.00 order
75% Quantile 9.59 51.00 8.63 10.08 4.70 12.24 5000.00
95% Quantile 73.13 332.11 71.70 76.45 35.20 64.38 10492.60 successful 0.38

maximum 2673.47 3485.57 2673.47 2532.46 1064.25 1128.30 30000.00 investor

Table 2.6 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the GBP/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
GBP/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 11: (0%-5%), # investors 103

observations 2501.00 2414.00 953.00 1466.00 2501.00 2501.00 2501.00 complex
mean 13.34 65.69 19.19 10.06 -2.95 16.89 4766.93 trading 0.40

std. deviation 73.57 233.33 108.84 38.55 73.52 71.61 5860.27 strategy
minimum 0.00 0.00 0.00 0.00 -1691.50 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.02 -34.00 0.02 100.00 special
25% Quantile 0.13 0.17 0.13 0.14 -2.50 0.80 1000.00 limit

0.16

50% Quantile 0.62 3.01 0.57 0.73 0.30 3.00 3000.00 order
75% Quantile 3.98 26.39 3.64 4.65 3.40 11.00 5587.25
95% Quantile 55.86 308.19 66.62 53.01 27.98 63.20 20000.00 successful 0.42

maximum 1900.16 3419.90 1900.16 726.91 1082.50 1691.50 75000.00 investor
Group 12: (5%-10%), # investors 102

observations 3303.00 3221.00 1099.00 2114.00 3303.00 3303.00 3303.00 complex
mean 17.02 56.76 25.84 13.08 -1.76 19.03 4306.51 trading 0.32

std. deviation 93.48 208.42 139.85 58.54 92.92 90.97 6144.17 strategy
minimum 0.00 0.00 0.00 0.00 -2787.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.04 0.03 -32.00 0.05 210.00 special
25% Quantile 0.19 0.19 0.27 0.18 -1.50 0.60 1000.00 limit

0.26

50% Quantile 0.91 2.09 1.10 0.83 0.50 3.00 2000.00 order
75% Quantile 6.32 21.92 9.56 5.70 4.00 10.50 5000.00
95% Quantile 71.18 240.23 91.30 66.84 36.00 65.16 16358.25 successful 0.48

maximum 2475.64 3341.40 2475.64 1408.13 943.00 2787.00 105000.00 investor
Group 13: (0%-5%), # investors 104

observations 4485.00 4396.00 1888.00 2473.00 4485.00 4485.00 4485.00 complex
mean 8.19 33.21 9.60 7.49 -2.89 15.06 5154.28 trading 0.32

std. deviation 68.10 165.57 66.94 70.62 68.81 67.21 8858.47 strategy
minimum 0.00 0.00 0.00 0.00 -2862.10 0.00 1.00 close

5% Quantile 0.02 0.01 0.01 0.02 -31.00 0.05 250.00 special
25% Quantile 0.10 0.04 0.08 0.12 -1.80 0.50 750.00 limit

0.18

50% Quantile 0.37 0.43 0.30 0.45 0.16 2.40 2500.00 order
75% Quantile 1.52 9.78 1.25 1.89 2.74 10.00 5500.00
95% Quantile 21.16 139.77 21.79 22.21 25.94 52.52 15837.75 successful 0.37

maximum 3076.02 4955.89 1511.51 3076.02 714.00 2862.10 100000.00 investor
Group 14: (0%-5%), # investors 88

observations 3123.00 3044.00 1297.00 1740.00 3123.00 3123.00 3123.00 complex
mean 9.22 45.43 8.13 10.40 -2.50 32.42 8821.78 trading 0.38

std. deviation 41.71 195.91 36.24 46.23 175.95 172.95 12362.35 strategy
minimum 0.00 0.00 0.00 0.00 -7173.50 0.00 1.00 close

5% Quantile 0.01 0.01 0.01 0.03 -52.00 0.04 200.00 special
25% Quantile 0.09 0.10 0.06 0.13 -3.90 1.20 1500.00 limit

0.18

50% Quantile 0.40 1.27 0.29 0.53 0.28 5.20 5000.00 order
75% Quantile 2.12 19.68 1.55 2.95 6.41 18.00 10000.00
95% Quantile 45.18 171.83 36.73 51.59 56.64 106.99 26032.30 successful 0.38

maximum 1036.75 4512.77 570.88 1036.75 1909.18 7173.50 156000.00 investor
Group 15: (0%-5%), # investors 106

observations 3342.00 3258.00 1450.00 1768.00 3342.00 3342.00 3342.00 complex
mean 13.96 49.71 14.12 14.71 -11.71 49.32 11002.95 trading 0.38

std. deviation 75.70 197.52 85.95 69.01 289.27 285.28 14112.22 strategy
minimum 0.00 0.00 0.00 0.00 -13138.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.04 -109.54 0.00 100.00 special
25% Quantile 0.17 0.12 0.14 0.21 -10.78 1.50 2000.00 limit

0.19

50% Quantile 0.80 1.62 0.74 0.96 0.10 8.40 6000.00 order
75% Quantile 3.72 20.02 3.35 4.27 6.95 31.00 12484.50
95% Quantile 56.69 191.51 51.25 62.54 80.90 188.90 40000.00 successful 0.36

maximum 1678.50 3387.50 1678.50 1359.66 1890.00 13138.00 150000.00 investor

Table 2.6 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the GBP/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
GBP/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 16: (0%-5%), # investors 94

observations 4038.00 3956.00 1714.00 2210.00 4038.00 4038.00 4038.00 complex
mean 8.54 38.13 9.02 8.51 -7.57 44.41 12895.32 trading 0.33

std. deviation 44.25 157.96 51.51 38.92 246.18 242.26 18147.21 strategy
minimum 0.00 0.00 0.00 0.00 -9040.00 0.00 1.00 close

5% Quantile 0.02 0.01 0.01 0.03 -96.00 0.03 100.00 special
25% Quantile 0.10 0.08 0.08 0.11 -6.65 1.50 2500.00 limit

0.19

50% Quantile 0.39 0.83 0.33 0.48 0.13 7.78 10000.00 order
75% Quantile 2.21 17.67 1.81 2.76 8.61 25.20 19732.00
95% Quantile 34.60 162.19 36.90 36.14 79.55 181.28 50000.00 successful 0.36

maximum 1539.05 3230.34 1539.05 812.52 1631.00 9040.00 405000.00 investor
Group 17: (5%-10%), # investors 112

observations 3840.00 3741.00 1551.00 2171.00 3840.00 3840.00 3840.00 complex
mean 10.81 53.52 12.70 9.91 -11.88 75.50 20900.91 trading 0.35

std. deviation 42.62 183.53 50.07 37.58 299.20 289.76 30492.57 strategy
minimum 0.00 0.00 0.00 0.00 -6404.00 0.00 1.00 close

5% Quantile 0.02 0.01 0.01 0.04 -150.00 0.00 200.00 special
25% Quantile 0.16 0.16 0.10 0.23 -10.00 2.13 3000.00 limit

0.24

50% Quantile 0.73 2.59 0.56 0.91 0.65 13.50 10000.00 order
75% Quantile 3.53 24.33 3.26 3.92 15.00 50.00 25000.00
95% Quantile 52.45 242.76 66.03 48.15 126.00 277.40 75000.00 successful 0.40

maximum 816.11 4151.76 816.11 681.03 5075.00 6404.00 360000.00 investor
Group 18: (0%-5%), # investors 96

observations 4490.00 4404.00 1563.00 2780.00 4490.00 4490.00 4490.00 complex
mean 9.64 35.88 12.17 8.57 -7.23 79.25 25355.54 trading 0.34

std. deviation 66.24 148.96 63.19 69.47 334.97 325.54 34532.92 strategy
minimum 0.00 0.00 0.00 0.00 -12500.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.03 0.03 -164.50 0.01 490.50 special
25% Quantile 0.16 0.18 0.18 0.16 -8.78 3.58 5007.50 limit

0.21

50% Quantile 0.55 1.58 0.59 0.55 2.00 15.71 13979.00 order
75% Quantile 2.42 17.90 2.50 2.47 20.00 55.00 30000.00
95% Quantile 28.76 145.51 43.84 27.10 151.45 310.00 100000.00 successful 0.45

maximum 3084.93 3928.05 1481.80 3084.93 6980.00 12500.00 550000.00 investor
Group 19: (0%-5%), # investors 110

observations 5632.00 5543.00 2244.00 3259.00 5632.00 5632.00 5632.00 complex
mean 10.62 36.02 12.33 9.73 -17.13 142.64 39523.18 trading 0.25

std. deviation 73.55 169.42 78.69 71.23 799.80 787.17 52900.69 strategy
minimum 0.00 0.00 0.00 0.00 -20862.50 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.03 -255.00 0.72 2500.00 special
25% Quantile 0.14 0.11 0.12 0.15 -18.25 7.00 10000.00 limit

0.23

50% Quantile 0.48 1.04 0.44 0.55 3.20 24.70 24500.00 order
75% Quantile 2.77 12.76 2.57 3.14 30.00 90.00 50000.00
95% Quantile 32.71 149.87 50.12 28.73 255.61 490.00 100000.00 successful 0.40

maximum 3024.40 4690.06 2140.78 3024.40 33750.00 33750.00 1001000.00 investor
Group 20: (0%-5%), # investors 110

observations 5917.00 5830.00 2156.00 3596.00 5917.00 5917.00 5917.00 complex
mean 11.43 35.35 11.36 11.92 442.77 1057.91 183458.62 trading 0.27

std. deviation 77.70 158.20 75.30 80.81 19334.45 19310.55 706254.47 strategy
minimum 0.00 0.00 0.00 0.00 -114027.00 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.03 -750.00 0.74 5000.00 special
25% Quantile 0.14 0.09 0.15 0.15 -72.00 25.00 37000.00 limit

0.26

50% Quantile 0.56 0.91 0.60 0.58 14.50 100.00 84755.00 order
75% Quantile 2.88 13.32 2.91 3.04 125.00 320.00 198000.00
95% Quantile 48.86 142.06 45.87 52.31 1031.50 1940.00 500000.00 successful 0.43

maximum 3269.15 3557.30 2279.84 3269.15 1003300.00 1003300.00 25000000.00 investor

Table 2.6 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the GBP/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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AUD/USD

durations in hours Profit/ absolute dummy
AUD/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 1: (0%-5%), # investors 87

observations 1085.00 1030.00 397.00 659.00 1085.00 1085.00 1085.00 complex
mean 46.49 93.14 46.99 46.89 -0.10 0.56 138.01 trading 0.54

std. deviation 149.77 276.82 132.87 160.53 2.23 2.16 196.59 strategy
minimum 0.00 0.00 0.00 0.00 -42.17 0.00 1.00 close

5% Quantile 0.06 0.01 0.05 0.07 -1.14 0.00 3.00 special
25% Quantile 0.81 0.85 1.15 0.72 -0.05 0.02 20.00 limit

0.18

50% Quantile 5.76 10.63 8.07 5.22 0.02 0.10 92.00 order
75% Quantile 24.79 62.81 34.64 22.52 0.11 0.32 160.00
95% Quantile 200.79 427.60 209.75 179.56 1.09 2.01 500.00 successful 0.44

maximum 2304.62 3356.33 1320.00 2304.62 18.61 42.17 1900.00 investor
Group 2: (0%-5%), # investors 83

observations 1210.00 1165.00 362.00 835.00 1210.00 1210.00 1210.00 complex
mean 43.36 82.05 40.77 45.13 -0.03 1.38 406.25 trading 0.42

std. deviation 133.63 299.31 115.88 141.56 5.29 5.10 547.91 strategy
minimum 0.00 0.00 0.00 0.01 -87.00 0.00 1.00 close

5% Quantile 0.06 0.01 0.02 0.10 -2.40 0.00 5.00 special
25% Quantile 0.89 0.30 0.47 1.36 -0.03 0.04 59.00 limit

0.22

50% Quantile 4.69 6.27 2.60 6.21 0.05 0.28 200.00 order
75% Quantile 24.75 43.97 15.77 28.91 0.44 0.91 500.00
95% Quantile 205.30 308.82 235.91 188.09 2.92 5.26 1500.00 successful 0.53

maximum 1928.86 4554.54 1001.30 1928.86 47.05 87.00 4000.00 investor
Group 3: (0%-5%), # investors 77

observations 938.00 883.00 305.00 624.00 938.00 938.00 938.00 complex
mean 41.61 82.94 48.21 38.95 -0.75 2.36 635.75 trading 0.42

std. deviation 143.45 272.43 174.61 126.58 11.81 11.60 1045.28 strategy
minimum 0.01 0.00 0.01 0.01 -248.40 0.00 1.00 close

5% Quantile 0.07 0.00 0.05 0.08 -5.90 0.01 13.90 special
25% Quantile 0.69 0.45 0.67 0.71 -0.15 0.09 89.00 limit

0.17

50% Quantile 5.32 8.37 5.48 5.38 0.08 0.35 255.00 order
75% Quantile 22.95 51.46 22.20 23.19 0.40 1.00 705.00
95% Quantile 182.90 379.63 192.73 181.97 3.01 8.14 2755.00 successful 0.49

maximum 2206.42 3022.88 1863.47 2206.42 79.80 248.40 11000.00 investor
Group 4: (0%-5%), # investors 79

observations 1411.00 1353.00 507.00 859.00 1411.00 1411.00 1411.00 complex
mean 29.12 93.60 34.81 27.19 -0.12 3.29 1443.57 trading 0.43

std. deviation 127.61 351.19 146.08 118.79 11.61 11.13 2173.42 strategy
minimum 0.00 0.00 0.00 0.00 -175.60 0.00 1.00 close

5% Quantile 0.05 0.01 0.04 0.05 -5.79 0.01 28.00 special
25% Quantile 0.31 0.26 0.25 0.42 -0.42 0.10 200.00 limit

0.19

50% Quantile 1.60 5.20 1.24 2.06 0.05 0.59 1000.00 order
75% Quantile 9.30 41.62 8.42 10.68 0.70 2.34 2000.00
95% Quantile 132.92 366.82 169.44 119.66 6.95 12.99 4992.30 successful 0.45

maximum 2523.80 4034.46 1664.91 2523.80 117.58 175.60 21500.00 investor
Group 5: (0%-5%), # investors 74

observations 1172.00 1114.00 389.00 755.00 1172.00 1172.00 1172.00 complex
mean 29.03 88.57 37.06 25.74 -0.25 3.99 1639.80 trading 0.41

std. deviation 105.35 385.39 122.02 97.51 10.43 9.64 2084.87 strategy
minimum 0.00 0.00 0.00 0.01 -137.86 0.00 1.00 close

5% Quantile 0.08 0.01 0.06 0.08 -12.47 0.00 1.00 special
25% Quantile 0.60 0.35 0.70 0.56 -0.34 0.20 224.00 limit

0.22

50% Quantile 3.35 5.42 4.10 3.07 0.15 1.00 1000.00 order
75% Quantile 15.75 24.70 20.59 13.74 1.43 3.30 2100.00
95% Quantile 137.60 307.55 161.37 124.49 7.71 17.82 5000.00 successful 0.49

maximum 2083.47 5281.83 1470.22 2083.47 107.00 137.86 20000.00 investor

Table 2.7: Descriptive statistics of the roundtrip, inactivity durations and explanatory variables
for the AUD/USD currency pair. The sample ranges from 1st October 2003 00:00:00 (EST) to
14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
AUD/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 6: (0%-5%), # investors 91

observations 1499.00 1422.00 591.00 868.00 1499.00 1499.00 1499.00 complex
mean 25.20 76.92 29.88 23.05 -0.93 6.34 2664.15 trading 0.42

std. deviation 144.41 288.29 166.67 130.69 24.95 24.14 3353.24 strategy
minimum 0.00 0.00 0.00 0.00 -562.49 0.00 1.00 close

5% Quantile 0.04 0.01 0.03 0.04 -15.43 0.03 100.00 special
25% Quantile 0.27 0.17 0.26 0.30 -1.10 0.27 522.75 limit

0.12

50% Quantile 1.03 2.05 0.98 1.08 0.10 1.20 1400.00 order
75% Quantile 5.55 22.89 6.48 5.37 1.25 4.22 3655.75
95% Quantile 103.79 354.00 121.66 99.45 9.88 23.24 8026.10 successful 0.40

maximum 3075.64 5178.93 3075.64 2896.05 309.60 562.49 30000.00 investor
Group 7: (5%-10%), # investors 77

observations 1533.00 1466.00 539.00 955.00 1533.00 1533.00 1533.00 complex
mean 24.82 70.00 36.94 18.80 -1.72 6.11 2632.98 trading 0.42

std. deviation 125.33 234.34 175.63 87.70 22.87 22.11 4288.61 strategy
minimum 0.00 0.00 0.00 0.00 -440.00 0.00 1.00 close

5% Quantile 0.05 0.01 0.05 0.05 -18.43 0.00 12.00 special
25% Quantile 0.37 0.25 0.48 0.33 -0.60 0.14 300.00 limit

0.23

50% Quantile 1.79 4.96 2.66 1.58 0.06 1.00 1000.00 order
75% Quantile 10.74 46.56 12.80 9.82 1.39 4.00 3000.00
95% Quantile 93.22 319.99 117.30 79.71 8.33 25.60 11335.00 successful 0.46

maximum 2891.59 4030.52 2891.59 2060.97 184.54 440.00 60000.00 investor
Group 8: (0%-5%), # investors 77

observations 1139.00 1082.00 437.00 659.00 1139.00 1139.00 1139.00 complex
mean 29.88 87.65 37.31 25.74 -1.62 14.91 4509.65 trading 0.37

std. deviation 139.78 271.84 193.10 91.93 70.63 69.06 6124.48 strategy
minimum 0.00 0.00 0.00 0.00 -1572.75 0.00 1.00 close

5% Quantile 0.04 0.01 0.04 0.04 -30.06 0.01 41.90 special
25% Quantile 0.30 0.28 0.30 0.31 -1.30 0.39 760.00 limit

0.14

50% Quantile 1.79 7.09 1.54 2.02 0.12 1.63 2000.00 order
75% Quantile 12.76 64.33 12.24 14.62 2.30 7.71 6762.75
95% Quantile 120.83 431.19 121.24 119.79 26.02 55.25 14525.00 successful 0.40

maximum 2131.62 4552.17 2131.62 1216.30 966.00 1572.75 50000.00 investor
Group 9: (0%-5%), # investors 81

observations 1630.00 1567.00 506.00 1066.00 1630.00 1630.00 1630.00 complex
mean 22.39 68.12 24.67 22.30 -2.16 12.58 5103.74 trading 0.34

std. deviation 81.98 231.71 97.53 75.78 62.73 61.50 7519.21 strategy
minimum 0.00 0.00 0.00 0.00 -1268.10 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.03 -17.10 0.01 100.00 special
25% Quantile 0.19 0.09 0.22 0.20 -0.63 0.40 915.00 limit

0.16

50% Quantile 1.24 2.40 1.38 1.24 0.35 1.80 2500.00 order
75% Quantile 10.50 25.64 11.55 10.75 3.00 6.88 5486.50
95% Quantile 115.49 311.28 108.55 118.56 22.31 37.00 20000.00 successful 0.50

maximum 1496.82 2840.56 1496.82 1418.74 349.00 1268.10 72400.00 investor
Group 10: (0%-5%), # investors 90

observations 2026.00 1963.00 733.00 1201.00 2026.00 2026.00 2026.00 complex
mean 25.90 66.34 33.59 22.88 -5.83 21.47 5732.67 trading 0.39

std. deviation 138.55 240.57 186.35 105.44 169.77 168.51 11202.97 strategy
minimum 0.00 0.00 0.00 0.00 -4310.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.03 0.04 -20.00 0.00 100.00 special
25% Quantile 0.23 0.19 0.22 0.27 -1.00 0.42 1000.00 limit

0.16

50% Quantile 1.24 4.54 1.22 1.51 0.26 2.00 2575.00 order
75% Quantile 8.15 33.61 6.48 10.33 2.84 6.78 5550.00
95% Quantile 112.73 263.24 130.78 118.18 22.00 53.46 20000.00 successful 0.44

maximum 2816.48 4116.13 2816.48 2804.12 2265.30 4310.00 200000.00 investor

Table 2.7 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the AUD/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
AUD/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 11: (0%-5%), # investors 80

observations 2494.00 2434.00 970.00 1387.00 2494.00 2494.00 2494.00 complex
mean 13.41 50.61 15.89 12.42 -2.30 15.03 7540.07 trading 0.43

std. deviation 69.97 188.91 81.12 64.00 69.59 67.98 12638.36 strategy
minimum 0.00 0.00 0.00 0.00 -1543.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.03 0.03 -41.25 0.00 96.40 special
25% Quantile 0.20 0.14 0.23 0.21 -1.30 0.47 1000.00 limit

0.22

50% Quantile 1.04 1.75 1.20 1.06 0.11 1.75 2993.00 order
75% Quantile 5.36 20.94 6.89 4.86 2.00 9.00 10000.00
95% Quantile 56.29 215.03 61.20 54.43 27.00 64.15 30000.00 successful 0.41

maximum 1847.21 3645.39 1432.51 1847.21 1849.00 1849.00 160000.00 investor
Group 12: (5%-10%), # investors 84

observations 2428.00 2365.00 781.00 1560.00 2428.00 2428.00 2428.00 complex
mean 24.11 52.49 40.97 16.87 -9.48 24.43 7861.70 trading 0.34

std. deviation 129.06 194.55 190.21 87.22 198.36 197.08 13917.37 strategy
minimum 0.00 0.00 0.00 0.00 -8409.44 0.00 1.00 close

5% Quantile 0.03 0.01 0.03 0.03 -45.78 0.00 50.00 special
25% Quantile 0.26 0.21 0.28 0.27 -0.80 0.42 1000.00 limit

0.27

50% Quantile 1.19 2.64 1.63 1.13 0.33 2.00 3000.00 order
75% Quantile 7.90 22.20 17.55 6.48 2.50 9.80 10000.00
95% Quantile 102.24 262.48 163.57 87.06 33.33 75.96 28378.00 successful 0.49

maximum 3377.51 4516.58 3377.51 2664.33 1085.00 8409.44 252689.00 investor
Group 13: (0%-5%), # investors 80

observations 1651.00 1583.00 648.00 953.00 1651.00 1651.00 1651.00 complex
mean 23.32 68.54 25.13 23.15 -6.76 43.56 15637.93 trading 0.43

std. deviation 86.14 203.41 72.89 96.01 166.88 161.23 23281.36 strategy
minimum 0.00 0.00 0.00 0.00 -2800.00 0.00 1.00 close

5% Quantile 0.04 0.01 0.03 0.05 -97.22 0.07 400.00 special
25% Quantile 0.31 0.25 0.28 0.35 -5.25 1.20 2000.00 limit

0.22

50% Quantile 1.46 3.69 1.54 1.53 0.50 6.00 5200.00 order
75% Quantile 9.15 35.31 11.11 8.42 6.00 23.81 18815.50
95% Quantile 121.47 345.91 151.15 99.14 73.63 176.84 70000.00 successful 0.40

maximum 1674.56 2874.58 794.53 1674.56 1275.50 2800.00 185000.00 investor
Group 14: (0%-5%), # investors 72

observations 2265.00 2210.00 821.00 1290.00 2265.00 2265.00 2265.00 complex
mean 16.57 49.50 16.24 18.27 2.71 45.11 17096.29 trading 0.41

std. deviation 74.93 209.40 78.32 76.67 495.77 493.72 27059.42 strategy
minimum 0.00 0.00 0.00 0.01 -6675.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.03 0.04 -52.71 0.00 500.00 special
25% Quantile 0.18 0.17 0.15 0.23 -3.82 1.20 4000.00 limit

0.16

50% Quantile 0.77 1.90 0.61 0.96 0.60 5.27 10000.00 order
75% Quantile 4.56 21.89 3.21 6.26 6.70 20.91 20000.00
95% Quantile 74.69 201.69 65.98 85.35 62.89 110.15 55000.00 successful 0.44

maximum 1636.92 4053.11 1581.10 1636.92 21390.00 21390.00 400000.00 investor
Group 15: (0%-5%), # investors 80

observations 2717.00 2660.00 1092.00 1521.00 2717.00 2717.00 2717.00 complex
mean 14.91 37.15 18.58 13.15 -2.50 36.87 18331.95 trading 0.35

std. deviation 87.21 181.37 106.01 74.13 131.93 126.70 33763.74 strategy
minimum 0.00 0.00 0.00 0.00 -2460.80 0.00 1.00 close

5% Quantile 0.04 0.01 0.03 0.04 -80.00 0.00 55.85 special
25% Quantile 0.19 0.05 0.17 0.21 -3.20 0.60 1500.00 limit

0.23

50% Quantile 0.75 0.39 0.74 0.83 0.12 4.17 6582.50 order
75% Quantile 4.10 7.06 3.81 4.64 5.00 22.00 20000.00
95% Quantile 59.04 150.54 69.29 56.76 78.04 160.00 75000.00 successful 0.39

maximum 2564.18 3183.67 2564.18 2078.62 1992.40 2460.80 400000.00 investor

Table 2.7 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the AUD/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
AUD/USD

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 16: (0%-5%), # investors 77

observations 3579.00 3516.00 1445.00 1941.00 3579.00 3579.00 3579.00 complex
mean 10.57 31.53 10.81 11.32 -12.76 42.15 18204.95 trading 0.34

std. deviation 71.58 154.68 96.03 50.70 604.04 602.71 34665.31 strategy
minimum 0.00 0.00 0.00 0.00 -34800.00 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.03 -60.00 0.00 399.50 special
25% Quantile 0.09 0.03 0.07 0.12 -2.88 0.98 3510.00 limit

0.11

50% Quantile 0.37 0.32 0.27 0.51 0.21 4.32 8600.00 order
75% Quantile 2.34 7.72 1.92 3.06 6.00 18.17 20000.00
95% Quantile 48.19 139.59 38.34 56.37 55.52 108.00 62000.00 successful 0.38

maximum 3217.25 4169.23 3217.25 936.71 3340.00 34800.00 1000000.00 investor
Group 17: (5%-10%), # investors 90

observations 3566.00 3500.00 1232.00 2181.00 3566.00 3566.00 3566.00 complex
mean 12.72 49.32 15.44 11.92 -14.18 60.18 31709.07 trading 0.28

std. deviation 50.06 174.49 66.25 40.04 284.06 277.97 48981.12 strategy
minimum 0.00 0.00 0.00 0.00 -7878.19 0.00 1.00 close

5% Quantile 0.02 0.01 0.02 0.03 -119.82 0.01 573.00 special
25% Quantile 0.21 0.19 0.20 0.25 -6.00 2.46 5000.00 limit

0.29

50% Quantile 1.03 2.65 1.06 1.10 1.50 10.40 16000.00 order
75% Quantile 6.22 23.20 8.13 5.83 14.50 38.60 40000.00
95% Quantile 63.89 220.33 75.69 61.44 106.60 215.70 100000.00 successful 0.45

maximum 1677.45 3553.37 1677.45 687.42 1207.38 7878.19 500000.00 investor
Group 18: (0%-5%), # investors 83

observations 2958.00 2890.00 1003.00 1852.00 2958.00 2958.00 2958.00 complex
mean 13.23 46.84 21.03 9.44 -21.33 100.15 54667.26 trading 0.30

std. deviation 72.72 188.82 116.92 31.14 487.85 477.93 85035.55 strategy
minimum 0.00 0.00 0.00 0.00 -15833.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.03 0.03 -195.86 0.04 1000.00 special
25% Quantile 0.19 0.12 0.19 0.20 -7.50 4.00 9000.00 limit

0.21

50% Quantile 0.84 1.45 0.93 0.85 3.00 15.48 23820.00 order
75% Quantile 4.80 16.51 6.61 4.41 23.00 54.00 65000.00
95% Quantile 64.96 195.53 76.87 52.66 163.01 352.50 201200.00 successful 0.46

maximum 2422.44 4026.93 2422.44 513.13 6019.00 15833.00 1230000.00 investor
Group 19: (0%-5%), # investors 89

observations 3355.00 3283.00 1178.00 2030.00 3355.00 3355.00 3355.00 complex
mean 14.74 43.43 20.15 12.48 -47.39 177.82 91722.35 trading 0.24

std. deviation 76.11 167.89 97.02 63.85 944.24 928.55 166063.15 strategy
minimum 0.00 0.00 0.00 0.00 -32550.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.03 -271.43 0.12 2239.50 special
25% Quantile 0.15 0.07 0.14 0.16 -9.69 5.00 10000.00 limit

0.25

50% Quantile 0.63 0.74 0.65 0.64 3.50 19.65 40000.00 order
75% Quantile 3.56 12.33 5.47 3.27 30.00 70.00 100000.00
95% Quantile 62.93 190.36 92.58 53.27 270.00 611.00 385750.00 successful 0.46

maximum 1663.87 2884.23 1663.87 1158.66 4620.00 32550.00 2500000.00 investor
Group 20: (0%-5%), # investors 94

observations 5321.00 5259.00 1830.00 3241.00 5321.00 5321.00 5321.00 complex
mean 12.90 29.79 13.15 13.61 39.83 759.46 433461.77 trading 0.23

std. deviation 66.35 137.34 45.66 77.71 6955.87 6914.39 1087000.99 strategy
minimum 0.00 0.00 0.00 0.00 -451273.17 0.00 1.00 close

5% Quantile 0.03 0.01 0.03 0.03 -889.88 0.10 5000.00 special
25% Quantile 0.19 0.07 0.21 0.20 -30.00 12.00 35000.00 limit

0.27

50% Quantile 0.77 0.77 0.88 0.78 8.97 60.00 100000.00 order
75% Quantile 4.46 10.20 6.12 4.38 100.00 287.99 300000.00
95% Quantile 61.40 127.77 66.82 61.37 1433.25 2800.00 2000000.00 successful 0.46

maximum 2567.09 3854.50 694.91 2567.09 102322.74 451273.17 23148202.00 investor

Table 2.7 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the AUD/USD currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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USD/CHF

durations in hours Profit/ absolute dummy
USD/CHF

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 1: (0%-5%), # investors 95

observations 1296.00 1229.00 639.00 640.00 1296.00 1296.00 1296.00 complex
mean 35.95 88.40 30.52 42.24 0.03 0.54 103.83 trading 0.53

std. deviation 150.36 291.45 141.56 160.35 2.34 2.28 432.81 strategy
minimum 0.00 0.00 0.00 0.02 -32.09 0.00 1.00 close

5% Quantile 0.04 0.00 0.03 0.11 -0.81 0.00 1.00 special
25% Quantile 0.39 0.11 0.20 0.95 -0.01 0.00 1.00 limit

0.18

50% Quantile 2.67 5.08 1.23 5.67 0.00 0.02 17.00 order
75% Quantile 20.03 50.50 12.06 26.53 0.04 0.30 100.00
95% Quantile 155.72 413.41 121.92 165.02 1.05 2.01 400.00 successful 0.32

maximum 3330.52 3778.45 2891.11 3330.52 37.60 37.60 8505.00 investor
Group 2: (5%-10%), # investors 92

observations 1480.00 1423.00 579.00 877.00 1480.00 1480.00 1480.00 complex
mean 37.57 91.45 37.38 38.64 -0.40 1.61 284.33 trading 0.39

std. deviation 172.06 337.89 184.72 165.63 10.84 10.72 534.02 strategy
minimum 0.00 0.00 0.00 0.00 -302.88 0.00 1.00 close

5% Quantile 0.05 0.01 0.03 0.07 -2.30 0.00 1.00 special
25% Quantile 0.39 0.16 0.24 0.54 -0.21 0.04 50.00 limit

0.23

50% Quantile 2.00 5.21 1.46 2.70 0.02 0.23 135.00 order
75% Quantile 13.41 50.44 9.84 17.65 0.26 0.85 301.00
95% Quantile 143.56 412.79 147.43 143.32 2.32 4.66 1000.00 successful 0.42

maximum 3654.22 4709.29 3654.22 2713.17 53.67 302.88 10010.00 investor
Group 3: (10%-15%), # investors 85

observations 1102.00 1044.00 355.00 729.00 1102.00 1102.00 1102.00 complex
mean 35.56 99.11 40.88 33.71 -0.42 2.49 603.02 trading 0.36

std. deviation 128.02 355.61 157.08 112.89 11.05 10.78 934.60 strategy
minimum 0.00 0.00 0.00 0.01 -203.60 0.00 1.00 close

5% Quantile 0.05 0.01 0.03 0.07 -3.39 0.00 6.00 special
25% Quantile 0.42 0.27 0.29 0.50 -0.21 0.10 100.00 limit

0.22

50% Quantile 2.54 5.59 2.29 2.62 0.09 0.45 300.00 order
75% Quantile 18.72 47.22 17.41 20.36 0.71 1.52 800.00
95% Quantile 147.75 463.76 171.31 137.76 4.77 7.82 2139.50 successful 0.50

maximum 1967.86 4851.95 1840.57 1967.86 41.80 203.60 13000.00 investor
Group 4: (0%-5%), # investors 82

observations 1193.00 1135.00 412.00 756.00 1193.00 1193.00 1193.00 complex
mean 31.57 92.83 39.53 28.15 0.18 3.42 998.26 trading 0.37

std. deviation 146.64 304.92 125.66 159.00 10.69 10.13 1260.89 strategy
minimum 0.00 0.00 0.00 0.01 -142.67 0.00 1.00 close

5% Quantile 0.05 0.01 0.02 0.06 -6.91 0.01 30.65 special
25% Quantile 0.29 0.19 0.27 0.30 -0.46 0.18 210.00 limit

0.19

50% Quantile 1.46 3.94 1.27 1.65 0.15 0.82 750.00 order
75% Quantile 9.29 47.17 10.03 9.57 1.00 2.77 1250.00
95% Quantile 140.82 442.71 209.27 113.23 6.79 13.40 3000.00 successful 0.49

maximum 3747.15 3912.73 1129.21 3747.15 135.00 142.67 25000.00 investor
Group 5: (0%-5%), # investors 93

observations 2050.00 1979.00 757.00 1249.00 2050.00 2050.00 2050.00 complex
mean 23.37 55.35 21.81 25.05 -0.20 4.28 1235.82 trading 0.44

std. deviation 128.25 238.13 94.56 146.85 14.73 14.09 1749.69 strategy
minimum 0.00 0.00 0.00 0.00 -316.05 0.00 1.00 close

5% Quantile 0.03 0.00 0.02 0.04 -8.26 0.01 20.00 special
25% Quantile 0.27 0.07 0.24 0.31 -0.48 0.18 200.00 limit

0.20

50% Quantile 1.37 1.93 1.21 1.70 0.11 1.00 506.00 order
75% Quantile 9.13 19.54 9.74 9.54 1.47 3.60 1745.00
95% Quantile 84.48 260.73 88.69 85.15 9.55 15.23 4752.50 successful 0.20

maximum 3351.58 4845.75 1345.67 3351.58 105.88 316.05 20000.00 investor

Table 2.8: Descriptive statistics of the roundtrip, inactivity durations and explanatory variables
for the USD/CHF currency pair. The sample ranges from 1st October 2003 00:00:00 (EST) to
14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
USD/CHF

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 6: (0%-5%), # investors 91

observations 1289.00 1216.00 497.00 747.00 1289.00 1289.00 1289.00 complex
mean 25.89 89.29 26.02 27.15 0.16 5.63 1704.70 trading 0.46

std. deviation 114.96 287.49 137.75 100.82 15.41 14.34 1901.09 strategy
minimum 0.00 0.00 0.00 0.00 -159.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.04 -11.83 0.01 100.00 special
25% Quantile 0.23 0.15 0.18 0.29 -1.30 0.25 500.00 limit

0.16

50% Quantile 1.06 5.68 0.63 1.67 0.10 1.40 1000.00 order
75% Quantile 6.82 55.54 3.51 8.76 1.50 4.50 2463.75
95% Quantile 100.80 377.46 92.25 109.16 13.31 21.69 5000.00 successful 0.42

maximum 1580.43 3794.30 1580.43 1023.32 155.56 159.00 13333.00 investor
Group 7: (5%-10%), # investors 89

observations 2007.00 1935.00 762.00 1211.00 2007.00 2007.00 2007.00 complex
mean 19.32 61.72 21.12 18.51 -1.88 8.81 2181.32 trading 0.37

std. deviation 91.24 210.35 100.39 86.29 42.26 41.37 2991.17 strategy
minimum 0.00 0.00 0.00 0.00 -1524.85 0.00 1.00 close

5% Quantile 0.04 0.01 0.03 0.04 -22.32 0.01 20.00 special
25% Quantile 0.29 0.15 0.30 0.28 -1.00 0.22 257.50 limit

0.21

50% Quantile 1.48 2.64 1.31 1.65 0.06 1.40 1000.00 order
75% Quantile 7.70 27.10 7.05 8.07 1.96 6.60 3000.00
95% Quantile 81.37 297.67 96.66 73.10 18.70 35.18 8000.00 successful 0.43

maximum 2060.96 4412.33 1829.89 2060.96 153.29 1524.85 28000.00 investor
Group 8: (0%-5%), # investors 81

observations 1688.00 1625.00 677.00 964.00 1688.00 1688.00 1688.00 complex
mean 25.75 62.27 25.74 26.92 1.51 11.03 3045.80 trading 0.38

std. deviation 154.93 249.38 163.29 152.64 44.87 43.52 5364.48 strategy
minimum 0.00 0.00 0.00 0.00 -424.00 0.00 1.00 close

5% Quantile 0.03 0.00 0.02 0.05 -15.30 0.02 48.80 special
25% Quantile 0.26 0.07 0.18 0.33 -0.93 0.40 440.00 limit

0.33

50% Quantile 0.99 1.69 0.74 1.38 0.15 1.65 1303.00 order
75% Quantile 6.57 22.39 3.50 9.56 2.50 6.16 3500.00
95% Quantile 89.03 273.96 71.89 98.82 20.99 39.60 10000.00 successful 0.41

maximum 3512.91 4772.37 2557.60 3512.91 751.20 751.20 75000.00 investor
Group 9: (0%-5%), # investors 88

observations 1769.00 1697.00 714.00 1014.00 1769.00 1769.00 1769.00 complex
mean 19.97 71.87 20.46 20.32 -1.38 11.22 2897.49 trading 0.34

std. deviation 98.98 246.97 91.19 105.98 54.52 53.37 4209.94 strategy
minimum 0.00 0.00 0.00 0.01 -1635.40 0.00 1.00 close

5% Quantile 0.03 0.01 0.01 0.04 -17.00 0.01 16.00 special
25% Quantile 0.19 0.18 0.13 0.26 -1.00 0.16 300.00 limit

0.17

50% Quantile 0.99 3.71 0.78 1.27 0.04 1.40 1000.00 order
75% Quantile 6.41 43.53 6.32 6.54 1.99 8.00 4000.00
95% Quantile 76.46 355.16 74.71 80.88 26.72 40.00 10000.00 successful 0.39

maximum 2227.42 4530.06 1123.43 2227.42 242.41 1635.40 42000.00 investor
Group 10: (0%-5%), # investors 96

observations 1779.00 1711.00 704.00 1029.00 1779.00 1779.00 1779.00 complex
mean 30.93 84.38 42.08 24.53 -2.03 28.36 6064.09 trading 0.47

std. deviation 147.65 273.28 215.95 75.15 130.27 127.16 8950.09 strategy
minimum 0.00 0.00 0.00 0.01 -2515.04 0.00 1.00 close

5% Quantile 0.05 0.01 0.03 0.07 -63.00 0.02 100.00 special
25% Quantile 0.34 0.44 0.25 0.46 -2.64 0.90 1000.00 limit

0.20

50% Quantile 1.93 7.52 1.32 2.54 0.25 4.40 3000.00 order
75% Quantile 12.27 55.49 8.60 15.19 6.00 18.00 7887.50
95% Quantile 124.52 380.27 138.29 119.50 50.24 120.63 20000.00 successful 0.40

maximum 3160.93 4093.59 3160.93 983.46 3547.26 3547.26 130000.00 investor

Table 2.8 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the USD/CHF currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
USD/CHF

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 11: (0%-5%), # investors 86

observations 2037.00 1966.00 838.00 1125.00 2037.00 2037.00 2037.00 complex
mean 18.89 65.99 12.84 24.37 0.59 18.26 4980.84 trading 0.45

std. deviation 131.57 221.70 72.51 165.43 80.31 78.21 6910.85 strategy
minimum 0.00 0.00 0.00 0.00 -1286.60 0.00 1.00 close

5% Quantile 0.05 0.01 0.03 0.06 -34.05 0.01 100.00 special
25% Quantile 0.29 0.35 0.23 0.36 -3.00 0.74 1000.00 limit

0.14

50% Quantile 1.14 4.87 0.79 1.49 0.10 3.25 2400.00 order
75% Quantile 5.29 32.83 3.44 7.35 3.60 12.00 5987.50
95% Quantile 53.10 304.39 48.48 66.13 40.00 69.45 18097.05 successful 0.38

maximum 3433.90 4365.01 1342.74 3433.90 2131.44 2131.44 75000.00 investor
Group 12: (5%-10%), # investors 92

observations 2536.00 2455.00 1143.00 1321.00 2536.00 2536.00 2536.00 complex
mean 16.15 61.81 15.89 17.03 -4.60 23.12 5884.96 trading 0.27

std. deviation 91.72 226.55 91.47 94.35 140.91 139.08 12195.43 strategy
minimum 0.00 0.00 0.00 0.00 -4708.24 0.00 1.00 close

5% Quantile 0.02 0.00 0.01 0.04 -42.05 0.00 1.00 special
25% Quantile 0.21 0.17 0.16 0.25 -3.00 0.67 1000.00 limit

0.18

50% Quantile 0.77 2.22 0.68 0.89 0.05 2.70 3000.00 order
75% Quantile 4.45 24.86 3.94 5.06 2.50 10.40 6000.00
95% Quantile 70.33 288.54 69.31 72.64 33.00 79.26 21000.00 successful 0.34

maximum 2362.61 3306.46 2362.61 2111.03 2850.90 4708.24 204880.00 investor
Group 13: (0%-5%), # investors 89

observations 2260.00 2181.00 946.00 1272.00 2260.00 2260.00 2260.00 complex
mean 15.53 60.30 19.17 13.23 -0.49 18.91 6430.75 trading 0.30

std. deviation 101.85 197.47 139.91 62.14 75.13 72.71 10435.01 strategy
minimum 0.00 0.00 0.00 0.00 -1236.00 0.00 1.00 close

5% Quantile 0.04 0.01 0.03 0.04 -40.80 0.04 200.00 special
25% Quantile 0.19 0.13 0.17 0.20 -3.20 0.80 1000.00 limit

0.20

50% Quantile 0.71 2.53 0.64 0.81 0.20 3.12 3000.00 order
75% Quantile 3.49 27.69 3.19 4.00 3.10 12.80 8000.00
95% Quantile 59.60 290.87 61.76 60.17 32.00 70.55 20000.00 successful 0.38

maximum 2760.70 2837.60 2760.70 795.88 1575.00 1575.00 150000.00 investor
Group 14: (0%-5%), # investors 85

observations 2232.00 2161.00 838.00 1329.00 2232.00 2232.00 2232.00 complex
mean 14.90 53.58 20.41 12.09 -1.38 33.78 10158.42 trading 0.41

std. deviation 101.95 195.65 153.73 50.30 197.22 194.31 16330.51 strategy
minimum 0.00 0.00 0.00 0.01 -4434.18 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.05 -58.88 0.02 392.00 special
25% Quantile 0.21 0.11 0.19 0.24 -5.00 1.35 2000.00 limit

0.22

50% Quantile 0.79 1.76 0.78 0.85 0.60 5.92 5000.00 order
75% Quantile 3.98 21.89 3.89 4.43 6.60 21.00 13000.00
95% Quantile 55.07 237.59 55.36 56.67 57.15 103.23 35000.00 successful 0.42

maximum 3510.13 4038.20 3510.13 951.71 5760.00 5760.00 450000.00 investor
Group 15: (0%-5%), # investors 90

observations 2416.00 2349.00 943.00 1397.00 2416.00 2416.00 2416.00 complex
mean 17.66 49.95 21.81 15.53 -3.45 45.77 13971.57 trading 0.36

std. deviation 110.51 176.41 151.82 74.38 175.15 169.10 21932.45 strategy
minimum 0.00 0.00 0.00 0.01 -3025.00 0.00 1.00 close

5% Quantile 0.04 0.01 0.02 0.06 -81.44 0.00 28.20 special
25% Quantile 0.29 0.12 0.21 0.36 -4.78 1.40 2000.00 limit

0.22

50% Quantile 1.20 1.86 1.02 1.39 0.50 8.06 7000.00 order
75% Quantile 5.62 21.13 5.11 6.17 10.80 32.50 15000.00
95% Quantile 65.02 230.56 63.93 68.03 95.52 173.12 51840.00 successful 0.41

maximum 3284.10 3162.40 3284.10 1876.64 2610.00 3025.00 500000.00 investor

Table 2.8 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the USD/CHF currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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durations in hours Profit/ absolute dummy
USD/CHF

roundtrip inactivity loss profit Loss Profit/Loss volume variable mean
Group 16: (0%-5%), # investors 88

observations 2346.00 2277.00 1027.00 1243.00 2346.00 2346.00 2346.00 complex
mean 13.88 61.73 11.94 16.22 -0.43 46.83 16203.20 trading 0.30

std. deviation 63.09 236.97 55.25 70.52 155.97 148.77 21058.94 strategy
minimum 0.00 0.00 0.00 0.01 -2223.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.05 -97.40 0.01 100.00 special
25% Quantile 0.17 0.14 0.12 0.25 -7.00 2.03 3200.00 limit

0.18

50% Quantile 0.75 1.98 0.51 1.08 0.10 9.40 10000.00 order
75% Quantile 4.84 23.95 3.55 6.92 12.00 33.72 20000.00
95% Quantile 67.29 263.65 53.63 85.02 101.59 188.70 54070.00 successful 0.35

maximum 1682.12 4009.65 1064.25 1682.12 3367.50 3367.50 300000.00 investor
Group 17: (5%-10%), # investors 89

observations 1985.00 1913.00 751.00 1166.00 1985.00 1985.00 1985.00 complex
mean 15.78 88.15 20.69 13.22 -2.87 65.79 21996.81 trading 0.34

std. deviation 89.34 285.35 114.29 71.74 207.27 196.57 27888.51 strategy
minimum 0.00 0.00 0.00 0.00 -3923.60 0.00 1.00 close

5% Quantile 0.04 0.01 0.03 0.05 -132.23 0.03 500.00 special
25% Quantile 0.29 0.25 0.26 0.33 -13.33 3.20 5000.00 limit

0.24

50% Quantile 1.26 5.00 1.10 1.45 1.00 17.43 10262.50 order
75% Quantile 5.58 54.18 4.81 6.92 20.04 59.56 25071.25
95% Quantile 64.59 409.00 67.56 65.80 139.98 238.50 80000.00 successful 0.41

maximum 2120.95 3709.50 1823.03 2120.95 2550.00 3923.60 224000.00 investor
Group 18: (0%-5%), # investors 84

observations 2934.00 2868.00 1160.00 1681.00 2934.00 2934.00 2934.00 complex
mean 12.54 50.58 11.86 13.52 -6.01 129.26 44285.23 trading 0.54

std. deviation 66.99 184.04 59.60 73.32 393.70 371.91 55618.14 strategy
minimum 0.00 0.00 0.00 0.00 -7953.55 0.00 1.00 close

5% Quantile 0.04 0.01 0.02 0.07 -297.03 0.50 2000.00 special
25% Quantile 0.30 0.13 0.22 0.40 -32.00 9.00 10000.00 limit

0.20

50% Quantile 1.14 2.35 0.84 1.40 3.14 40.00 30000.00 order
75% Quantile 4.80 20.58 3.90 5.39 46.88 128.00 60000.00
95% Quantile 52.07 239.66 52.65 55.74 290.64 442.60 127300.70 successful 0.39

maximum 1678.61 3049.73 1411.74 1678.61 5639.21 7953.55 680155.00 investor
Group 19: (0%-5%), # investors 94

observations 2698.00 2632.00 1059.00 1576.00 2698.00 2698.00 2698.00 complex
mean 18.96 55.75 21.60 17.86 -11.51 167.76 58116.12 trading 0.28

std. deviation 105.95 195.46 143.72 72.99 630.36 607.72 86842.71 strategy
minimum 0.00 0.00 0.00 0.01 -19677.61 0.00 1.00 close

5% Quantile 0.05 0.01 0.03 0.06 -360.19 1.00 2500.00 special
25% Quantile 0.29 0.22 0.23 0.36 -24.95 10.00 10000.00 limit

0.33

50% Quantile 1.18 2.78 0.94 1.45 5.00 34.20 30000.00 order
75% Quantile 7.33 23.36 6.47 8.54 45.00 129.71 69474.50
95% Quantile 73.17 285.41 75.27 73.91 324.24 630.38 200000.00 successful 0.40

maximum 3316.60 3287.27 3316.60 1173.64 5599.00 19677.61 1400000.00 investor
Group 20: (0%-5%), # investors 104

observations 4098.00 4019.00 1557.00 2410.00 4098.00 4098.00 4098.00 complex
mean 14.25 50.57 13.81 15.24 1529.11 2592.80 413695.08 trading 0.26

std. deviation 73.01 200.90 56.32 83.70 43786.99 43736.88 1979150.87 strategy
minimum 0.00 0.00 0.00 0.01 -135950.00 0.00 1.00 close

5% Quantile 0.03 0.01 0.02 0.04 -884.81 0.60 3000.00 special
25% Quantile 0.18 0.17 0.15 0.21 -47.58 12.00 20000.00 limit

0.24

50% Quantile 0.72 2.21 0.68 0.80 5.00 76.00 75900.00 order
75% Quantile 4.13 21.93 4.03 4.65 114.10 373.59 206780.00
95% Quantile 62.27 195.70 68.35 63.75 1929.14 3755.00 2000000.00 successful 0.41

maximum 2276.11 4798.91 1005.39 2276.11 1772500.00 1772500.00 60000000.00 investor

Table 2.8 (cont’d): Descriptive statistics of the roundtrip, inactivity durations and ex-
planatory variables for the USD/CHF currency pair. The sample ranges from 1st October 2003
00:00:00 (EST) to 14th May 2004 23:59:59 (EST), which are 227 full days (5448 hours).
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Appendix C

EUR/USD

1 2 3 4 5
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 0.9541 0.0460 1.0078 0.0316 1.1047 0.0358 1.0614 0.0177 1.0782 0.0176
σ2,1 0.0557 0.1126 0.1874 0.0682 0.2908 0.0578 0.1542 0.0507 0.2285 0.0463
ν1

s,1 -0.1735 0.0458 -0.1321 0.0445 -0.1063 0.0525 0.0035 0.0512 -0.0708 0.0329

ν1
s,2 -0.0002 0.1312 0.1181 0.0412 0.0038 0.1794 0.0154 0.0344 0.0386 0.0324

ν1
s,3 -0.2197 0.0377 -0.1825 0.0311 -0.2034 0.0593 -0.2144 0.0410 -0.1589 0.0260

ν1
c,1 0.0364 0.0381 0.0466 0.0326 0.0664 0.0338 0.0510 0.0451 -0.0060 0.0274

ν1
c,2 0.1780 0.0324 0.1963 0.0308 0.1753 0.0392 0.2010 0.0461 0.2401 0.0304

ν1
c,3 0.0956 0.0417 0.0924 0.0316 0.1263 0.0704 0.0888 0.0312 0.1271 0.0249

Explanatory Variables
c1 2.6288 0.6426 2.3556 0.3248 1.2231 0.4646 1.0073 0.1035 1.3277 0.0831
c1
sl

-0.7485 0.3105 -0.2360 0.1141 -0.2728 0.3491 -0.5841 0.0527 -0.5697 0.0340
c1sc -0.1559 0.1996 -0.0541 0.1319 0.1935 0.1518 -0.0634 0.0611 -0.0073 0.0579
β1

p -3.3570 0.4153 -2.8717 0.3019 -2.7995 0.2447 -2.0900 0.1053 -2.5563 0.1063
β1

p∗sl
0.4062 0.1478 0.0180 0.0308 0.0204 0.2916 0.1654 0.0398 0.1173 0.0391

β1
p∗sc 0.0541 0.1032 -0.0262 0.0749 -0.1609 0.0874 -0.0512 0.0517 -0.0071 0.0456

β1
l

2.3996 0.3372 1.4166 0.2659 1.6355 0.1908 0.9926 0.1043 1.4372 0.0860
β1

l∗sl
-0.4813 0.1359 -0.1168 0.0629 -0.2301 0.1515 -0.3119 0.0365 -0.2785 0.0329

β1
l∗sc

0.0389 0.0929 0.0847 0.0656 0.1225 0.0767 0.0361 0.0465 0.0341 0.0431
β1

p2
0.7994 0.1706 0.8554 0.1589 0.5869 0.1097 0.3530 0.0468 0.6003 0.0627

β1
l2

0.2993 0.1218 0.1099 0.1145 0.0225 0.0791 -0.1540 0.0554 0.0231 0.0399

β1
p3

-0.0808 0.0218 -0.1068 0.0232 -0.0556 0.0136 -0.0398 0.0060 -0.0720 0.0110

β1
l3

0.0162 0.0141 0.0150 0.0126 0.0003 0.0079 -0.0122 0.0082 0.0021 0.0054

β1
p∗cx 0.0657 0.0879 -0.0366 0.1064 0.0589 0.1047 0.0201 0.0513 0.0005 0.0576

β1
l∗cx

-0.1092 0.0742 -0.0713 0.0824 -0.1366 0.0856 -0.1529 0.0514 -0.0012 0.0385
β1

dr(−1)
-0.2493 0.0344 -0.2536 0.0233 -0.2502 0.0236 -0.1860 0.0087 -0.2190 0.0085

β1
di(−1)

-0.0840 0.0198 -0.0739 0.0111 -0.0735 0.0133 -0.0614 0.0070 -0.0437 0.0053

β1
vol

0.4157 0.0819 0.3854 0.0634 0.6209 0.0805 0.6159 0.0219 0.5423 0.0122
c1cx -1.5016 0.1833 -1.4318 0.1554 -1.5252 0.1815 -1.6460 0.0901 -1.1892 0.0635

Inactivity Intensity
Baseline Intensity

α2 0.4453 0.0279 0.5163 0.0397 0.5230 0.0359 0.5114 0.0084 0.4917 0.0085
σ2,2 -0.5886 0.2043 -0.2719 0.2074 -0.2368 0.1614 -0.2402 0.0546 -0.4379 0.0599
ν2

s,1 -0.1005 0.0589 -0.1276 0.0567 -0.1361 0.0482 -0.0536 0.0388 -0.1616 0.0320

ν2
s,2 -0.1673 0.0428 0.0147 0.0816 -0.0665 0.0418 -0.1114 0.0283 -0.0803 0.0276

ν2
s,3 -0.3750 0.0394 -0.4202 0.0410 -0.4099 0.0396 -0.4367 0.0345 -0.4858 0.0257

ν2
c,1 -0.0652 0.0315 -0.0644 0.0324 -0.0793 0.0263 -0.1105 0.0281 -0.0659 0.0237

ν2
c,2 0.2576 0.0433 0.3854 0.0374 0.3758 0.0412 0.3533 0.0293 0.3244 0.0260

ν2
c,3 0.1608 0.0346 0.1148 0.0360 0.0541 0.0374 0.0893 0.0252 0.0330 0.0258

Explanatory Variables
c2 -0.0059 0.0375 0.2169 0.1691 0.2677 0.1069 0.3237 0.0573 0.3365 0.0462
c2sc 0.1988 0.0945 -0.0121 0.1733 0.0093 0.0747 0.1476 0.0354 0.0618 0.0211
β2

dr(−1)
-0.1818 0.0262 -0.1778 0.0261 -0.2184 0.0306 -0.2044 0.0064 -0.1717 0.0055

β2
di(−1)

-0.1371 0.0218 -0.1555 0.0228 -0.1462 0.0160 -0.1551 0.0051 -0.1544 0.0046

Table 2.9: Estimation results for investor groups 1 to 5 for EUR/USD. Quasi-maximum likelihood
standard errors reported. Subindexes: p – profit, l – loss, sl –special limit order, sc – successfull,
cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1) – lagged inactivity
duration, vol – transaction volume, ∗ – respective interaction term. All other parameters are
detailed in the main text.
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6 7 8 9 10
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 0.9972 0.0354 1.0559 0.0167 1.0501 0.0241 1.1202 0.0150 1.0328 0.0141
σ2,1 0.0841 0.0687 0.1103 0.0434 0.1114 0.0587 0.2108 0.0328 0.0839 0.0355
ν1

s,1 -0.0904 0.0396 -0.0262 0.0317 -0.0965 0.0424 -0.1208 0.0356 -0.0372 0.0351

ν1
s,2 0.0270 0.0321 -0.0084 0.0299 0.0481 0.0286 0.0202 0.0301 0.0065 0.0303

ν1
s,3 -0.1561 0.0287 -0.1558 0.0280 -0.1815 0.0279 -0.2106 0.0300 -0.2505 0.0268

ν1
c,1 0.0652 0.0308 0.0399 0.0311 0.0546 0.0325 0.0623 0.0228 0.0928 0.0235

ν1
c,2 0.2673 0.0305 0.2118 0.0266 0.1770 0.0366 0.2141 0.0291 0.2155 0.0300

ν1
c,3 0.1060 0.0280 0.0306 0.0279 0.1099 0.0295 0.0058 0.0267 -0.0156 0.0286

Explanatory Variables
c1 1.7223 0.4811 0.9290 0.0533 1.9464 0.4244 1.6318 0.0571 1.1997 0.0593
c1
sl

-0.5079 0.1329 -0.3105 0.0278 -0.2726 0.1418 -0.3259 0.0247 -0.5697 0.0286
c1sc -0.0558 0.1316 0.3303 0.0458 0.1045 0.0636 0.1127 0.0373 -0.0333 0.0466
β1

p -1.7693 0.2289 -1.7124 0.0642 -1.4313 0.1860 -1.7335 0.0640 -1.7625 0.0565
β1

p∗sl
0.1740 0.0666 -0.0257 0.0282 -0.0669 0.0628 -0.0185 0.0270 0.0824 0.0267

β1
p∗sc 0.0300 0.0809 -0.2293 0.0453 -0.1161 0.0412 -0.0448 0.0341 0.0465 0.0361

β1
l

0.8816 0.1855 0.6402 0.0521 0.7167 0.1721 0.7886 0.0701 0.9082 0.0685
β1

l∗sl
-0.2537 0.0626 -0.1581 0.0273 -0.1176 0.0745 -0.0910 0.0236 -0.1893 0.0219

β1
l∗sc

0.0828 0.0577 0.2316 0.0413 0.0963 0.0379 0.1567 0.0338 -0.0062 0.0382
β1

p2
0.2980 0.0876 0.3264 0.0301 0.2854 0.0782 0.3493 0.0388 0.3548 0.0310

β1
l2

-0.0688 0.0811 -0.1858 0.0266 -0.0591 0.0707 -0.0589 0.0382 -0.0304 0.0377

β1
p3

-0.0344 0.0114 -0.0351 0.0036 -0.0374 0.0102 -0.0463 0.0064 -0.0419 0.0050

β1
l3

-0.0062 0.0094 -0.0190 0.0037 0.0004 0.0078 0.0001 0.0054 0.0021 0.0056

β1
p∗cx 0.0259 0.0630 -0.0522 0.0314 -0.0239 0.0443 0.1533 0.0345 -0.0958 0.0309

β1
l∗cx

0.0429 0.0560 -0.0030 0.0349 -0.0973 0.0491 -0.1567 0.0294 0.0572 0.0323
β1

dr(−1)
-0.2328 0.0201 -0.2469 0.0058 -0.2352 0.0166 -0.2547 0.0067 -0.2451 0.0063

β1
di(−1)

-0.0543 0.0094 -0.0995 0.0046 -0.0857 0.0114 -0.0514 0.0039 -0.0622 0.0045

β1
vol

0.3250 0.0943 0.4508 0.0104 0.2802 0.0584 0.4062 0.0077 0.3889 0.0089
c1cx -1.1377 0.1373 -1.1857 0.0404 -1.2873 0.1014 -1.6842 0.0590 -1.0183 0.0389

Inactivity Intensity
Baseline Intensity

α2 0.5334 0.0231 0.6470 0.0102 0.5504 0.0319 0.6032 0.0053 0.5949 0.0069
σ2,2 -0.2904 0.1062 0.0161 0.0434 -0.2725 0.1509 -0.1332 0.0283 -0.1896 0.0387
ν2

s,1 -0.1003 0.0544 -0.1223 0.0362 -0.1344 0.0544 -0.0538 0.0321 -0.0688 0.0290

ν2
s,2 -0.0351 0.0373 -0.1396 0.0220 -0.0404 0.0407 -0.0647 0.0224 -0.0912 0.0222

ν2
s,3 -0.3650 0.0337 -0.4836 0.0251 -0.4738 0.0393 -0.4093 0.0182 -0.4630 0.0259

ν2
c,1 -0.1047 0.0240 -0.1072 0.0287 -0.0873 0.0286 -0.0365 0.0241 -0.0646 0.0228

ν2
c,2 0.3578 0.0349 0.3658 0.0266 0.3792 0.0302 0.3876 0.0288 0.4580 0.0233

ν2
c,3 0.1121 0.0318 0.0258 0.0181 0.0573 0.0393 0.0649 0.0206 -0.0061 0.0188

Explanatory Variables
c2 0.4580 0.1021 0.6843 0.0591 0.3655 0.0974 0.5761 0.0449 0.5684 0.0417
c2sc -0.1461 0.0612 -0.0272 0.0320 0.0123 0.0579 0.0011 0.0205 0.0013 0.0264
β2

dr(−1)
-0.1559 0.0174 -0.2427 0.0049 -0.1992 0.0213 -0.2003 0.0049 -0.1787 0.0047

β2
di(−1)

-0.1679 0.0159 -0.2065 0.0049 -0.1656 0.0227 -0.1634 0.0031 -0.1787 0.0038

Table 2.9 (cont’d): Estimation results for investor groups 6 to 10 for EUR/USD. Quasi-maximum
likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit order, sc –
successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1) – lagged
inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other parameters
are detailed in the main text.
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11 12 13 14 15
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.0615 0.0122 1.0927 0.0310 1.1246 0.0137 1.1018 0.0138 1.0880 0.0092
σ2,1 0.1075 0.0322 0.2001 0.0560 0.2360 0.0335 0.1573 0.0347 0.1170 0.0271
ν1

s,1 -0.0750 0.0289 -0.0513 0.0337 0.0288 0.0339 -0.0562 0.0303 -0.0331 0.0319

ν1
s,2 -0.0152 0.0306 0.0307 0.0288 -0.0095 0.0300 0.0224 0.0260 0.0444 0.0258

ν1
s,3 -0.1854 0.0280 -0.2335 0.0260 -0.2426 0.0240 -0.2336 0.0268 -0.2224 0.0225

ν1
c,1 0.0462 0.0260 0.1119 0.0288 0.0588 0.0285 0.1270 0.0305 0.0955 0.0272

ν1
c,2 0.1815 0.0290 0.2719 0.0317 0.2595 0.0352 0.2593 0.0282 0.2121 0.0316

ν1
c,3 0.0744 0.0254 0.1121 0.0266 0.0200 0.0275 0.0575 0.0231 0.0147 0.0261

Explanatory Variables
c1 1.6324 0.0559 1.7587 0.4326 2.1036 0.0685 2.6214 0.0714 2.3337 0.0653
c1
sl

-0.6105 0.0251 -0.3817 0.1280 -0.7768 0.0346 -0.5720 0.0285 -0.4129 0.0222
c1sc 0.1410 0.0387 0.0996 0.0722 0.0827 0.0383 -0.0035 0.0455 0.0108 0.0300
β1

p -1.3000 0.0585 -1.5209 0.1948 -1.2849 0.0485 -0.9109 0.0468 -1.1166 0.0540
β1

p∗sl
0.0849 0.0249 -0.0321 0.0693 0.1964 0.0269 0.1132 0.0201 0.0097 0.0229

β1
p∗sc -0.1541 0.0344 -0.0906 0.0474 -0.0015 0.0306 0.0208 0.0294 -0.0151 0.0248

β1
l

0.4675 0.0527 0.6431 0.1888 0.5831 0.0514 0.2378 0.0502 0.4741 0.0470
β1

l∗sl
-0.2347 0.0229 -0.1802 0.0651 -0.2845 0.0279 -0.2707 0.0199 -0.0840 0.0219

β1
l∗sc

0.1833 0.0306 0.1459 0.0413 0.1121 0.0318 0.0504 0.0339 0.0923 0.0243
β1

p2
0.2230 0.0359 0.3313 0.0881 0.1577 0.0253 0.0659 0.0257 0.1866 0.0317

β1
l2

-0.1567 0.0298 -0.0818 0.0940 -0.1102 0.0250 -0.2405 0.0276 -0.0644 0.0215

β1
p3

-0.0297 0.0053 -0.0415 0.0113 -0.0197 0.0036 -0.0127 0.0039 -0.0262 0.0047

β1
l3

-0.0111 0.0040 -0.0020 0.0110 -0.0041 0.0033 -0.0200 0.0040 0.0005 0.0025

β1
p∗cx -0.0191 0.0317 -0.0961 0.0729 0.0062 0.0282 -0.0517 0.0224 -0.0623 0.0224

β1
l∗cx

0.0132 0.0337 0.0689 0.0749 -0.0844 0.0287 0.0130 0.0268 0.0272 0.0270
β1

dr(−1)
-0.2410 0.0052 -0.2107 0.0148 -0.2752 0.0045 -0.2642 0.0051 -0.3078 0.0050

β1
di(−1)

-0.1010 0.0041 -0.0818 0.0090 -0.0630 0.0034 -0.0876 0.0032 -0.0582 0.0031

β1
vol

0.2997 0.0039 0.2898 0.0567 0.2809 0.0040 0.1437 0.0030 0.1883 0.0047
c1cx -1.3427 0.0538 -1.2024 0.1578 -1.5603 0.0499 -1.1052 0.0308 -1.3336 0.0297

Inactivity Intensity
Baseline Intensity

α2 0.6427 0.0067 0.6623 0.0244 0.6582 0.0074 0.6798 0.0060 0.6441 0.0068
σ2,2 0.0030 0.0293 0.0200 0.0308 0.0483 0.0300 0.0742 0.0250 0.0689 0.0287
ν2

s,1 -0.0053 0.0265 -0.1695 0.0379 -0.0855 0.0257 -0.1341 0.0267 -0.1854 0.0254

ν2
s,2 -0.1212 0.0226 -0.0404 0.0291 -0.1306 0.0195 -0.0652 0.0192 -0.0232 0.0188

ν2
s,3 -0.4246 0.0226 -0.4040 0.0280 -0.4380 0.0214 -0.4544 0.0177 -0.5296 0.0200

ν2
c,1 -0.0452 0.0204 -0.0326 0.0232 -0.0720 0.0224 -0.0982 0.0249 -0.1016 0.0195

ν2
c,2 0.3873 0.0221 0.4092 0.0347 0.3919 0.0232 0.5056 0.0211 0.4370 0.0234

ν2
c,3 0.0785 0.0194 0.0919 0.0289 0.0203 0.0190 0.0124 0.0171 -0.0439 0.0165

Explanatory Variables
c2 0.6284 0.0412 0.6489 0.0936 0.9503 0.0519 0.7517 0.0433 1.0667 0.0505
c2sc -0.1059 0.0207 -0.0385 0.0437 -0.0017 0.0167 -0.0550 0.0122 -0.1267 0.0146
β2

dr(−1)
-0.2411 0.0050 -0.2223 0.0161 -0.1899 0.0043 -0.2408 0.0043 -0.1735 0.0035

β2
di(−1)

-0.1692 0.0040 -0.1599 0.0125 -0.2063 0.0036 -0.1738 0.0030 -0.2209 0.0038

Table 2.9 (cont’d): Estimation results for investor groups 11 to 15 for EUR/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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16 17 18 19 20
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.0871 0.0086 1.1260 0.0138 1.1662 0.0126 1.1294 0.0094 1.0980 0.0099
σ2,1 0.0887 0.0245 0.1818 0.0313 0.2351 0.0297 0.1979 0.0213 0.2292 0.0231
ν1

s,1 -0.0806 0.0274 -0.0157 0.0292 -0.0832 0.0329 -0.0981 0.0290 -0.0510 0.0287

ν1
s,2 0.0263 0.0222 -0.0203 0.0256 -0.0273 0.0280 0.0587 0.0199 0.0065 0.0240

ν1
s,3 -0.2601 0.0196 -0.1915 0.0203 -0.2058 0.0233 -0.2773 0.0215 -0.2265 0.0243

ν1
c,1 0.0838 0.0251 0.0913 0.0228 0.0773 0.0275 0.0978 0.0204 0.0886 0.0200

ν1
c,2 0.2223 0.0272 0.2009 0.0227 0.2118 0.0273 0.2154 0.0237 0.2547 0.0274

ν1
c,3 0.0854 0.0231 0.0262 0.0190 -0.0106 0.0198 0.0705 0.0212 0.0558 0.0182

Explanatory Variables
c1 1.9495 0.0567 1.8576 0.0595 2.0001 0.0630 1.9345 0.0486 -0.1432 0.0412
c1
sl

-0.7639 0.0240 -0.4868 0.0155 -0.5107 0.0182 -0.5809 0.0258 -0.4074 0.0155
c1sc -0.0264 0.0342 0.2175 0.0317 0.1357 0.0328 0.2760 0.0254 0.0191 0.0186
β1

p -1.2518 0.0363 -1.5617 0.0516 -1.2907 0.0543 -1.1904 0.0384 -1.8799 0.0392
β1

p∗sl
0.2481 0.0207 0.1174 0.0170 0.1241 0.0215 0.0803 0.0207 -0.2098 0.0226

β1
p∗sc 0.0147 0.0256 -0.0728 0.0223 -0.0653 0.0287 -0.1604 0.0214 -0.0068 0.0220

β1
l

0.5688 0.0411 0.7747 0.0449 0.6587 0.0470 0.6672 0.0494 1.3744 0.0404
β1

l∗sl
-0.3078 0.0161 -0.1669 0.0138 -0.1753 0.0192 -0.1676 0.0169 -0.1132 0.0204

β1
l∗sc

0.0841 0.0254 0.1443 0.0242 0.1229 0.0276 0.2571 0.0251 0.1060 0.0289
β1

p2
0.2554 0.0244 0.2947 0.0300 0.1688 0.0318 0.2217 0.0218 0.4546 0.0188

β1
l2

-0.0431 0.0225 -0.0201 0.0240 -0.0521 0.0243 0.0186 0.0265 0.1490 0.0210

β1
p3

-0.0384 0.0040 -0.0394 0.0053 -0.0232 0.0052 -0.0324 0.0034 -0.0481 0.0024

β1
l3

0.0025 0.0033 0.0046 0.0035 0.0018 0.0034 0.0087 0.0038 0.0125 0.0029

β1
p∗cx -0.0338 0.0259 -0.0193 0.0197 0.0329 0.0300 -0.0982 0.0199 -0.0446 0.0206

β1
l∗cx

0.0274 0.0250 0.0574 0.0198 0.0245 0.0246 0.1041 0.0184 0.0021 0.0227
β1

dr(−1)
-0.3345 0.0041 -0.2372 0.0051 -0.2789 0.0050 -0.2308 0.0040 -0.2219 0.0037

β1
di(−1)

-0.0481 0.0024 -0.0861 0.0036 -0.1037 0.0038 -0.0876 0.0029 -0.0905 0.0024

β1
vol

0.2040 0.0038 0.2990 0.0066 0.2645 0.0046 0.2319 0.0040 0.4010 0.0054
c1cx -1.2162 0.0495 -1.2305 0.0357 -1.4532 0.0453 -1.2298 0.0296 -1.5042 0.0267

Inactivity Intensity
Baseline Intensity

α2 0.6316 0.0071 0.6682 0.0053 0.6392 0.0064 0.7061 0.0063 0.6737 0.0052
σ2,2 0.0162 0.0315 0.0608 0.0223 -0.0812 0.0306 0.0932 0.0235 -0.0090 0.0224
ν2

s,1 -0.1198 0.0254 -0.0726 0.0254 -0.1575 0.0274 -0.0279 0.0254 -0.1010 0.0197

ν2
s,2 -0.0834 0.0163 -0.1457 0.0186 -0.0072 0.0144 -0.1596 0.0177 -0.1473 0.0191

ν2
s,3 -0.4569 0.0211 -0.4984 0.0177 -0.4530 0.0210 -0.4349 0.0203 -0.4289 0.0149

ν2
c,1 -0.0528 0.0188 -0.0803 0.0193 -0.1299 0.0159 -0.0772 0.0196 -0.0533 0.0180

ν2
c,2 0.4609 0.0171 0.4661 0.0206 0.4049 0.0213 0.4762 0.0197 0.3502 0.0193

ν2
c,3 -0.0043 0.0170 0.0451 0.0159 0.0802 0.0135 -0.0162 0.0159 0.0334 0.0146

Explanatory Variables
c2 0.8642 0.0467 0.8225 0.0416 0.7242 0.0362 1.0549 0.0392 1.0136 0.0433
c2sc -0.0150 0.0152 -0.0525 0.0119 -0.0155 0.0149 0.0067 0.0120 -0.0059 0.0113
β2

dr(−1)
-0.1723 0.0031 -0.2349 0.0038 -0.1995 0.0048 -0.1968 0.0042 -0.1705 0.0025

β2
di(−1)

-0.2073 0.0037 -0.1812 0.0022 -0.1845 0.0032 -0.2100 0.0030 -0.2110 0.0028

Table 2.9 (cont’d): Estimation results for investor groups 16 to 20 for EUR/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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GBP/USD

1 2 3 4 5
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.0250 0.0620 1.0494 0.0543 1.0317 0.0798 0.9983 0.0857 1.0325 0.0714
σ2,1 0.1939 0.1518 0.2869 0.1080 0.0646 0.1709 0.1035 0.2848 0.0880 0.1747
ν1

s,1 -0.3154 0.1119 0.0265 0.0884 -0.0906 0.0619 0.0112 0.1548 0.0252 0.0810

ν1
s,2 -0.0427 0.0717 0.0452 0.0700 0.0586 0.0785 0.1853 0.1032 0.1563 0.0702

ν1
s,3 -0.1620 0.0628 -0.2542 0.0505 -0.1676 0.0665 -0.1387 0.0897 -0.1266 0.0888

ν1
c,1 0.0244 0.1130 0.0482 0.0639 0.0729 0.0899 0.1289 0.1219 -0.1506 0.0914

ν1
c,2 0.2242 0.0553 0.3634 0.0532 0.1798 0.0578 0.1276 0.1057 0.2021 0.0539

ν1
c,3 0.0530 0.0623 0.0601 0.0537 0.1649 0.0815 0.1139 0.1027 0.1605 0.0747

Explanatory Variables
c1 2.3132 0.8901 2.6610 0.5333 -0.1122 0.4946 0.2433 0.3319 0.9980 0.2048
c1
sl

-0.6695 0.3781 -0.6629 0.2823 0.0787 0.3786 -0.1119 0.2352 -0.1328 0.2730
c1sc -0.2704 0.2482 -0.2877 0.1799 0.2286 0.2781 -0.1289 0.2062 -0.0403 0.1368
β1

p -3.4548 0.6473 -3.4272 0.4230 -3.2064 0.4339 -2.4963 0.5385 -2.6440 0.5320
β1

p∗sl
0.3367 0.2256 0.2162 0.1679 -0.1641 0.1797 0.0149 0.1217 -0.0299 0.1339

β1
p∗sc -0.1509 0.1461 0.0345 0.1385 -0.1566 0.1410 -0.0024 0.2012 -0.0507 0.1001

β1
l

3.4148 0.7332 2.2664 0.3812 1.7433 0.3689 1.3224 0.4456 2.0893 0.6127
β1

l∗sl
-0.6550 0.2250 -0.4393 0.1600 -0.2217 0.2013 -0.1638 0.2216 -0.2381 0.1817

β1
l∗sc

-0.1034 0.1436 0.0785 0.0978 0.2820 0.1558 0.0075 0.2394 0.0266 0.1322
β1

p2
0.8231 0.2564 0.8442 0.2142 0.8771 0.1711 0.5944 0.2172 0.6202 0.2434

β1
l2

0.7121 0.2836 0.3192 0.2008 0.1402 0.1708 0.0320 0.2465 0.3793 0.2573

β1
p3

-0.0780 0.0344 -0.0842 0.0307 -0.0876 0.0185 -0.0719 0.0287 -0.0749 0.0350

β1
l3

0.0653 0.0320 0.0354 0.0241 0.0118 0.0183 0.0077 0.0361 0.0458 0.0309

β1
p∗cx -0.1833 0.1371 -0.1111 0.1837 0.0891 0.1328 0.0490 0.1788 0.2592 0.1197

β1
l∗cx

-0.1378 0.1941 -0.2504 0.1234 -0.2052 0.1577 0.0150 0.1993 -0.0739 0.1492
β1

dr(−1)
-0.2981 0.0549 -0.1807 0.0334 -0.3105 0.0433 -0.1913 0.0407 -0.2044 0.0318

β1
di(−1)

-0.0885 0.0377 -0.0314 0.0158 -0.0195 0.0286 -0.0535 0.0228 -0.0660 0.0179

β1
vol

0.5881 0.1123 0.4664 0.1337 0.7425 0.1079 0.6561 0.0955 0.5862 0.0988
c1cx -1.3234 0.2800 -1.5277 0.2710 -1.5300 0.2220 -1.3203 0.2715 -1.7705 0.2409

Inactivity Intensity
Baseline Intensity

α2 0.5133 0.0412 0.3933 0.0259 0.5105 0.0381 0.4016 0.0447 0.4694 0.0446
σ2,2 -0.1234 0.2207 -0.9884 0.3631 -0.1967 0.2334 -1.0419 0.5805 -0.7059 0.2484
ν2

s,1 -0.2023 0.0805 -0.1777 0.0919 -0.2124 0.0804 -0.1263 0.1063 0.0050 0.1232

ν2
s,2 -0.1599 0.0696 0.1485 0.0758 -0.0232 0.0676 0.0931 0.0934 0.0868 0.0584

ν2
s,3 -0.3997 0.0601 -0.2834 0.0581 -0.2872 0.0617 -0.2983 0.1283 -0.4085 0.0511

ν2
c,1 -0.1457 0.0862 -0.0385 0.0598 -0.0725 0.0515 -0.0955 0.0885 -0.1307 0.0573

ν2
c,2 0.3195 0.0708 0.3270 0.0606 0.3668 0.0651 0.3720 0.1046 0.4576 0.0874

ν2
c,3 0.3373 0.0530 0.1597 0.0675 0.0815 0.0707 0.1237 0.0960 0.0745 0.0631

Explanatory Variables
c2 -0.1056 0.1632 -0.2203 0.1442 0.0010 0.0668 -0.1378 0.1168 -0.1289 0.1205
c2sc 0.1270 0.1584 0.1866 0.1062 0.2339 0.1793 0.1124 0.1321 0.1424 0.0914
β2

dr(−1)
-0.1378 0.0328 -0.0832 0.0232 -0.1210 0.0528 -0.0933 0.0246 -0.1261 0.0277

β2
di(−1)

-0.2834 0.0449 -0.1438 0.0267 -0.2398 0.0554 -0.1088 0.0189 -0.1252 0.0205

Table 2.10: Estimation results for investor groups 1 to 5 for GBP/USD. Quasi-maximum likelihood
standard errors reported. Subindexes: p – profit, l – loss, sl –special limit order, sc – successfull,
cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1) – lagged inactivity
duration, vol – transaction volume, ∗ – respective interaction term. All other parameters are
detailed in the main text.
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6 7 8 9 10
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.1785 0.0660 1.1202 0.0603 1.1082 0.0543 1.1472 0.0383 1.1045 0.0697
σ2,1 0.4042 0.1247 0.1718 0.1457 0.2148 0.1404 0.2773 0.0740 0.1309 0.1588
ν1

s,1 0.0156 0.1320 -0.0534 0.1081 0.0324 0.1002 -0.1324 0.0705 -0.0616 0.1465

ν1
s,2 0.0950 0.0856 0.0555 0.0866 0.0225 0.1034 0.0295 0.0547 -0.0058 0.0803

ν1
s,3 -0.2901 0.0927 -0.1906 0.0547 -0.1456 0.0485 -0.2558 0.0467 -0.3555 0.0751

ν1
c,1 -0.0750 0.1088 0.0665 0.0589 -0.0404 0.0910 0.0181 0.1028 -0.1879 0.0594

ν1
c,2 0.3649 0.1012 0.2899 0.0694 0.3367 0.0693 0.2544 0.0537 0.3699 0.1126

ν1
c,3 0.0947 0.1227 0.0227 0.0707 -0.0703 0.0676 0.0840 0.0442 0.0861 0.1030

Explanatory Variables
c1 1.8088 0.3227 1.1815 0.5438 1.0390 0.6000 2.2603 0.3686 0.0833 0.2860
c1
sl

-1.0895 0.1383 -0.6136 0.2305 -0.6321 0.3213 -0.5475 0.2353 -0.4006 0.1712
c1sc -0.1718 0.2761 0.5217 0.1395 0.2000 0.2456 -0.1133 0.1388 -0.0102 0.1668
β1

p -2.8974 0.4452 -2.1428 0.5101 -1.8174 0.4457 -2.8083 0.4211 -2.8920 0.3731
β1

p∗sl
0.3796 0.1243 0.2094 0.1146 0.0705 0.1496 0.2521 0.1117 0.1900 0.1407

β1
p∗sc -0.0179 0.1962 -0.2555 0.0956 -0.0492 0.1267 0.0046 0.1187 -0.0793 0.1293

β1
l

1.3506 0.3461 0.8948 0.4288 0.6150 0.5018 1.3525 0.3143 1.7699 0.4527
β1

l∗sl
-0.6527 0.1252 -0.3457 0.1269 -0.1813 0.1345 -0.3799 0.1193 -0.4095 0.1064

β1
l∗sc

0.0778 0.1591 0.2263 0.0973 0.0870 0.1334 0.0739 0.1133 0.1831 0.1354
β1

p2
0.7916 0.2628 0.4886 0.2239 0.3530 0.1635 0.8110 0.1618 0.6757 0.1854

β1
l2

-0.1780 0.1788 -0.0933 0.1657 -0.1417 0.2414 0.0062 0.0999 0.1581 0.2507

β1
p3

-0.1207 0.0456 -0.0602 0.0273 -0.0427 0.0196 -0.1012 0.0214 -0.0655 0.0272

β1
l3

-0.0224 0.0233 0.0002 0.0194 -0.0046 0.0320 -0.0002 0.0099 0.0187 0.0354

β1
p∗cx 0.1769 0.2075 0.1117 0.1085 0.1006 0.0983 0.1112 0.0966 -0.1230 0.1556

β1
l∗cx

-0.1458 0.1596 -0.2087 0.1147 0.0367 0.1043 -0.2003 0.1026 -0.1103 0.1367
β1

dr(−1)
-0.2880 0.0264 -0.1578 0.0242 -0.2001 0.0467 -0.2926 0.0303 -0.2276 0.0248

β1
di(−1)

-0.0514 0.0226 -0.1030 0.0214 -0.0841 0.0179 -0.0368 0.0214 -0.0798 0.0180

β1
vol

0.5692 0.0630 0.5094 0.0675 0.5323 0.0873 0.3518 0.0843 0.6396 0.0457
c1cx -1.7179 0.3095 -1.5508 0.2731 -1.6019 0.1971 -1.5991 0.1975 -1.7782 0.2532

Inactivity Intensity
Baseline Intensity

α2 0.4542 0.0411 0.4953 0.0317 0.5167 0.0468 0.5103 0.0275 0.4864 0.0297
σ2,2 -0.3765 0.3235 -0.4444 0.1520 -0.3620 0.2379 -0.3167 0.1423 -0.5394 0.2205
ν2

s,1 -0.1396 0.0802 0.0795 0.0786 -0.1454 0.1563 -0.2204 0.0646 -0.1534 0.1225

ν2
s,2 0.2059 0.0931 -0.0649 0.0656 0.2580 0.0731 0.0797 0.0569 0.1344 0.0703

ν2
s,3 -0.4033 0.0684 -0.3829 0.0548 -0.4121 0.0743 -0.3059 0.0424 -0.4452 0.0944

ν2
c,1 0.0468 0.0888 -0.0576 0.0458 0.0766 0.0422 -0.0417 0.0439 -0.1158 0.0658

ν2
c,2 0.3119 0.0921 0.3368 0.0456 0.2637 0.0652 0.3426 0.0454 0.3781 0.0901

ν2
c,3 0.1709 0.0739 0.1563 0.0455 0.1630 0.0405 0.1364 0.0529 0.1707 0.0860

Explanatory Variables
c2 -0.1270 0.1269 -0.0329 0.0841 -0.2722 0.1555 0.0356 0.1073 -0.1766 0.1123
c2sc 0.0265 0.0981 -0.0063 0.0426 0.1074 0.1444 0.1160 0.1577 -0.0277 0.1195
β2

dr(−1)
-0.1119 0.0172 -0.1705 0.0346 -0.1906 0.0302 -0.1588 0.0247 -0.1331 0.0253

β2
di(−1)

-0.1536 0.0202 -0.1417 0.0143 -0.1332 0.0221 -0.1590 0.0278 -0.1644 0.0164

Table 2.10 (cont’d): Estimation results for investor groups 6 to 10 for GBP/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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11 12 13 14 15
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.0408 0.0618 1.1186 0.0764 1.1816 0.0517 1.0466 0.0490 1.0641 0.0497
σ2,1 0.0320 0.1812 0.1894 0.0931 0.2044 0.1073 0.1610 0.0819 0.0582 0.0986
ν1

s,1 -0.0258 0.1078 -0.0324 0.0601 -0.0204 0.0989 0.0391 0.0684 0.0721 0.0544

ν1
s,2 -0.0354 0.0801 0.0671 0.0565 0.0226 0.0809 0.0767 0.0746 0.1122 0.0523

ν1
s,3 -0.2508 0.0717 -0.2431 0.0767 -0.1306 0.0776 -0.2680 0.0579 -0.1344 0.0450

ν1
c,1 0.0116 0.0644 -0.1034 0.1210 -0.0171 0.0821 0.0563 0.0579 -0.0541 0.0564

ν1
c,2 0.2496 0.0962 0.2958 0.0454 0.1763 0.0981 0.3374 0.0560 0.1705 0.0487

ν1
c,3 0.0118 0.0775 0.1424 0.0531 -0.0022 0.0875 0.0234 0.0850 0.0148 0.0469

Explanatory Variables
c1 0.4000 0.2785 1.2266 0.8552 1.7770 0.2139 0.5579 0.6520 1.2692 0.3739
c1
sl

-0.6628 0.1605 -0.5164 0.1755 -0.5953 0.1497 -0.3461 0.1583 -0.5043 0.1665
c1sc 0.1707 0.2156 0.0724 0.0934 0.0404 0.1491 0.0193 0.1239 -0.1166 0.1430
β1

p -1.6605 0.3265 -1.9671 0.4135 -2.0942 0.2048 -1.8442 0.3077 -1.3978 0.2775
β1

p∗sl
0.1076 0.1324 0.1118 0.1119 0.2545 0.1081 -0.0450 0.1134 -0.0021 0.0828

β1
p∗sc -0.0815 0.1859 -0.1278 0.0914 -0.0317 0.0915 0.0020 0.0768 -0.0385 0.1199

β1
l

0.5774 0.2598 1.1855 0.2399 0.9121 0.1974 0.3672 0.1950 0.3388 0.2605
β1

l∗sl
-0.2501 0.1128 -0.2634 0.0936 -0.1831 0.0923 -0.1782 0.0930 -0.0979 0.1036

β1
l∗sc

0.2012 0.1153 0.1527 0.0725 0.0828 0.1035 0.0785 0.0821 0.0508 0.0788
β1

p2
0.3419 0.2036 0.4570 0.1724 0.5204 0.1018 0.4854 0.1630 0.1821 0.1625

β1
l2

-0.1624 0.1348 0.0134 0.0662 -0.0352 0.1146 -0.3337 0.0960 -0.2423 0.1560

β1
p3

-0.0377 0.0374 -0.0594 0.0214 -0.0685 0.0149 -0.0659 0.0211 -0.0189 0.0248

β1
l3

-0.0115 0.0188 0.0004 0.0067 0.0000 0.0155 -0.0366 0.0116 -0.0217 0.0225

β1
p∗cx -0.0871 0.1322 0.0658 0.0955 -0.0018 0.1089 -0.0548 0.1307 0.1480 0.0911

β1
l∗cx

-0.0236 0.1388 0.0622 0.0892 0.1121 0.0861 0.0186 0.1142 -0.1040 0.0758
β1

dr(−1)
-0.2748 0.0260 -0.2361 0.0365 -0.2626 0.0220 -0.2523 0.0228 -0.2869 0.0320

β1
di(−1)

-0.1017 0.0172 -0.0524 0.0169 -0.1073 0.0135 -0.0704 0.0154 -0.0758 0.0142

β1
vol

0.4620 0.0441 0.4307 0.1372 0.4438 0.0289 0.4336 0.0902 0.3190 0.0623
c1cx -1.3787 0.2997 -1.5430 0.2293 -1.5621 0.2709 -1.3713 0.2490 -1.8371 0.1776

Inactivity Intensity
Baseline Intensity

α2 0.5456 0.0307 0.5356 0.0497 0.6409 0.0359 0.5337 0.0570 0.5074 0.0460
σ2,2 -0.2000 0.1761 -0.3463 0.2401 0.1565 0.1454 -0.2078 0.3104 -0.3020 0.2255
ν2

s,1 -0.0892 0.1167 0.0368 0.0836 -0.1580 0.0728 -0.2456 0.0789 -0.1233 0.0678

ν2
s,2 0.0607 0.0695 0.0645 0.0626 -0.0410 0.0554 0.1538 0.0794 0.1741 0.0744

ν2
s,3 -0.3170 0.0726 -0.2616 0.0489 -0.3780 0.0756 -0.3875 0.0515 -0.3932 0.0545

ν2
c,1 -0.0361 0.0701 -0.0196 0.0467 -0.0024 0.0661 0.0298 0.0417 -0.0206 0.0382

ν2
c,2 0.3484 0.0963 0.3907 0.0598 0.3815 0.0582 0.3417 0.0548 0.4563 0.0547

ν2
c,3 0.1618 0.0744 0.1543 0.0447 0.1340 0.0573 0.0867 0.0568 0.0677 0.0491

Explanatory Variables
c2 -0.0330 0.1131 -0.0610 0.1230 0.2434 0.1314 0.0390 0.2920 0.0653 0.1220
c2sc -0.0086 0.1144 0.0717 0.0847 0.0890 0.0655 -0.0002 0.0934 0.0833 0.0615
β2

dr(−1)
-0.1516 0.0262 -0.1376 0.0250 -0.2184 0.0179 -0.1757 0.0428 -0.1442 0.0354

β2
di(−1)

-0.1642 0.0159 -0.1631 0.0321 -0.2402 0.0144 -0.1556 0.0236 -0.1283 0.0175

Table 2.10 (cont’d): Estimation results for investor groups 11 to 15 for GBP/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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16 17 18 19 20
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.2042 0.0718 1.0181 0.0388 1.1760 0.0512 1.1977 0.0341 1.0646 0.0302
σ2,1 0.3385 0.1129 0.1195 0.0901 0.3125 0.0751 0.2689 0.0772 0.1746 0.0829
ν1

s,1 -0.0854 0.0667 -0.0455 0.0590 0.0400 0.0564 -0.0108 0.0900 -0.0115 0.0791

ν1
s,2 0.0844 0.0853 0.0519 0.0521 0.0857 0.0488 0.1042 0.0742 0.0564 0.0662

ν1
s,3 -0.2690 0.0608 -0.1559 0.0489 -0.2209 0.0426 -0.3631 0.0670 -0.2074 0.0682

ν1
c,1 0.0760 0.0442 0.0898 0.0605 0.0014 0.0316 0.0133 0.0520 0.0913 0.0546

ν1
c,2 0.2351 0.0616 0.1894 0.0535 0.2618 0.0469 0.2912 0.0698 0.2751 0.0660

ν1
c,3 0.0802 0.0509 0.0186 0.0821 0.1070 0.0370 0.0357 0.0627 0.0495 0.0521

Explanatory Variables
c1 2.5024 0.8665 2.8778 1.0837 2.6676 0.7099 -0.2193 0.1573 -0.1556 0.1064
c1
sl

-0.8055 0.1970 -0.3435 0.2278 -0.6159 0.1805 -0.3561 0.1121 -0.6327 0.0611
c1sc 0.0603 0.1510 -0.3713 0.1491 0.0472 0.1200 0.0441 0.0829 -0.0048 0.0564
β1

p -1.7641 0.3599 -1.7004 0.3511 -1.3491 0.2612 -1.4681 0.1433 -1.6426 0.1119
β1

p∗sl
0.2913 0.1142 0.0758 0.1274 0.0856 0.1265 0.0182 0.0866 0.1152 0.0574

β1
p∗sc -0.0401 0.1528 0.2252 0.0925 -0.0413 0.0919 -0.0410 0.0723 0.0213 0.0800

β1
l

0.3537 0.2718 0.5036 0.3884 0.7477 0.2288 0.5435 0.1789 1.2172 0.1805
β1

l∗sl
-0.3203 0.1267 -0.2384 0.1122 -0.1887 0.0974 -0.0795 0.0784 -0.2873 0.0661

β1
l∗sc

0.2072 0.0982 -0.0023 0.0619 0.1200 0.0694 0.0980 0.0704 0.1084 0.0959
β1

p2
0.3543 0.2099 0.5015 0.1450 0.2378 0.1019 0.1505 0.0827 0.1822 0.0567

β1
l2

-0.3077 0.1329 -0.1058 0.1697 0.0305 0.0892 -0.2490 0.0943 0.1276 0.1048

β1
p3

-0.0448 0.0319 -0.0633 0.0187 -0.0283 0.0124 -0.0177 0.0140 -0.0107 0.0067

β1
l3

-0.0360 0.0156 -0.0087 0.0213 0.0142 0.0111 -0.0173 0.0124 0.0135 0.0154

β1
p∗cx 0.0083 0.2084 0.0519 0.0848 -0.0145 0.0407 -0.0049 0.0673 0.0600 0.0952

β1
l∗cx

0.0373 0.2446 0.0590 0.0778 0.0829 0.0634 -0.1831 0.0808 0.0703 0.0726
β1

dr(−1)
-0.3248 0.0446 -0.2405 0.0374 -0.2319 0.0201 -0.2099 0.0126 -0.2562 0.0143

β1
di(−1)

-0.0880 0.0169 -0.1005 0.0120 -0.0713 0.0171 -0.0882 0.0084 -0.0661 0.0069

β1
vol

0.2554 0.0746 0.0918 0.1242 0.2176 0.0746 0.5325 0.0177 0.3651 0.0133
c1cx -1.5585 0.2729 -1.4228 0.1811 -1.4925 0.1237 -1.6977 0.1068 -1.3138 0.0989

Inactivity Intensity
Baseline Intensity

α2 0.5734 0.5094 0.5147 0.0299 0.5983 0.0442 0.6133 0.0114 0.5561 0.0169
σ2,2 -0.0287 2.7181 -0.3230 0.1815 -0.2157 0.1260 -0.0660 0.0681 -0.1752 0.1009
ν2

s,1 -0.3012 0.1967 -0.1356 0.0617 -0.1093 0.0841 0.0187 0.0524 -0.0955 0.0483

ν2
s,2 0.1434 0.2090 0.1329 0.0513 0.1349 0.0558 0.0808 0.0434 0.0468 0.0449

ν2
s,3 -0.3442 0.3015 -0.3543 0.0445 -0.2959 0.0527 -0.3602 0.0454 -0.3423 0.0326

ν2
c,1 0.0123 0.2286 -0.0532 0.0294 -0.0201 0.0443 0.0242 0.0473 -0.0053 0.0437

ν2
c,2 0.4395 0.2176 0.4617 0.0483 0.4378 0.0442 0.3941 0.0561 0.4022 0.0456

ν2
c,3 0.1400 0.0744 0.1769 0.0355 0.1135 0.0435 0.0817 0.0504 0.0790 0.0379

Explanatory Variables
c2 0.1113 1.6317 -0.1404 0.0785 0.0583 0.1394 0.1849 0.0800 0.3029 0.0802
c2sc 0.1655 0.1087 0.0144 0.0767 0.1069 0.0677 0.0032 0.0462 0.1299 0.0530
β2

dr(−1)
-0.1582 0.1543 -0.1579 0.0254 -0.1600 0.0224 -0.1784 0.0106 -0.1272 0.0090

β2
di(−1)

-0.1731 0.1574 -0.1311 0.0144 -0.1618 0.0216 -0.1987 0.0082 -0.1692 0.0087

Table 2.10 (cont’d): Estimation results for investor groups 16 to 20 for GBP/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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Figure 2.9: Estimated baseline intensities for GBP/USD. The plots correspond from the upper
left panel to the lower right one to investor groups 1 to 20.
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roundtrip inactivity roundtrip inactivity
raw res raw res raw res raw res

1 2
mean 1.67 1.00 4.09 1.00 1.66 1.00 3.79 1.00
std 5.63 0.97 12.56 0.93 6.92 0.98 13.48 0.93

3 4
mean 1.08 1.00 3.81 1.00 1.30 1.00 3.31 1.00
std 4.11 0.98 12.61 0.93 6.66 0.99 11.68 0.93

5 6
mean 1.07 1.00 2.93 1.00 0.74 1.00 3.42 1.00
std 5.81 0.98 11.65 0.95 3.47 0.97 12.74 0.92

7 8
mean 0.51 1.00 2.14 1.00 0.62 1.00 2.69 1.00
std 2.47 0.98 8.26 0.95 4.44 0.98 9.90 0.95

9 10
mean 0.62 1.00 2.18 1.00 0.80 1.00 2.97 1.00
std 2.59 0.98 8.39 0.94 4.34 1.00 9.33 0.94

11 12
mean 0.56 1.00 2.74 1.00 0.71 1.00 2.37 1.00
std 3.07 0.99 9.72 0.94 3.90 0.98 8.68 0.96

13 14
mean 0.34 1.00 1.38 1.00 0.38 1.00 1.89 1.00
std 2.84 0.96 6.90 0.94 1.74 0.98 8.16 0.94

15 16
mean 0.58 1.00 2.07 1.00 0.36 1.00 1.59 1.00
std 3.15 0.97 8.23 0.94 1.84 0.97 6.58 0.94

17 18
mean 0.45 1.00 2.23 1.00 0.40 1.00 1.49 1.00
std 1.78 0.97 7.65 0.94 2.76 0.97 6.21 0.96

19 20
mean 0.44 1.00 1.50 1.00 0.48 1.00 1.47 1.00
std 3.06 0.98 7.06 0.96 3.24 0.98 6.59 0.95

Table 2.11: Mean and standard deviation for the raw and
the residual series for the GBP/USD currency pair of the
roundtrip and inactivity states for investor groups 1 to 20.
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Figure 2.10: Quantile-Quantile plots of the roundtrip residual series against the unit exponential
distribution for the GBP/USD currency pair. The plots correspond from the upper left panel to
the lower right one to investor groups 1 to 20.
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Figure 2.11: Quantile-Quantile plots of the inactivity residual series against the unit exponential
distribution for the GBP/USD currency pair. The plots correspond from the upper left panel to
the lower right one to investor groups 1 to 20.
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AUD/USD

1 2 3 4 5
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.1028 0.0552 0.9388 0.0503 0.9357 0.0782 1.0031 0.0788 1.1188 0.0675
σ2,1 0.1720 0.1326 -0.1411 0.1554 0.0286 0.2112 -0.0037 0.2337 0.1751 0.1003
ν1

s,1 -0.1234 0.1261 0.0206 0.1089 -0.0090 0.0865 -0.0299 0.0719 0.0320 0.0870

ν1
s,2 -0.1538 0.0677 -0.0113 0.0703 0.0052 0.0881 0.1572 0.0811 0.0617 0.0700

ν1
s,3 -0.1370 0.0438 -0.0403 0.0572 -0.2690 0.0830 -0.0930 0.0452 -0.1461 0.0916

ν1
c,1 -0.0459 0.0501 0.0379 0.0576 -0.0688 0.0739 0.0689 0.0495 -0.1846 0.1017

ν1
c,2 0.2001 0.0823 0.1287 0.0456 0.2352 0.0602 0.0542 0.0607 0.2716 0.1040

ν1
c,3 0.1074 0.0666 0.0689 0.0566 0.1916 0.0713 0.1316 0.0577 0.1694 0.0516

Explanatory Variables
c1 0.8414 0.4008 0.9813 0.4695 -0.2341 0.7113 -0.2709 0.3146 0.2700 0.1950
c1
sl

0.2035 0.2092 -0.3939 0.2705 0.0936 0.4025 0.1616 0.1664 -0.5204 0.1652
c1sc 0.1338 0.1955 -0.4578 0.2076 0.2821 0.3128 -0.1969 0.1410 0.2159 0.2039
β1

p -3.0244 0.7540 -3.6809 0.5591 -3.1440 0.6451 -2.8896 0.5288 -3.3305 0.7647
β1

p∗sl
-0.1146 0.1557 0.3607 0.1511 0.0868 0.2713 -0.0170 0.1307 0.2661 0.1430

β1
p∗sc -0.0839 0.1130 0.0946 0.1073 -0.3643 0.1886 0.1364 0.1060 -0.0076 0.1513

β1
l

1.9885 0.4556 2.3409 0.4703 1.9877 0.4677 1.1668 0.5082 2.0828 0.8679
β1

l∗sl
-0.1104 0.1440 -0.4193 0.1673 -0.2276 0.2079 0.1441 0.1568 -0.2709 0.1570

β1
l∗sc

-0.0703 0.1515 -0.0463 0.0946 0.2393 0.1437 0.1136 0.1180 0.1899 0.0874
β1

p2
0.7071 0.3546 1.0534 0.2218 1.1191 0.3659 0.8219 0.2616 1.0432 0.3058

β1
l2

0.0136 0.1464 0.3448 0.1733 0.4073 0.2081 -0.0373 0.2326 0.3854 0.3986

β1
p3

-0.0826 0.0449 -0.1205 0.0291 -0.1488 0.0492 -0.1011 0.0350 -0.1413 0.0384

β1
l3

-0.0123 0.0169 0.0266 0.0194 0.0363 0.0244 -0.0064 0.0313 0.0558 0.0540

β1
p∗cx 0.0637 0.1795 0.1369 0.1054 0.0000 0.1349 0.0986 0.1564 0.2539 0.1587

β1
l∗cx

-0.3440 0.1735 -0.1522 0.1062 0.1116 0.1530 -0.1744 0.1773 -0.3849 0.1355
β1

dr(−1)
-0.1740 0.0323 -0.2224 0.0371 -0.2718 0.0602 -0.1912 0.0340 -0.1959 0.0366

β1
di(−1)

-0.0916 0.0245 -0.0151 0.0187 0.0085 0.0326 -0.0804 0.0175 -0.0975 0.0235

β1
vol

0.8061 0.1020 0.5847 0.0990 0.5778 0.1403 0.6578 0.0872 0.6671 0.0986
c1cx -2.2628 0.3165 -1.6998 0.2118 -1.0918 0.2631 -1.7283 0.3233 -2.0995 0.3214

Inactivity Intensity
Baseline Intensity

α2 0.4849 0.0354 0.3584 0.0200 0.3735 0.0569 0.4068 0.0322 0.4814 0.0719
σ2,2 -1.2049 0.3380 -2.4595 0.7584 -2.1351 2.3681 -1.3833 0.5314 -0.6187 0.3932
ν2

s,1 0.0026 0.1101 -0.0689 0.0979 -0.0444 0.0949 -0.0038 0.1312 0.0828 0.0793

ν2
s,2 -0.0496 0.0702 -0.0186 0.0585 -0.0800 0.1066 0.1827 0.0886 -0.0511 0.0868

ν2
s,3 -0.0382 0.0574 -0.2665 0.0703 -0.2718 0.0831 -0.3733 0.0697 -0.2523 0.0600

ν2
c,1 -0.1094 0.0683 -0.1134 0.0514 -0.0795 0.0611 -0.1362 0.0521 -0.2590 0.0805

ν2
c,2 0.2874 0.0627 0.3029 0.0447 0.1289 0.0882 0.3628 0.0801 0.3454 0.0604

ν2
c,3 0.0831 0.0664 -0.0102 0.0757 0.1271 0.0549 0.0608 0.0867 0.1669 0.0797

Explanatory Variables
c2 -0.3431 0.0911 -0.0887 0.0906 -0.1381 0.1611 -0.3244 0.1093 0.0717 0.1277
c2sc 0.2934 0.1000 0.2001 0.0671 0.2012 0.1227 0.2203 0.0887 0.2658 0.1370
β2

dr(−1)
-0.1686 0.0264 -0.0323 0.0169 -0.0464 0.0308 -0.1292 0.0282 -0.0888 0.0338

β2
di(−1)

-0.1036 0.0222 -0.1061 0.0182 -0.1286 0.0760 -0.1136 0.0229 -0.1461 0.0385

Table 2.11 (cont’d): Estimation results for investor groups 1 to 5 for AUD/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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6 7 8 9 10
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.0653 0.0515 1.0217 0.0500 0.9789 0.0598 1.0878 0.0615 1.0850 0.0587
σ2,1 0.1282 0.1086 0.1010 0.0955 0.0173 0.1413 0.3233 0.1066 0.2214 0.0993
ν1

s,1 0.1301 0.0684 -0.0472 0.0667 -0.1844 0.0966 -0.1781 0.0856 -0.0006 0.3526

ν1
s,2 0.1811 0.0745 -0.0853 0.0700 0.0648 0.0613 0.0159 0.0627 0.0450 0.0878

ν1
s,3 -0.1696 0.0558 -0.1282 0.0439 -0.1992 0.0588 -0.1971 0.0585 -0.2366 0.0489

ν1
c,1 -0.0364 0.0777 -0.0353 0.0571 -0.0681 0.0683 0.0261 0.0626 0.0302 0.0604

ν1
c,2 0.1947 0.0697 0.2100 0.0674 0.1808 0.0697 0.1387 0.0566 0.1970 0.0935

ν1
c,3 0.1973 0.0729 0.1156 0.0447 0.1741 0.0439 0.0733 0.0526 0.1331 0.0587

Explanatory Variables
c1 -0.7349 0.5602 0.1785 0.4607 -0.6152 0.3307 -0.3938 0.5817 0.3164 0.5902
c1
sl

0.2113 0.2942 0.4366 0.2138 -0.2390 0.2288 -0.2665 0.2447 -0.3167 0.2489
c1sc -0.0182 0.4614 0.1921 0.2052 -0.1987 0.1621 0.0367 0.1915 -0.0054 0.0359
β1

p -1.6126 0.5561 -2.2590 0.6224 -2.1746 0.5042 -3.1503 0.5759 -2.4213 0.5245
β1

p∗sl
-0.1340 0.1389 -0.2581 0.1409 -0.0163 0.1686 0.0156 0.1006 0.0531 0.1538

β1
p∗sc 0.0000 0.2400 -0.0982 0.1289 0.1620 0.0927 0.0086 0.0505 -0.0691 0.0877

β1
l

0.7822 0.5074 1.7339 0.4285 0.9773 0.4939 1.6345 0.5083 1.2471 0.3961
β1

l∗sl
-0.0428 0.1362 -0.0112 0.0935 -0.0585 0.1483 -0.1722 0.1981 -0.3079 0.1206

β1
l∗sc

0.1152 0.2046 0.2472 0.1038 -0.1123 0.1037 -0.0226 0.1238 0.0884 0.0824
β1

p2
0.1751 0.2187 0.8221 0.2980 0.4232 0.2173 0.9359 0.2823 0.5568 0.2300

β1
l2

-0.1823 0.1887 0.4222 0.1908 -0.0913 0.2137 0.0470 0.2179 -0.1099 0.1485

β1
p3

-0.0157 0.0258 -0.1175 0.0394 -0.0431 0.0313 -0.1252 0.0379 -0.0553 0.0263

β1
l3

-0.0269 0.0207 0.0485 0.0256 -0.0061 0.0283 -0.0010 0.0216 -0.0134 0.0141

β1
p∗cx -0.0562 0.1566 -0.1666 0.1421 -0.0228 0.1495 0.3475 0.1441 -0.1657 0.1761

β1
l∗cx

0.1489 0.1597 0.1271 0.1358 0.0875 0.1620 -0.2379 0.1701 -0.1981 0.1099
β1

dr(−1)
-0.2296 0.0425 -0.1981 0.0304 -0.2201 0.0443 -0.3457 0.0516 -0.2493 0.0490

β1
di(−1)

-0.0808 0.0256 -0.0873 0.0141 -0.0711 0.0277 -0.0307 0.0310 -0.1178 0.0208

β1
vol

0.6069 0.0908 0.4766 0.1133 0.5538 0.0821 0.6413 0.0907 0.4464 0.0820
c1cx -1.4348 0.3080 -1.0767 0.2212 -1.1547 0.3249 -1.9349 0.3305 -1.3018 0.2765

Inactivity Intensity
Baseline Intensity

α2 0.4977 0.0385 0.4658 0.0365 0.4220 0.0401 0.4615 0.0350 0.5719 0.0462
σ2,2 -0.3848 0.1757 -0.7273 0.2646 -1.0572 0.5931 -0.4715 0.3318 -0.2619 0.3027
ν2

s,1 0.0930 0.0986 -0.0216 0.1538 -0.1545 0.0930 -0.1794 0.0905 -0.0105 0.0947

ν2
s,2 0.0266 0.0731 -0.0123 0.0923 0.0929 0.0754 0.1244 0.0648 -0.0864 0.0586

ν2
s,3 -0.1592 0.0571 -0.3047 0.0650 -0.2739 0.0640 -0.3807 0.0590 -0.3588 0.0768

ν2
c,1 -0.0553 0.0579 -0.0293 0.0615 -0.0051 0.0565 0.0001 0.0451 -0.0496 0.0396

ν2
c,2 0.3161 0.0848 0.3391 0.0597 0.3838 0.0684 0.3384 0.0485 0.3278 0.0582

ν2
c,3 0.1411 0.0544 0.1494 0.0493 0.1114 0.0524 0.0736 0.0580 0.1421 0.0461

Explanatory Variables
c2 -0.0676 0.1491 -0.2357 0.1290 -0.3001 0.1211 -0.0920 0.1590 -0.2009 0.1444
c2sc 0.0806 0.0871 0.1967 0.0836 0.0069 0.0895 0.3047 0.1334 0.0940 0.0753
β2

dr(−1)
-0.1564 0.0265 -0.1376 0.0285 -0.1168 0.0414 -0.1051 0.0350 -0.2532 0.0617

β2
di(−1)

-0.1526 0.0180 -0.1331 0.0215 -0.1062 0.0257 -0.1823 0.0470 -0.1635 0.0182

Table 2.11 (cont’d): Estimation results for investor groups 6 to 10 for AUD/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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11 12 13 14 15
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.0198 0.0402 0.9736 0.0535 1.0485 0.0383 1.0574 0.0562 1.1372 0.0715
σ2,1 -0.0975 0.0943 -0.0046 0.0733 0.1217 0.0954 0.1669 0.1254 0.2059 0.1212
ν1

s,1 -0.0360 0.0560 -0.0097 0.0436 0.0430 0.0751 0.0973 0.0947 -0.0527 0.0840

ν1
s,2 0.0064 0.0585 0.1576 0.0513 -0.0537 0.0544 -0.0036 0.0636 0.0346 0.1352

ν1
s,3 -0.1574 0.0430 -0.1806 0.0394 -0.1386 0.0608 -0.1843 0.0515 -0.2197 0.0848

ν1
c,1 -0.0188 0.0492 0.1241 0.0589 0.1865 0.0566 0.0057 0.1242 0.1215 0.0619

ν1
c,2 0.1464 0.0409 0.2191 0.0515 0.1933 0.0581 0.2779 0.0829 0.1352 0.0686

ν1
c,3 0.0552 0.0584 0.1538 0.0458 0.0040 0.0300 0.1150 0.0700 0.0954 0.0464

Explanatory Variables
c1 0.1967 0.4084 1.5408 0.8361 -0.7063 0.5818 0.2223 1.0070 1.5538 0.5960
c1
sl

-0.2944 0.2378 -0.4868 0.1331 -0.3326 0.1666 -0.1243 0.1735 -0.4390 0.2141
c1sc 0.2203 0.1345 -0.2115 0.1464 -0.0715 0.1234 -0.0542 0.1577 -0.2448 0.0944
β1

p -1.1860 0.3299 -1.7444 0.4461 -2.4822 0.3065 -1.4105 0.2708 -2.1762 0.4111
β1

p∗sl
-0.0360 0.1031 0.0763 0.1016 0.1058 0.1125 0.1886 0.1188 0.0916 0.1528

β1
p∗sc -0.1277 0.0929 0.2002 0.1186 0.0957 0.1072 -0.0902 0.1332 0.1386 0.0738

β1
l

1.0198 0.2927 1.1407 0.2922 1.4010 0.2787 0.3139 0.3231 1.2744 0.4190
β1

l∗sl
-0.2119 0.0882 -0.3093 0.1116 -0.2275 0.1315 -0.0881 0.1772 -0.1793 0.1108

β1
l∗sc

0.1687 0.0592 0.0439 0.1046 -0.1196 0.0845 0.0929 0.0952 -0.1386 0.0806
β1

p2
0.1992 0.1677 0.4169 0.1914 0.6541 0.1539 0.0969 0.1169 0.5492 0.1792

β1
l2

0.0747 0.1180 0.1167 0.1133 0.0302 0.1437 -0.3369 0.1529 0.1833 0.2033

β1
p3

-0.0166 0.0231 -0.0591 0.0265 -0.0791 0.0226 -0.0067 0.0112 -0.0711 0.0220

β1
l3

0.0043 0.0135 0.0114 0.0113 -0.0017 0.0179 -0.0366 0.0161 0.0315 0.0257

β1
p∗cx -0.2942 0.1358 0.1871 0.1115 -0.0621 0.1276 -0.0017 0.4842 0.1532 0.0801

β1
l∗cx

0.1823 0.1001 0.0230 0.1187 -0.0496 0.1313 0.0293 0.3677 0.0306 0.1014
β1

dr(−1)
-0.2976 0.0355 -0.2248 0.0330 -0.2260 0.0350 -0.1909 0.0302 -0.2469 0.0266

β1
di(−1)

-0.1209 0.0183 -0.0709 0.0200 -0.0881 0.0218 -0.0929 0.0176 -0.1171 0.0229

β1
vol

0.3695 0.0758 0.2017 0.1217 0.5253 0.0816 0.3854 0.1035 0.3059 0.0357
c1cx -0.7891 0.2672 -1.5786 0.1263 -1.6978 0.1842 -1.4501 0.6282 -1.4457 0.1394

Inactivity Intensity
Baseline Intensity

α2 0.5738 0.0612 0.4983 0.0578 0.5031 0.0413 0.6007 0.0447 0.6405 0.0591
σ2,2 -0.2178 0.2514 -0.7605 0.4389 -0.4929 0.3025 -0.1242 0.1544 0.1043 0.1519
ν2

s,1 -0.0099 0.1012 0.0556 0.0551 0.0274 0.0693 -0.1562 0.0631 0.0955 0.0851

ν2
s,2 -0.0995 0.0605 0.0513 0.0657 0.0449 0.0700 0.1220 0.0698 -0.0860 0.0550

ν2
s,3 -0.3138 0.0621 -0.2575 0.0488 -0.1812 0.0626 -0.2850 0.0415 -0.3827 0.0649

ν2
c,1 -0.0511 0.0466 -0.0258 0.0479 0.0370 0.0528 -0.0741 0.0520 0.0878 0.0901

ν2
c,2 0.4794 0.0856 0.3491 0.0521 0.2300 0.0563 0.2936 0.0531 0.3010 0.0797

ν2
c,3 0.1087 0.0472 0.1196 0.0548 0.1269 0.0615 0.2815 0.0488 0.1860 0.0585

Explanatory Variables
c2 -0.0833 0.1335 -0.1324 0.1525 -0.1617 0.1463 0.0818 0.1945 0.1976 0.2269
c2sc -0.0372 0.1183 0.0813 0.0775 0.2348 0.1003 -0.0580 0.1121 0.2042 0.0573
β2

dr(−1)
-0.2089 0.0398 -0.1568 0.0254 -0.1612 0.0315 -0.1998 0.0294 -0.2554 0.0249

β2
di(−1)

-0.1864 0.0268 -0.1196 0.0250 -0.1294 0.0250 -0.1668 0.0178 -0.2160 0.0330

Table 2.11 (cont’d): Estimation results for investor groups 11 to 16 for AUD/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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16 17 18 19 20
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.1400 0.1118 1.0455 0.0383 1.0627 0.0689 1.1023 0.0368 1.0597 0.0290
σ2,1 0.2153 0.2352 0.1322 0.0788 0.1935 0.1738 0.2454 0.0620 0.1661 0.0784
ν1

s,1 - 0.0208 0.1366 -0.0510 0.0625 0.0791 0.0677 0.0002 0.1587 0.0783 0.0716

ν1
s,2 - -0.0360 0.1083 -0.0634 0.0480 -0.0650 0.0989 0.0033 0.1060 -0.0435 0.0386

ν1
s,3 - -0.2909 0.1226 -0.1665 0.0342 -0.2495 0.0431 -0.1092 0.0450 -0.2353 0.0322

ν1
c,1 0.1264 0.1342 0.0052 0.0586 0.0689 0.0686 -0.0070 0.0798 0.0594 0.0354

ν1
c,2 0.2817 0.1507 0.1776 0.0533 0.2293 0.0601 0.2592 0.0512 0.2686 0.0396

ν1
c,3 0.1051 0.0876 0.1094 0.0505 0.1097 0.0539 0.0981 0.0511 0.1036 0.0414

Explanatory Variables
c1 0.7714 0.3588 0.0092 0.0488 0.0711 1.4101 -0.2663 0.6097 -0.7192 0.5395
c1
sl

-0.5692 0.2186 -0.5287 0.2152 -0.5330 0.2757 -0.1658 0.2536 -0.4817 0.2181
c1sc -0.0515 0.2581 -0.0818 0.1276 -0.1352 0.1489 0.0563 0.2545 0.2441 0.1338
β1

p -2.3003 0.4631 -2.1001 0.3281 -1.5655 0.3719 -1.5368 0.5168 -2.0932 0.3558
β1

p∗sl
0.2336 0.1284 0.2605 0.0975 0.1202 0.1470 -0.0494 0.1356 0.1560 0.0985

β1
p∗sc -0.0029 0.1624 0.0482 0.0788 0.0176 0.1871 -0.0337 0.1675 -0.1065 0.0822

β1
l

1.0220 0.4704 1.0796 0.2332 0.6636 0.5653 1.0322 0.4643 1.4413 0.3090
β1

l∗sl
-0.2561 0.1497 -0.2211 0.0831 -0.1670 0.1221 -0.1223 0.1549 -0.2956 0.1518

β1
l∗sc

0.0483 0.1275 0.0688 0.0621 0.0624 0.1034 0.1099 0.1202 0.3086 0.0764
β1

p2
0.6116 0.2337 0.6147 0.2014 0.3682 0.1774 0.2186 0.2882 0.5540 0.1400

β1
l2

-0.0223 0.2074 0.0442 0.0891 -0.0919 0.2753 -0.0538 0.2186 0.1621 0.1102

β1
p3

-0.0728 0.0333 -0.0973 0.0311 -0.0461 0.0275 -0.0229 0.0431 -0.0683 0.0152

β1
l3

-0.0006 0.0281 0.0053 0.0100 -0.0060 0.0349 -0.0087 0.0250 0.0098 0.0093

β1
p∗cx -0.1237 0.1522 0.2046 0.1361 -0.0279 0.1936 0.0139 0.1089 0.1291 0.0889

β1
l∗cx

-0.1913 0.1356 0.0485 0.0921 0.0844 0.0940 -0.0886 0.1110 -0.0745 0.0939
β1

dr(−1)
-0.2690 0.0323 -0.2853 0.0652 -0.1754 0.0219 -0.2419 0.0291 -0.2021 0.0324

β1
di(−1)

-0.1130 0.0246 -0.1056 0.0153 -0.1298 0.0170 -0.0876 0.0135 -0.0696 0.0199

β1
vol

0.3841 0.0516 0.4158 0.0354 0.3894 0.1363 0.4168 0.0715 0.4001 0.0513
c1cx -1.9070 0.2794 -1.2982 0.2322 -1.4562 0.2364 -1.4015 0.1724 -1.5020 0.1294

Inactivity Intensity
Baseline Intensity

α2 0.6805 0.0426 0.6086 0.0486 0.5683 0.0476 0.6260 0.0502 0.5866 0.0333
σ2,2 0.1779 0.1944 -0.0420 0.1792 -0.1974 0.1741 0.0668 0.2250 -0.1519 0.1344
ν2

s,1 -0.0235 0.1255 -0.0158 0.0574 -0.0601 0.0579 -0.0015 0.0760 -0.0209 0.0703

ν2
s,2 -0.1587 0.0930 -0.0225 0.0421 -0.0620 0.0654 -0.0544 0.0796 -0.1128 0.0391

ν2
s,3 -0.3401 0.1162 -0.3027 0.0419 -0.2343 0.0509 -0.2704 0.0777 -0.3089 0.0526

ν2
c,1 -0.0321 0.0900 -0.0494 0.0372 0.0265 0.0612 0.0868 0.0515 -0.0249 0.0299

ν2
c,2 0.2853 0.1360 0.3966 0.0455 0.2564 0.0436 0.2448 0.0433 0.3032 0.0389

ν2
c,3 0.2396 0.1087 0.2231 0.0363 0.0766 0.0448 0.1857 0.0430 0.0934 0.0421

Explanatory Variables
c2 0.3396 0.1940 0.0414 0.1474 0.1285 0.1263 0.1291 0.1854 0.4088 0.1355
c2sc -0.0341 0.1547 0.0553 0.0891 0.1661 0.0820 0.0011 0.1924 0.2432 0.0841
β2

dr(−1)
-0.2450 0.0226 -0.1857 0.0273 -0.1917 0.0273 -0.2074 0.0289 -0.1485 0.0260

β2
di(−1)

-0.2741 0.0241 -0.1665 0.0225 -0.1732 0.0199 -0.2478 0.0277 -0.2004 0.0261

Table 2.11 (cont’d): Estimation results for investor groups 16 to 20 for AUD/USD. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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Figure 2.12: Estimated baseline intensities for AUD/USD. The plots correspond from the upper
left panel to the lower right one to investor groups 1 to 20.
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roundtrip inactivity roundtrip inactivity
raw res raw res raw res raw res

1 2
mean 1.94 1.00 3.88 1.00 1.81 1.00 3.42 1.00
std 6.24 0.99 11.53 0.98 5.57 0.98 12.47 0.95

3 4
mean 1.73 1.00 3.46 1.00 1.21 1.00 3.90 1.00
std 5.98 0.97 11.35 0.95 5.32 0.97 14.63 0.96

5 6
mean 1.21 1.00 3.69 1.00 1.05 1.00 3.20 1.00
std 4.39 0.99 16.06 0.95 6.02 1.00 12.01 0.94

7 8
mean 1.03 1.00 2.92 1.00 1.25 1.00 3.65 1.00
std 5.22 0.99 9.76 0.95 5.82 0.99 11.33 0.94

9 10
mean 0.93 1.00 2.84 1.00 1.08 1.00 2.76 1.00
std 3.42 0.97 9.65 0.93 5.77 0.98 10.02 0.95

11 12
mean 0.56 1.00 2.11 1.00 1.00 1.00 2.19 1.00
std 2.92 0.98 7.87 0.96 5.38 0.98 8.11 0.96

13 14
mean 0.97 1.00 2.86 1.00 0.69 1.00 2.06 1.00
std 3.59 0.99 8.48 0.95 3.12 0.98 8.72 0.95

15 16
mean 0.62 1.00 1.55 1.00 0.44 1.00 1.31 1.00
std 3.63 0.97 7.56 0.95 2.98 0.97 6.45 0.95

17 18
mean 0.53 1.00 2.06 1.00 0.55 1.00 1.95 1.00
std 2.09 0.99 7.27 0.95 3.03 0.98 7.87 0.95

19 20
mean 0.61 1.00 1.81 1.00 0.54 1.00 1.24 1.00
std 3.17 0.97 7.00 0.94 2.76 0.98 5.72 0.95

Table 2.12: Mean and standard deviation for the raw and
the residual series for the AUD/USD currency pair of the
roundtrip and inactivity states for investor groups 1 to 20.
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Figure 2.13: Quantile-Quantile plots of the roundtrip residual series against the unit exponential
distribution for the AUD/USD currency pair. The plots correspond from the upper left panel to
the lower right one to investor groups 1 to 20.
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Figure 2.14: Quantile-Quantile plots of the inactivity residual series against the unit exponential
distribution for the AUD/USD currency pair. The plots correspond from the upper left panel to
the lower right one to investor groups 1 to 20.
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USD/CHF

1 2 3 4 5
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 0.9310 0.0638 0.9621 0.0525 0.9734 0.0577 0.9748 0.0738 1.2292 0.0836
σ2,1 -0.1947 0.2712 -0.0595 0.1243 0.1116 0.1811 0.1335 0.1827 0.3240 0.1332
ν1

s,1 -0.1156 0.1600 0.0392 0.0798 -0.0485 0.0667 0.1690 0.1173 0.0432 0.0810

ν1
s,2 -0.0470 0.0733 -0.0362 0.0698 0.1442 0.0763 0.0393 0.0840 0.0847 0.0597

ν1
s,3 -0.0432 0.0579 -0.0918 0.0632 -0.1988 0.0493 -0.2582 0.0839 -0.2338 0.0744

ν1
c,1 0.0355 0.0587 0.1585 0.0728 0.0657 0.0857 0.1893 0.0666 -0.2228 0.1198

ν1
c,2 0.1930 0.0872 0.1422 0.0481 0.0855 0.0816 0.2729 0.0856 0.3011 0.0729

ν1
c,3 0.1090 0.0734 0.1145 0.0548 0.3450 0.0701 0.0656 0.0678 0.0925 0.0549

Explanatory Variables
c1 1.8124 0.3991 1.4636 0.4961 0.1132 0.4123 0.2009 0.4579 0.9686 0.3207
c1
sl

-0.1927 0.3603 -0.3483 0.2581 -0.2511 0.3790 -0.3607 0.2244 -0.0621 0.3244
c1sc -0.1738 0.1961 -0.2032 0.1846 0.4449 0.2581 -0.0990 0.1907 -0.1506 0.1592
β1

p -3.5878 0.4134 -2.9489 0.4098 -3.4645 0.5953 -1.5669 0.5633 -3.7176 0.6076
β1

p∗sl
-0.0110 0.1133 0.1814 0.1462 0.1207 0.1767 0.0559 0.1448 -0.1108 0.1902

β1
p∗sc 0.0299 0.1026 0.0001 0.1509 -0.2436 0.1326 -0.1015 0.1028 0.1022 0.1175

β1
l

2.3764 0.4879 1.0860 0.4063 1.7958 0.4569 0.9517 0.5442 2.0146 0.5988
β1

l∗sl
-0.3128 0.1901 -0.1307 0.1656 -0.3559 0.1748 -0.3836 0.1962 -0.0905 0.1788

β1
l∗sc

0.1707 0.1467 0.1049 0.1170 0.2766 0.1147 0.1187 0.0929 0.2321 0.0965
β1

p2
1.0960 0.1634 1.0045 0.2097 1.2180 0.3204 0.2400 0.2678 1.1761 0.3003

β1
l2

0.4447 0.2002 -0.0933 0.1892 0.2313 0.2143 -0.1102 0.2611 0.1705 0.1892

β1
p3

-0.1146 0.0208 -0.1356 0.0284 -0.1569 0.0482 -0.0293 0.0344 -0.1558 0.0542

β1
l3

0.0405 0.0256 -0.0175 0.0196 0.0207 0.0255 -0.0144 0.0356 0.0150 0.0193

β1
p∗cx -0.0685 0.1186 0.0319 0.1879 0.0490 0.1638 0.0790 0.1332 -0.0155 0.4698

β1
l∗cx

-0.0544 0.1235 0.0034 0.1595 0.0620 0.1592 -0.1546 0.1803 -0.2760 0.2176
β1

dr(−1)
-0.2443 0.0579 -0.2642 0.0335 -0.2602 0.0508 -0.2228 0.0436 -0.2788 0.0455

β1
di(−1)

-0.0949 0.0175 0.0004 0.0180 -0.0262 0.0228 -0.0540 0.0152 -0.0629 0.0264

β1
vol

0.4585 0.0714 0.4044 0.0915 0.6114 0.0886 0.5213 0.0877 0.7630 0.0854
c1cx -1.2614 0.2776 -1.3275 0.3272 -1.1553 0.2760 -1.7080 0.2944 -2.0281 0.6460

Inactivity Intensity
Baseline Intensity

α2 0.4845 0.0402 0.3888 0.0301 0.4507 0.0443 0.4606 0.0450 0.4729 0.0499
σ2,2 -0.5323 0.2924 -0.9954 0.3761 -0.7783 0.3863 -0.4922 0.2811 -0.4430 0.2174
ν2

s,1 0.0431 0.1185 -0.1879 0.0870 -0.0956 0.0840 -0.0180 0.0815 -0.1240 0.1065

ν2
s,2 -0.0724 0.0930 0.0073 0.0511 0.0205 0.0701 0.0476 0.0742 -0.0347 0.0657

ν2
s,3 -0.4077 0.0581 -0.2749 0.0631 -0.2168 0.0649 -0.3371 0.1137 -0.4328 0.0596

ν2
c,1 0.0238 0.0578 -0.0650 0.0586 -0.0657 0.0605 -0.0809 0.0888 -0.1678 0.0602

ν2
c,2 0.1059 0.0853 0.3442 0.0762 0.1982 0.0815 0.4685 0.1297 0.4513 0.0738

ν2
c,3 0.2325 0.0751 0.1503 0.0560 0.1910 0.0645 0.0989 0.0863 0.0228 0.0622

Explanatory Variables
c2 -0.1007 0.1342 -0.0302 0.1298 -0.1563 0.1337 -0.2782 0.1011 0.0903 0.1355
c2sc -0.0226 0.0941 -0.0120 0.0945 0.1705 0.0937 0.4024 0.1085 0.1495 0.0821
β2

dr(−1)
-0.1366 0.0295 -0.0492 0.0213 -0.1130 0.0255 -0.1241 0.0304 -0.1254 0.0500

β2
di(−1)

-0.2427 0.0372 -0.1395 0.0314 -0.1746 0.0396 -0.1392 0.0321 -0.2141 0.0278

Table 2.13: Estimation results for investor groups 1 to 5 for USD/CHF. Quasi-maximum likelihood
standard errors reported. Subindexes: p – profit, l – loss, sl –special limit order, sc – successfull,
cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1) – lagged inactivity
duration, vol – transaction volume, ∗ – respective interaction term. All other parameters are
detailed in the main text.
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6 7 8 9 10
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 0.9870 0.0535 0.9404 0.0557 1.1419 0.1100 1.0199 0.0490 1.0317 0.0510
σ2,1 0.1506 0.1240 -0.0876 0.1144 0.3625 0.2156 0.0719 0.1233 0.0355 0.1089
ν1

s,1 0.1098 0.1007 -0.0947 0.0743 -0.0455 0.1370 -0.1113 0.0895 0.0004 0.1411

ν1
s,2 0.0591 0.0766 0.1502 0.0566 -0.0051 0.1209 0.0941 0.0819 0.0385 0.0527

ν1
s,3 -0.2158 0.0646 -0.2031 0.0537 -0.1687 0.1007 -0.1571 0.0689 -0.2214 0.0550

ν1
c,1 0.0886 0.0721 0.0419 0.0638 0.0918 0.1083 -0.0689 0.0653 -0.0420 0.0505

ν1
c,2 0.1688 0.0785 0.1147 0.0715 0.2520 0.1147 0.2511 0.0626 0.2655 0.0522

ν1
c,3 0.1519 0.0677 0.0971 0.0418 0.1009 0.1067 0.0661 0.0560 0.1458 0.0659

Explanatory Variables
c1 1.0651 0.7595 1.1391 0.5699 1.1517 0.6452 1.7299 0.3289 0.5182 0.5414
c1
sl

-0.3215 0.3089 0.0957 0.3535 -0.5504 0.3209 -0.6302 0.2195 -0.3358 0.2026
c1sc 0.0443 0.1487 0.2382 0.1655 -0.1301 0.2893 0.2750 0.1328 -0.2069 0.1486
β1

p -2.1824 0.5646 -2.2815 0.3968 -1.7282 0.4586 -2.9101 0.5363 -2.0256 0.4093
β1

p∗sl
-0.0234 0.1384 -0.1207 0.1772 0.0535 0.1939 0.0908 0.1196 0.0964 0.1283

β1
p∗sc -0.0466 0.0864 -0.1921 0.1134 -0.0427 0.1758 -0.1809 0.1072 0.0309 0.1179

β1
l

0.4127 0.4584 1.3365 0.3132 0.5421 0.4877 1.2179 0.3638 1.3120 0.4437
β1

l∗sl
-0.4132 0.1552 -0.1864 0.1443 0.0183 0.1486 -0.4147 0.1085 -0.3848 0.1233

β1
l∗sc

0.1737 0.1238 0.1009 0.0782 0.3679 0.2482 0.1647 0.1072 0.1074 0.1019
β1

p2
0.7092 0.2376 0.8159 0.2451 0.3059 0.1831 0.9719 0.2920 0.4102 0.2008

β1
l2

-0.3784 0.2376 0.1644 0.1564 -0.0331 0.2240 -0.0484 0.1339 0.1595 0.1845

β1
p3

-0.0983 0.0316 -0.1071 0.0418 -0.0317 0.0256 -0.1308 0.0472 -0.0435 0.0294

β1
l3

-0.0495 0.0325 0.0199 0.0165 0.0129 0.0311 -0.0083 0.0142 0.0325 0.0238

β1
p∗cx -0.1977 0.1737 -0.2224 0.1377 -0.3379 0.2300 0.0728 0.1299 0.1016 0.1553

β1
l∗cx

-0.0029 0.2040 -0.0336 0.0679 0.1693 0.1654 0.1594 0.0980 -0.1324 0.1758
β1

dr(−1)
-0.2108 0.0347 -0.1480 0.0307 -0.1917 0.0330 -0.2082 0.0386 -0.2534 0.0471

β1
di(−1)

-0.0273 0.0188 -0.1109 0.0185 -0.1113 0.0277 -0.0634 0.0199 -0.0502 0.0197

β1
vol

0.3833 0.1165 0.3206 0.1136 0.4498 0.0799 0.3658 0.0725 0.4008 0.0849
c1cx -1.0082 0.3694 -1.1027 0.2201 -1.0043 0.3669 -1.4916 0.2225 -1.8304 0.2724

Inactivity Intensity
Baseline Intensity

α2 0.3599 0.0404 0.5580 0.0467 0.4810 0.0413 0.4732 0.0341 0.4443 0.0493
σ2,2 -1.3544 0.8716 -0.2144 0.2384 -0.4484 0.2546 -0.5626 0.2069 -0.9915 0.4306
ν2

s,1 -0.1591 0.0696 -0.0554 0.0721 -0.1482 0.1244 -0.1371 0.0758 -0.0283 0.0832

ν2
s,2 0.2123 0.0824 0.0028 0.0977 -0.1289 0.1111 0.0762 0.0643 0.0286 0.0553

ν2
s,3 -0.5084 0.0612 -0.3403 0.0486 -0.2520 0.1346 -0.3338 0.0629 -0.2614 0.0613

ν2
c,1 0.0399 0.0643 -0.0542 0.0413 -0.0830 0.1544 0.0139 0.0344 -0.0868 0.0565

ν2
c,2 0.3837 0.0625 0.4455 0.0583 0.4307 0.1182 0.3549 0.0520 0.3653 0.0670

ν2
c,3 0.0857 0.0744 0.1570 0.0428 0.0073 0.1338 0.1932 0.0566 0.0858 0.0592

Explanatory Variables
c2 -0.2549 0.1097 -0.2274 0.1154 -0.0256 0.1978 -0.2978 0.1230 -0.2448 0.1024
c2sc 0.2114 0.1347 0.3003 0.1130 0.0685 0.1639 0.0703 0.0886 0.1620 0.0941
β2

dr(−1)
-0.0456 0.0236 -0.1957 0.0316 -0.1675 0.0389 -0.1592 0.0211 -0.1109 0.0374

β2
di(−1)

-0.0989 0.0306 -0.1795 0.0227 -0.1930 0.0245 -0.1216 0.0190 -0.1266 0.0233

Table 2.13 (cont’d): Estimation results for investor groups 6 to 10 for USD/CHF. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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11 12 13 14 15
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.0216 0.0752 0.9737 0.0616 1.0250 0.0430 1.0683 0.0871 1.0257 0.0605
σ2,1 -0.1337 0.1074 0.0232 0.2748 -0.0315 0.1610 0.1373 0.1796 0.0709 0.1201
ν1

s,1 0.0091 0.1013 0.0000 0.2916 0.1659 0.1554 0.0596 0.1248 0.0112 0.0554

ν1
s,2 0.0406 0.0721 0.1073 0.2823 0.0044 0.1303 -0.0172 0.1474 -0.0219 0.0575

ν1
s,3 -0.0905 0.0651 -0.2327 0.0803 -0.2501 0.1018 -0.1726 0.1127 -0.1911 0.0567

ν1
c,1 -0.0132 0.0682 0.0896 0.0829 0.0892 0.1206 0.0276 0.1145 0.0837 0.0547

ν1
c,2 0.1643 0.0824 0.3012 0.2278 0.3029 0.1423 0.2750 0.1105 0.0821 0.0576

ν1
c,3 0.0925 0.0774 0.0073 0.4422 0.1671 0.0865 -0.0086 0.1058 -0.0127 0.0394

Explanatory Variables
c1 0.7717 0.3942 2.1850 1.3534 0.8499 0.2806 1.1195 0.3492 2.3528 0.4206
c1
sl

-0.3497 0.1871 -0.5410 0.1831 -0.3859 0.2469 -0.4685 0.2093 -0.4944 0.1895
c1sc 0.3557 0.1705 -0.3219 0.5660 -0.0076 0.1718 0.0190 0.2600 -0.0433 0.1498
β1

p -1.5760 0.4446 -0.8980 1.2894 -1.3687 0.3318 -1.0362 0.2763 -1.3296 0.3771
β1

p∗sl
0.1463 0.1062 0.1131 0.1126 0.0754 0.1489 0.1925 0.1423 0.0900 0.1074

β1
p∗sc -0.2401 0.1133 0.0302 0.7143 -0.0176 0.1041 -0.0913 0.1803 0.0501 0.0892

β1
l

0.3809 0.3605 0.5340 0.6853 0.5011 0.3191 0.1434 0.5131 0.4175 0.2772
β1

l∗sl
-0.2211 0.1184 -0.3526 0.0834 -0.1973 0.0924 -0.1921 0.2322 -0.1881 0.1186

β1
l∗sc

0.1651 0.1145 -0.1053 0.2795 0.1965 0.1082 0.1102 0.1605 0.0983 0.1051
β1

p2
0.3938 0.1909 0.0897 0.5777 0.2778 0.1490 0.0157 0.1342 0.2725 0.1969

β1
l2

-0.1847 0.1782 -0.1060 0.2551 -0.1405 0.1723 -0.3808 0.3009 -0.0853 0.1432

β1
p3

-0.0510 0.0206 -0.0118 0.0707 -0.0310 0.0170 -0.0022 0.0150 -0.0335 0.0286

β1
l3

-0.0110 0.0210 -0.0108 0.0252 -0.0179 0.0256 -0.0294 0.0434 0.0027 0.0187

β1
p∗cx 0.0039 0.0601 0.1119 0.2350 -0.4381 0.1424 0.1447 0.2612 -0.1380 0.1105

β1
l∗cx

-0.2101 0.1236 -0.1079 0.1562 0.4351 0.1312 -0.2255 0.1987 0.0945 0.0979
β1

dr(−1)
-0.2141 0.0348 -0.2766 0.0697 -0.1875 0.0234 -0.1539 0.0286 -0.2048 0.0330

β1
di(−1)

-0.0962 0.0165 -0.0651 0.0248 -0.0633 0.0141 -0.0712 0.0187 -0.0590 0.0213

β1
vol

0.3231 0.0649 0.0935 0.1846 0.3305 0.0275 0.3609 0.0317 0.1535 0.0762
c1cx -1.3962 0.2581 -1.5432 0.3823 -0.6435 0.1958 -1.6532 0.3579 -1.1949 0.2021

Inactivity Intensity
Baseline Intensity

α2 0.5123 0.0592 0.4092 0.0431 0.5206 0.0382 0.5941 0.0461 0.5190 0.0360
σ2,2 -0.6604 0.5105 -1.1094 0.5219 -0.3329 0.2448 0.1190 0.1905 -0.4762 0.2476
ν2

s,1 -0.0278 0.0596 -0.1272 0.0932 -0.0636 0.1079 -0.1688 0.1202 0.0287 0.0972

ν2
s,2 0.1979 0.1120 0.1099 0.0664 -0.0293 0.0704 0.0001 0.1058 0.0359 0.0498

ν2
s,3 -0.2827 0.0870 -0.1988 0.0693 -0.2921 0.0954 -0.4238 0.0927 -0.3218 0.0589

ν2
c,1 -0.1552 0.0474 -0.0706 0.0429 0.0231 0.1170 -0.0141 0.0837 -0.0027 0.0501

ν2
c,2 0.5630 0.1681 0.3364 0.0566 0.3188 0.0897 0.4381 0.0982 0.3817 0.0506

ν2
c,3 0.1363 0.0396 0.1019 0.0879 0.1548 0.0891 0.0777 0.0869 0.0887 0.0348

Explanatory Variables
c2 -0.3738 0.1096 -0.1810 0.1007 -0.2028 0.1230 0.2469 0.2093 -0.1347 0.1259
c2sc 0.0821 0.1032 0.0103 0.0581 0.1407 0.1032 0.0789 0.2131 0.2604 0.0931
β2

dr(−1)
-0.1560 0.0437 -0.1334 0.0313 -0.1533 0.0273 -0.1707 0.0465 -0.1179 0.0250

β2
di(−1)

-0.1386 0.0160 -0.1135 0.0293 -0.2004 0.0180 -0.1909 0.0291 -0.2149 0.0324

Table 2.13 (cont’d): Estimation results for investor groups 11 to 15 for USD/CHF. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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16 17 18 19 20
Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Roundtrip Intensity
Baseline Intensity

α1 1.0575 0.0647 1.0170 0.0474 1.1409 0.0761 1.1663 0.0484 1.0477 0.0361
σ2,1 0.0878 0.1251 0.0208 0.1260 0.2631 0.1787 0.2448 0.0674 0.1147 0.1079
ν1

s,1 -0.1003 0.0730 0.0627 0.0593 0.1170 0.1294 -0.0461 0.0762 -0.0115 0.0811

ν1
s,2 -0.0564 0.0588 -0.0718 0.0876 0.0202 0.1217 0.1367 0.0447 0.0476 0.0536

ν1
s,3 -0.1682 0.0634 -0.1384 0.0671 -0.2270 0.0848 -0.2905 0.0491 -0.2224 0.0628

ν1
c,1 0.1127 0.0565 0.0487 0.0767 0.0027 0.0931 -0.0539 0.0484 0.0690 0.0841

ν1
c,2 0.1766 0.0550 0.1948 0.0690 0.2370 0.1095 0.2976 0.0581 0.2502 0.0821

ν1
c,3 0.1322 0.0631 -0.0099 0.1177 -0.0358 0.0995 0.1285 0.0659 0.0948 0.0834

Explanatory Variables
c1 1.1487 0.8313 0.7856 0.7503 0.1599 0.4411 -0.1201 0.6248 0.8689 0.2685
c1
sl

-0.6997 0.2017 -0.8191 0.2201 -0.5706 0.1680 -0.5433 0.2122 -0.5245 0.1335
c1sc -0.0135 0.5305 0.1267 0.2556 0.2363 0.2114 0.1556 0.1665 -0.0878 0.1231
β1

p -1.8606 0.4557 -1.8773 0.4394 -2.1494 0.4856 -1.7707 0.3196 -1.9951 0.2082
β1

p∗sl
0.2473 0.1264 0.1970 0.0972 0.2797 0.1385 0.0145 0.1808 0.0679 0.1772

β1
p∗sc -0.0843 0.2305 -0.0130 0.2208 -0.1079 0.1343 -0.0577 0.1142 -0.0203 0.1288

β1
l

0.6498 0.4456 0.5672 0.3293 0.5677 0.3669 0.6214 0.3359 1.9077 0.3246
β1

l∗sl
-0.3705 0.1093 -0.4360 0.1116 -0.3207 0.1179 -0.2921 0.1109 -0.4659 0.1356

β1
l∗sc

0.1253 0.2112 0.1345 0.1173 0.0197 0.1544 0.2296 0.0888 -0.1394 0.1685
β1

p2
0.5503 0.2308 0.5380 0.2252 0.5888 0.2127 0.4434 0.1440 0.4174 0.0916

β1
l2

-0.1414 0.2671 -0.1621 0.1570 -0.1753 0.1991 -0.1503 0.1688 0.2185 0.2506

β1
p3

-0.0792 0.0293 -0.0647 0.0304 -0.0804 0.0284 -0.0656 0.0192 -0.0330 0.0085

β1
l3

-0.0061 0.0353 -0.0155 0.0204 -0.0045 0.0289 -0.0174 0.0254 0.0053 0.0534

β1
p∗cx -0.0439 0.1237 -0.2505 0.1428 0.1689 0.1565 -0.0949 0.1049 -0.0033 0.1321

β1
l∗cx

-0.2601 0.1420 0.1059 0.1490 -0.0711 0.1645 0.2387 0.1277 -0.1284 0.1903
β1

dr(−1)
-0.2249 0.0451 -0.2267 0.0399 -0.1914 0.0329 -0.1547 0.0285 -0.2315 0.0147

β1
di(−1)

-0.0612 0.0241 -0.0589 0.0195 -0.0889 0.0179 -0.0728 0.0161 -0.0571 0.0124

β1
vol

0.3256 0.0705 0.3265 0.0856 0.4427 0.0631 0.4707 0.0722 0.2392 0.0223
c1cx -1.6699 0.3312 -0.9856 0.3600 -1.4565 0.2840 -1.4875 0.1658 -1.5172 0.1551

Inactivity Intensity
Baseline Intensity

α2 0.4743 0.0501 0.4724 0.0314 0.5263 0.0352 0.5087 0.0516 0.4652 0.0165
σ2,2 -0.4992 0.3149 -0.5298 0.2334 -0.3199 0.2081 -0.5160 0.3936 -0.7616 0.1666
ν2

s,1 -0.1181 0.0787 -0.1006 0.0724 0.0220 0.0977 0.0117 0.6463 -0.0717 0.0618

ν2
s,2 0.1453 0.0714 0.1256 0.0608 -0.0558 0.1052 0.0830 0.0726 0.0489 0.0707

ν2
s,3 -0.3136 0.0593 -0.3428 0.0630 -0.3566 0.0778 -0.3064 0.1173 -0.2594 0.0596

ν2
c,1 0.0197 0.0446 0.0311 0.0518 -0.0979 0.0732 0.0216 0.0457 -0.0106 0.0592

ν2
c,2 0.3116 0.0545 0.3100 0.0611 0.4009 0.0991 0.3700 0.1624 0.3860 0.0545

ν2
c,3 0.1839 0.0377 0.1795 0.0449 0.0994 0.0794 0.0526 0.0614 0.0248 0.0570

Explanatory Variables
c2 -0.1111 0.1196 -0.3299 0.0954 0.0320 0.1036 -0.0507 0.3948 -0.0857 0.0805
c2sc 0.1807 0.1051 0.2424 0.0815 0.1806 0.0967 0.2859 0.1115 0.1668 0.0644
β2

dr(−1)
-0.1221 0.0278 -0.1264 0.0233 -0.1532 0.0228 -0.0831 0.0235 -0.1140 0.0103

β2
di(−1)

-0.1394 0.0308 -0.1476 0.0237 -0.1750 0.0162 -0.1790 0.0375 -0.1399 0.0106

Table 2.13 (cont’d): Estimation results for investor groups 16 to 20 for USD/CHF. Quasi-
maximum likelihood standard errors reported. Subindexes: p – profit, l – loss, sl –special limit
order, sc – successfull, cx – complex trading strategy, dr(−1) – lagged roundtrip duration, di(−1)
– lagged inactivity duration, vol – transaction volume, ∗ – respective interaction term. All other
parameters are detailed in the main text.
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Figure 2.15: Estimated baseline intensities for USD/CHF. The plots correspond from the upper
left panel to the lower right one to investor groups 1 to 20.
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roundtrip inactivity roundtrip inactivity
raw res raw res raw res raw res

1 2
mean 1.50 1.00 3.68 1.00 1.57 1.00 3.81 1.00
std 6.27 0.99 12.14 0.95 7.17 0.99 14.08 0.92

3 4
mean 1.48 1.00 4.13 1.00 1.32 1.00 3.87 1.00
std 5.33 0.99 14.82 0.95 6.11 0.97 12.71 0.94

5 6
mean 0.97 1.00 2.31 1.00 1.08 1.00 3.72 1.00
std 5.34 0.98 9.92 0.93 4.79 0.98 11.98 0.92

7 8
mean 0.80 1.00 2.57 1.00 1.07 1.00 2.59 1.00
std 3.80 0.98 8.76 0.95 6.46 0.99 10.39 0.94

9 10
mean 0.83 1.00 2.99 1.00 1.29 1.00 3.52 1.00
std 4.12 0.98 10.29 0.94 6.15 0.98 11.39 0.96

11 12
mean 0.79 1.00 2.75 1.00 0.67 1.00 2.58 1.00
std 5.48 1.00 9.24 0.96 3.82 0.99 9.44 0.94

13 14
mean 0.65 1.00 2.51 1.00 0.62 1.00 2.23 1.00
std 4.24 1.00 8.23 0.94 4.25 0.98 8.15 0.93

15 16
mean 0.74 1.00 2.08 1.00 0.58 1.00 2.57 1.00
std 4.60 0.98 7.35 0.96 2.63 0.98 9.87 0.94

17 18
mean 0.66 1.00 3.67 1.00 0.52 1.00 2.11 1.00
std 3.72 0.98 11.89 0.94 2.79 0.97 7.67 0.94

19 20
mean 0.79 1.00 2.32 1.00 0.59 1.00 2.11 1.00
std 4.41 0.98 8.14 0.95 3.04 0.98 8.37 0.95

Table 2.14: Mean and standard deviation for the raw and
the residual series for the USD/CHF currency pair of the
roundtrip and inactivity states for investor groups 1 to 20.
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Figure 2.16: Quantile-Quantile plots of the roundtrip residual series against the unit exponential
distribution for the USD/CHF currency pair. The plots correspond from the upper left panel to
the lower right one to investor groups 1 to 20.
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Figure 2.17: Quantile-Quantile plots of the inactivity residual series against the unit exponential
distribution for the USD/CHF currency pair. The plots correspond from the upper left panel to
the lower right one to investor groups 1 to 20.
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Appendix D

GBP/USD

Figure 2.18: Illustration of the disposition effect for GBP/USD. The plots correspond from the
upper left panel to the lower right one to investor groups 1 to 20. Each plot shows the intensity
to leave the roundtrip state (y-axis) over a standardized profit/loss region (x-axis). The points -1
and 1 on the x-axis correspond to the negative and positive mean absolute profit/loss, respectively,
realized in the associated group. The upward (downward) sloping connection lines indicate a
positive (negative) disposition effect in this region.
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Figure 2.19: Impact of special limit orders on the disposition effect for the GBP/USD currency
pair. The plots correspond from the upper left panel to the lower right one to investor groups 1 to
20. Each plot shows the difference of the roundtrip intensity for profits and the roundtrip intensity
for losses. The point 1 on the x-axis corresponds to the mean absolute profit/loss realized in the
associated group. The solid line represents the case if a roundtrip is closed by a special limit order
and the short dashed line if not. The whiskers at the bottom of the graphs represent the absolute
profit/loss distribution.
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Figure 2.20: Impact of past trading success on the disposition effect for the GBP/USD currency
pair. The plots correspond from the upper left panel to the lower right one to investor groups 1 to
20. Each plot shows the difference of the roundtrip intensity for profits and the roundtrip intensity
for losses. The point 1 on the x-axis corresponds to the mean absolute profit/loss realized in the
associated group. The solid line represents the case if a roundtrip is closed by an overconfident
investor and the short dashed line if not. The whiskers at the bottom of the graphs represent the
absolute profit/loss distribution.
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Figure 2.21: Impact of complex trading strategies during a roundtrip on the disposition effect for
the GBP/USD currency pair. The plots correspond from the upper left panel to the lower right
one to investor groups 1 to 20. Each plot shows the difference of the roundtrip intensity for profits
and the roundtrip intensity for losses. The point 1 on the x-axis corresponds to the mean absolute
profit/loss realized in the associated group. The solid line represents the case if a complex trading
strategy is applied and the short dashed line if not. The whiskers at the bottom of the graphs
represent the absolute profit/loss distribution..
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Likelihood Ratio Test: special limit order close

1 2 3 4 5 6 7 8 9 10

LR-Stat 26.9464 17.1279 9.4566 1.9980 7.4714 47.9873 21.2347 3.9533 28.7694 25.1845

p-value 0.0000 0.0002 0.0088 0.3683 0.0239 0.0000 0.0000 0.1385 0.0000 0.0000

11 12 13 14 15 16 17 18 19 20

LR-Stat 11.6019 13.1619 17.2672 9.3891 2.6699 29.1350 15.8462 10.5954 2.0509 19.3882

p-value 0.0030 0.0014 0.0002 0.0091 0.2632 0.0000 0.0004 0.0050 0.3586 0.0001

Likelihood Ratio Test: past trading success

1 2 3 4 5 6 7 8 9 10

LR-Stat 2.8169 0.7379 6.9275 0.0058 0.3592 0.6472 13.6594 0.8094 0.9756 4.9232

p-value 0.2445 0.6915 0.0313 0.9971 0.8356 0.7235 0.0011 0.6672 0.6140 0.0853

11 12 13 14 15 16 17 18 19 20

LR-Stat 7.9770 6.0561 1.8176 1.2688 0.6402 9.3298 13.9415 4.1982 3.4182 4.0691

p-value 0.0185 0.0484 0.4030 0.5303 0.7261 0.0094 0.0009 0.1226 0.1810 0.1307

Likelihood Ratio Test: complex trading strategy

1 2 3 4 5 6 7 8 9 10

LR-Stat 4.0237 8.2502 2.3806 0.3194 6.0058 2.3649 4.7998 1.9937 5.9133 4.4465

p-value 0.1337 0.0162 0.3041 0.8524 0.0496 0.3065 0.0907 0.3690 0.0520 0.1083

11 12 13 14 15 16 17 18 19 20

LR-Stat 1.4234 2.4628 2.9082 0.5075 3.9776 0.4910 5.6047 2.7806 10.7104 3.1117

p-value 0.4908 0.2919 0.2336 0.7759 0.1369 0.7823 0.0607 0.2490 0.0047 0.2110

Table 2.15: Test statistics and p-values for the likelihood ratio test for the full model
specification against the restricted model specifications (complex trading strategy, special
limit order close and past trading success) for GBP/USD. The test statistics for all tests are
χ2

2
-distributed.
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AUD/USD

Figure 2.22: Illustration of the disposition effect for AUD/USD. The plots correspond from the
upper left panel to the lower right one to investor groups 1 to 20. Each plot shows the intensity
to leave the roundtrip state (y-axis) over a standardized profit/loss region (x-axis). The points -1
and 1 on the x-axis correspond to the negative and positive mean absolute profit/loss, respectively,
realized in the associated group. The upward (downward) sloping connection lines indicate a
positive (negative) disposition effect in this region.
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Figure 2.23: Impact of special limit orders on the disposition effect for the AUD/USD currency
pair. The plots correspond from the upper left panel to the lower right one to investor groups 1 to
20. Each plot shows the difference of the roundtrip intensity for profits and the roundtrip intensity
for losses. The point 1 on the x-axis corresponds to the mean absolute profit/loss realized in the
associated group. The solid line represents the case if a roundtrip is closed by a special limit order
and the short dashed line if not. The whiskers at the bottom of the graphs represent the absolute
profit/loss distribution.
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Figure 2.24: Impact of past trading success on the disposition effect for the AUD/USD currency
pair. The plots correspond from the upper left panel to the lower right one to investor groups 1 to
20. Each plot shows the difference of the roundtrip intensity for profits and the roundtrip intensity
for losses. The point 1 on the x-axis corresponds to the mean absolute profit/loss realized in the
associated group. The solid line represents the case if a roundtrip is closed by an overconfident
investor and the short dashed line if not. The whiskers at the bottom of the graphs represent the
absolute profit/loss distribution.
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Figure 2.25: Impact of complex trading strategies during a roundtrip on the disposition effect for
the AUD/USD currency pair. The plots correspond from the upper left panel to the lower right
one to investor groups 1 to 20. Each plot shows the difference of the roundtrip intensity for profits
and the roundtrip intensity for losses. The point 1 on the x-axis corresponds to the mean absolute
profit/loss realized in the associated group. The solid line represents the case if a complex trading
strategy is applied and the short dashed line if not. The whiskers at the bottom of the graphs
represent the absolute profit/loss distribution.
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Likelihood Ratio Test: special limit order close

1 2 3 4 5 6 7 8 9 10

LR-Stat 2.2957 18.2651 3.3687 2.1057 7.5021 2.9985 7.3400 0.3617 1.9800 9.8115

p-value 0.3173 0.0001 0.1856 0.3489 0.0235 0.2233 0.0255 0.8346 0.3716 0.0074

11 12 13 14 15 16 17 18 19 20

LR-Stat 12.2238 18.3545 5.8427 4.4352 6.3122 18.4150 17.8082 5.0767 3.5448 20.6765

p-value 0.0022 0.0001 0.0539 0.1089 0.0426 0.0001 0.0001 0.0790 0.1699 0.0000

Likelihood Ratio Test: past trading success

1 2 3 4 5 6 7 8 9 10

LR-Stat 1.2003 1.0237 6.8674 5.0042 3.4569 1.4775 7.4737 2.2316 0.0470 1.0587

p-value 0.5487 0.5994 0.0323 0.0819 0.1776 0.4777 0.0238 0.3277 0.9768 0.5890

11 12 13 14 15 16 17 18 19 20

LR-Stat 7.1348 7.6750 2.0697 1.6170 5.3155 0.4350 2.6372 1.1188 2.5905 29.2917

p-value 0.0282 0.0215 0.3553 0.4455 0.0701 0.8045 0.2675 0.5716 0.2738 0.0000

Likelihood Ratio Test: complex trading strategy

1 2 3 4 5 6 7 8 9 10

LR-Stat 1.0862 2.6303 0.6974 2.3893 10.3512 1.6265 2.4191 0.4114 7.6114 7.6274

p-value 0.5809 0.2684 0.7056 0.3028 0.0057 0.4434 0.2983 0.8141 0.0222 0.0221

11 12 13 14 15 16 17 18 19 20

LR-Stat 12.4375 5.8703 0.9636 0.0832 8.1948 10.7300 11.7804 1.2511 1.4997 5.8153

p-value 0.0020 0.0531 0.6177 0.9593 0.0166 0.0047 0.0028 0.5350 0.4724 0.0546

Table 2.16: Test statistics and p-values for the likelihood ratio test for the full model
specification against the restricted model specifications (complex trading strategy, special
limit order close and past trading success) for AUD/USD. The test statistics for all tests
are χ2

2
-distributed.
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USD/CHF

Figure 2.26: Illustration of the disposition effect for USD/CHF. The plots correspond from the
upper left panel to the lower right one to investor groups 1 to 20. Each plot shows the intensity
to leave the roundtrip state (y-axis) over a standardized profit/loss region (x-axis). The points -1
and 1 on the x-axis correspond to the negative and positive mean absolute profit/loss, respectively,
realized in the associated group. The upward (downward) sloping connection lines indicate a
positive (negative) disposition effect in this region.
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Figure 2.27: Impact of special limit orders on the disposition effect for the USD/CHF currency
pair. The plots correspond from the upper left panel to the lower right one to investor groups 1 to
20. Each plot shows the difference of the roundtrip intensity for profits and the roundtrip intensity
for losses. The point 1 on the x-axis corresponds to the mean absolute profit/loss realized in the
associated group. The solid line represents the case if a roundtrip is closed by a special limit order
and the short dashed line if not. The whiskers at the bottom of the graphs represent the absolute
profit/loss distribution.
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Figure 2.28: Impact of past trading success on the disposition effect for the USD/CHF currency
pair. The plots correspond from the upper left panel to the lower right one to investor groups 1 to
20. Each plot shows the difference of the roundtrip intensity for profits and the roundtrip intensity
for losses. The point 1 on the x-axis corresponds to the mean absolute profit/loss realized in the
associated group. The solid line represents the case if a roundtrip is closed by an overconfident
investor and the short dashed line if not. The whiskers at the bottom of the graphs represent the
absolute profit/loss distribution.
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Figure 2.29: Impact of complex trading strategies during a roundtrip on the disposition effect for
the USD/CHF currency pair. The plots correspond from the upper left panel to the lower right
one to investor groups 1 to 20. Each plot shows the difference of the roundtrip intensity for profits
and the roundtrip intensity for losses. The point 1 on the x-axis corresponds to the mean absolute
profit/loss realized in the associated group. The solid line represents the case if a complex trading
strategy is applied and the short dashed line if not. The whiskers at the bottom of the graphs
represent the absolute profit/loss distribution.
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Likelihood Ratio Test: special limit order close

1 2 3 4 5 6 7 8 9 10

LR-Stat 9.3687 3.7131 8.5599 12.4798 4.0136 19.8892 12.9070 0.4658 22.4919 21.9382

p-value 0.0092 0.1562 0.0138 0.0020 0.1344 0.0000 0.0016 0.7922 0.0000 0.0000

11 12 13 14 15 16 17 18 19 20

LR-Stat 8.1014 21.2444 6.7885 7.3464 6.1552 23.7405 27.0060 20.0745 16.8048 19.3450

p-value 0.0174 0.0000 0.0336 0.0254 0.0461 0.0000 0.0000 0.0000 0.0002 0.0001

Likelihood Ratio Test: past trading success

1 2 3 4 5 6 7 8 9 10

LR-Stat 2.7704 1.2311 8.1116 1.5034 11.5603 2.3431 5.8024 9.4825 5.5956 2.1811

p-value 0.2503 0.5403 0.0173 0.4716 0.0031 0.3099 0.0550 0.0087 0.0609 0.3360

11 12 13 14 15 16 17 18 19 20

LR-Stat 9.9222 1.3970 7.5550 2.1446 2.6972 2.6293 2.6745 2.1137 9.3789 2.2974

p-value 0.0070 0.4973 0.0229 0.3422 0.2596 0.2686 0.2626 0.3475 0.0092 0.3170

Likelihood Ratio Test: complex trading strategy

1 2 3 4 5 6 7 8 9 10

LR-Stat 0.9276 0.1036 0.5269 1.7174 9.8148 3.1062 7.5662 9.8023 4.1676 1.9734

p-value 0.6289 0.9495 0.7684 0.4237 0.0074 0.2116 0.0228 0.0074 0.1245 0.3728

11 12 13 14 15 16 17 18 19 20

LR-Stat 4.7773 2.3593 35.0968 5.5030 2.8158 13.2617 7.6321 3.3079 8.9044 1.2819

p-value 0.0918 0.3074 0.0000 0.0638 0.2447 0.0013 0.0220 0.1913 0.0117 0.5268

Table 2.17: Test statistics and p-values for the likelihood ratio test for the full model
specification against the restricted model specifications (complex trading strategy, special
limit order close and past trading success) for USD/CHF. The test statistics for all tests
are χ2

2
-distributed.



Chapter 3

Trading Dynamics in the Foreign

Exchange Market: A Latent Factor

Panel Intensity Approach

3.1 Introduction

The complexity of financial market datasets containing micro-information on every in-

dividual trader’s action presents new challenges to financial economists and econometri-

cians. The immense breadth of this data opens new horizons for the analysis of market

microstructure and behavior of economic agents, beyond the analyses possible with stan-

dard high frequency data which has led to the birth of high-frequency finance as a new

research area focusing on issues such as irregularly spaced and discrete data, volatility

measurement and market microstructure.

Trading activity datasets now becoming increasingly available, can be considered as micro-

panel datasets with four dimensions: an irregularly-spaced time scale, types of trading

actions, trading instruments and investors. The marvelous amount of precise information

contained in these datasets creates unique possibilities for analyzing individual trading

behavior since the investment patterns of each individual in multiple assets can be followed

over time. Time plays a central role in high-frequency finance, market microstructure and

the behavioral finance literature. Trading activity datasets can be considered “field data”

with exact information on the timing of investment decisions, hence enabling in-depth

investigations of prominent behavioral finance phenomena such as the disposition effect

148
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as well as the motives driving investment decisions at specific points in time. Investors

are typically heterogenous with respect to their trading and risk preferences and trading

activity datasets provide a sound data foundation for the detailed investigation of trading

behavior for different groups of investors from small retail investors to professional and

institutional investors.

In this paper we develop an intensity-based modelling framework which is suited to charac-

terizing the data generating process of complex dynamic systems such as trading activity

datasets. Time is considered to be the central element in the model enabling the inves-

tigation of those factors that influence trading decisions of investors in multiple assets

over time. The model exploits the panel structure of the trading activity dataset and

characterizes a multivariate panel intensity process which is specified as a function of in-

dividual specific effects, a dynamic component, a set of time varying covariates describing

the investors’ information set, a seasonality component and a time-varying latent factor.

The latent factor is motivated by the fact that not all individual-specific as well as pub-

lic information is directly observable or measurable with available explanatory variables.

These omitted unobservable factors induce dependencies across individuals which are cap-

tured by the common latent factor. The intensity based specification is chosen, since it

allows us to account for the impact of time-varying covariates on the trading process. We

use a simulated maximum likelihood (SML) technique to estimate the proposed model by

augmenting the efficient importance sampling (EIS) method of Richard & Zhang (2007)

for the estimation of panel intensity models. Our approach is related to the stochastic

conditional intensity (SCI) model proposed by Bauwens & Hautsch (2006) which they use

to characterize a system of duration processes. The model we propose here differs from

the SCI model by considering a panel intensity model which, in terms of its complexity,

allows for two additional dimensions: individuals and trading instruments. This degree of

complexity is required in order to jointly model all aspects of a trading activity dataset,

and thus provides a framework for considering individual- and transaction type-specific

effects.

The model is applied to the analysis of the trading behavior of investors in the foreign

exchange market based on a trading activity dataset of OANDA FXTrade, which allows

us to trace every action of around 2500 investors in up to 30 currency pairs over the

period from 1st October 2003 to 31st October 2003. OANDA FXTrade is an electronic

trading platform in the foreign exchange market, in which heterogenous groups of small
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retail investors as well as big institutional and professional traders are active. Our analysis

focuses on two well investigated behavioral finance biases, the disposition effect and over-

confidence. The disposition effect (Shefrin & Statman (1985)) describes the tendency to

hold positions with a paper loss longer than positions with the symmetric paper profit. A

theoretical foundation for the disposition effect is given by the prospect theory of Kahne-

man & Tversky (1979), in which the investor evaluates the outcome of a trading strategy

relative to a reference point and is risk averse if the strategy is profitable with respect to

that reference point and risk seeking otherwise. The early studies of Lease et al. (1974),

Schlarbaum, Lewellen & Lease (1978a,b), Shefrin & Statman (1985) as well as the more

recent contributions of Badrinath & Lewellen (1991), Locke & Mann (2005a) and Shapira

& Venezia (2001) analyze the disposition effect by comparing mean roundtrip durations

of profitable and non-profitable investments. Odean (1998a) considers the proportions of

profits and losses realized over a certain time horizon and Grinblatt & Keloharju (2001)

apply ordered response models for the analysis of the disposition effect. Most of these

studies examine the disposition effect isolated for trading in a specific security in a static

framework for the average investor. The studies by Shapira & Venezia (2001), Dhar &

Zhu (2006), Goetzmann & Massa (2004) and Chen et al. (2007) focus on investor hetero-

geneity and show that professional and more sophisticated investors are less prone to the

disposition effect and to behavioral biases in general.

Overconfidence is another phenomenon highlighted in the behavioral finance literature.

It can be explained by self-attribution bias (Wolosin et al. (1973)) caused by overly self-

confident interpretations of past (trading) success, and biased perceptions of the precision

and validity of private information and predictions (Alpert & Raiffa (1982), Lichtenstein

et al. (1982)). In the literature overconfidence has been suggested as an explanation for

the unusually high observed volume in security trading. Theoretical models which yield

this conclusion have been developed by Daniel et al. (1998), Odean (1998b), Wang (1998),

Gervais & Odean (2001) and Scheinkman & Xiong (2003). Empirical evidence is provided

by for instance, the studies of De Bondt & Thaler (1995), Barber & Odean (2001a),

Statman et al. (2006) on the basis of monthly data.

In our analysis we find support for the existence of the disposition effect and overconfidence

which is in line with numerous theoretical and empirical studies. The originality of our

approach lies in adopting a more general perspective in analyzing trading behavior, by

addressing directly the timing of investment decisions at the micro-level, which is central
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to the understanding of the dynamics of trading. Categorizing our investors into groups

according to their total trading volume allows us to draw conclusions on the severity of

different behavioral biases and on differences in the trading behavior across various types

of investors. We explicitly model both the propensity to open and close positions, allowing

us to obtain a complete picture of investment decisions. The empirical analysis reveals

new results on the disposition effect in conjunction with the prospect theory and delivers

insights into further behavioral biases related to the usual disposition effect.

The paper is structured as follows: in Section 3.2 we provide a theoretical description of the

model. Section 3.3 contains the empirical analysis, Section 3.4 discusses the results in light

of recent behavioral finance and market microstructure theories and Section 3.5 concludes.

A detailed exposition of the SML estimation procedure is presented in Appendix 3.5 and

the full estimation results are collected in Appendix 3.5.

3.2 Panel Intensity Model

3.2.1 Theory

Let t ∈ [0, T ] denote the physical calendar time, n = 1, . . . , N denote the nth investor

and k = 1, . . . , K denote the kth currency pair in which an investor can trade. The ith

action1 of the nth investor in the kth currency pair is denoted by i = 1, . . . , Ik,n and

the corresponding arrival time is denoted by tk,n
i . For all n and all k the sequences

{tk,n
i | 0 ≤ tk,n

i−1 ≤ tk,n
i ≤ T ; i = 1, . . . , Ik,n} represent point processes with corresponding

right-continuous counting processes Nk,n(t) =
∑Ik,n

i=1 1l {tk,n
i ≤t} which count the number of

actions in the time interval [0, t]. The corresponding left-continuous counting process

is denoted by N̆k,n(t) =
∑Ik,n

i=1 1l {tk,n
i <t}. Let {Ω, F, Ft,P} denote the associated joint

probability space, where the filtrations of the individual processes are denoted by F
k,n
t ⊂

Ft. We assume that each individual point process is orderly (simple)2, ensuring that

there are no simultaneous arrivals and implying that tk,n
i−1 < tk,n

i (almost surely), for

i = 1, . . . , Ik,n. The inter-event duration between two consecutive actions is denoted by

τk,n
i = tk,n

i − tk,n
i−1. uk,n(t) = t − tk,n

N̆k,n(t)
denotes the corresponding backward recurrence

time at t measuring the elapsed time since the last event. For each investor and for each

1By action we refer to any event that changes the investor’s portfolio value. Thus, it can be initiated by
the investor at that particular time or be a consequence of an earlier activity of the investor, e.g., an
executed limit order.

2i.e. P(Nk,n(t + δ) − Nk,n(t) > 1|Fk,n
t ) = o(δ), with o(·) the little Landau symbol.
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currency pair the arrival times {tk,n
i | i = 1, . . . , Ik,n} constitute a pooled process, induced

by S sub-processes. The corresponding arrival times of the sth sub-process are denoted by

ts,k,n
i with i = 1, . . . , Is,k,n. Since the pooled process is orderly the sub-processes are orderly

as well. Defining N s,k,n(t) =
∑Is,k,n

i=1 1l {ts,k,n
i ≤t} as the corresponding counting functions we

have that Nk,n(t) =
∑S

s=1 N s,k,n(t). In our application we observe S = 2 sub-processes

which are:

• s = 1: The process related to an increase in a given currency pair exposure, i.e., the

process characterizing the (further) opening of a position;

• s = 2: The process related to a decrease in a given currency pair exposure, i.e., the

process characterizing the (partial) closing of a position.

The likelihood function of the complete model without a latent factor is given by

L(W ; θ) =

N
∏

n=1

K
∏

k=1





Ik,n
∏

i=1

fk,n(τk,n
i | F−

t
k,n
i

)





dk
n

, (3.1)

where fk,n(τk,n
i | F−

t
k,n
i

) is the conditional density function of the durations. With F−

t
k,n
i

we

denote the filtration, which consists of all information up to but excluding time tk,n
i . W

denotes the generic symbol for all relevant data and θ is the generic symbol for all relevant

parameters used in the estimation. By dk
n we denote the dummy variable which takes on

the value 1 if the nth investor is active in currency pair k at least once, and zero otherwise.

We can write the conditional probability of the duration τk,n
i between two arbitrary con-

secutive actions as the conditional probability that all processes have survived during the

period [tk,n
i−1, t

k,n
i ) times the instantaneous probability for arrival in the next instant tk,n

i ,

which is formally given by

fk,n
(

τk,n
i

∣

∣

∣
F
−

t
k,n
i

)

=

S
∏

s=1

F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F
−

t
k,n
i

)(

θs,k,n
(

tk,n
i

∣

∣

∣
F
−

t
k,n
i

))d
s,k,n
i

, (3.2)

where ds,k,n
i is a dummy, which takes on the value of one whenever the duration ends

with an arrival of type s, and zero otherwise. F̄ s,k,n denotes the “survivor” function of the

s-type process given by

F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F−

t
k,n
i

)

= P

(

ts,k,n

Ns,k,n(tk,n
i−1)+1

/∈ [tk,n
i−1, t

k,n
i ), ts,k,n

Ns,k,n(tk,n
i−1)+1

= tk,n
i

∣

∣

∣
F−

t
k,n
i

)

, (3.3)
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which is the joint probability that there is a s-type event at time tk,n
i but not during the

period from tk,n
i−1 to tk,n

i . The corresponding intensity of type s is denoted by

θs,k,n
(

tk,n
i

∣

∣

∣
F−

t
k,n
i

)

=

lim
h→0

P

(

tk,n
i ≤ ts,k,n

Ns,k,n(tk,n
i−1)+1

< tk,n
i + h

∣

∣

∣
ts,k,n

Ns,k,n(tk,n
i−1)+1

/∈ [tk,n
i−1, t

k,n
i ), F−

t
k,n
i

)

h
, (3.4)

which is the instantaneous probability for a s-type event at time tk,n
i . It follows that

F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F−

t
k,n
i

)

= exp









−
t
k,n
i
∫

t
k,n
i−1

θs,k,n(u | F−
u )du









= exp
(

−Θs,k,n(tk,n
i−1, t

k,n
i | F−

t
k,n
i

)
)

,

where Θs,k,n(tk,n
i−1, t

k,n
i | F−

t
s,k,n
i

) denotes the s-type integrated intensity between tk,n
i−1 and

tk,n
i . Therefore, the likelihood function of the model without a latent factor in equation

(3.1) can be rewritten as

L(W ; θ) =
N
∏

n=1

K
∏

k=1

Ik,n
∏

i=1

S
∏

s=1

F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F−

t
k,n
i

)(

θs,k,n
(

tk,n
i

∣

∣

∣
F−

t
k,n
i

))d
s,k,n
i

. (3.5)

Since we believe that investors’ behavior is influenced by unobservable time varying fac-

tors, we introduce a latent factor denoted by λi. To model the dynamic behavior of

the latent factor, we need to introduce a time scale over which the latent factor evolves.

To this end, we define the ordered pooled point process as the sequence of arrival times

ti, i = 1, . . . , I for all actions of all investors in all currency pairs, where simultaneous

arrivals are treated as one arrival only.3 The corresponding counting processes are de-

noted by N(t) =
∑I

i=1 1l {ti≤t} and N̆(t) =
∑I

i=1 1l {ti<t}. Thus, for t ∈ {ti} we have

3Formally,

{ti|ti−1 < ti} =
⋃

n

{

⋃

k

{tk,n
i | tk,n

i−1
< t

k,n
i } \

⋂

k

{tk,n
i | tk,n

i−1
< t

k,n
i }

}

\

⋂

n

{

⋃

k

{tk,n
i | tk,n

i−1
< t

k,n
i } \

⋂

k

{tk,n
i | tk,n

i−1
< t

k,n
i }

}

.
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N(t) = N̆(t) + 1, whereas for t /∈ {ti} it holds that N(t) = N̆(t). The pooled process

{ti}i=1,...,I serves as the time scale on which the latent factor evolves. In particular, we as-

sume that the duration τk,n

Nk,n(t)
depends on the latent factor, i.e. τk,n

Nk,n(t)
= τk,n

Nk,n(t)
(λN̆(t)+1)

at t ∈
⋃

n

⋃

k{t
k,n
i } is a function of the latent factor. Note that this definition ensures that

at every time t at which an action occurs, there is a corresponding value of the latent

factor. Here, the latent factor is assumed to evolve over a kind of irregularly spaced event

induced time scale, while alternatively we could choose an equidistant time grid. In order

to summarize and visualize the model specification, data characteristics, and in particular

the different time scales we depict the stylized panel structure in Figure 3.1. In the figure,

we allow for the presence of time varying covariates for each subprocess s. The time scales

over which these covariates evolve, will be defined below.

Since the latent factor is unobservable and stochastic it needs to be integrated out, which

results in the following likelihood function

L(W ; θ) =

∫

RI

N
∏

n=1

K
∏

k=1





Ik,n
∏

i=1

fk,n(τk,n
i , λ

N̆(tk,n
i )+1 | F−

t
k,n
i

)





dk
n

dΛ, (3.6)

where Λ = (λ1, . . . , λI)
′ and the integral is taken over R

I , and where fk,n(τk,n
i , λ

N̆(tk,n
i )+1 |

F−

t
k,n
i

) is the joint conditional density of the duration τk,n
i and its corresponding latent factor

λ
N̆(tk,n

i )+1. The likelihood can then be factored as the product of the density conditional

on the latent factor times the conditional density of the latent factor as

L(W ; θ) =

∫

RI

N
∏

n=1

K
∏

k=1

Ik,n
∏

i=1

S
∏

s=1

F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F−

t
k,n
i

, λ
N̆(tk,n

i )+1

)

(

θs,k,n
(

tk,n
i

∣

∣

∣
F−

t
k,n
i

, λ
N̆(tk,n

i )+1

))d
s,k,n
i

ρ(λ
N̆(tk,n

i )+1|F−

t
k,n
i

)dΛ, (3.7)

where ρ(λ
N̆(tk,n

i )+1|F−

t
k,n
i

) is the conditional density of the latent factor. The exact specifi-

cation of the intensities and the corresponding integrated intensities is presented below.

The model described by the likelihood function in equation (3.7) is formulated in terms

of tk,n
i , which is the pooled (orderly) point process over the S subprocesses of the nth

investor in the kth currency pair. As the latent factor which has to be integrated out is

defined on ti, we also provide a reformulation of the likelihood in equation (3.7) in terms

of the pooled times ti, which eases the implementation of the EIS estimation algorithm
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ť
2,k,n
1

ť
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ť
2,k,n
20

ť
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Figure 3.1: Stylized Model Structure. The figure represents for s = 2 the time scales associated with the arrival times of the processes (sub-pr.1

and sub-pr.2), the times of the covariate processes (cov.1 an cov.2) as well as the pooled arrival processes ť
s,k,n
h and ti.
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described in detail in Appendix 3.5. Since the pooled process may not be orderly, there

may be several pairs (k, n) associated with the arrival time ti, i.e. several investors trading

at the same time and/or the same investor trading in different currency pairs at the same

time. We denote the set of such pairs by Ci = {(k, n)|ti = tk,n

Nk,n(ti)
}. The likelihood in

(3.7) can then be rewritten as

L(W ; θ) =

∫

RI

I
∏

i=1

∏

Ci

S
∏

s=1

F̄ s,k,n
(

tk,n

Nk,n(ti)−1
, tk,n

Nk,n(ti)

∣

∣

∣
F−

ti
, λi

)

(

θs,k,n
(

tk,n

Nk,n(ti)

∣

∣

∣
F−

ti
, λi

))d
s,k,n

Nk,n(ti) ρ(λi|F−
ti
)dΛ. (3.8)

As suggested by the model presentation above, there are several ways to model the like-

lihood function. One can either specify the likelihood function (3.6) for the durations of

the pooled process tk,n
i directly, or the likelihood function (3.7) based on the intensities

of the s sub-processes ts,k,n
i which generate the pooled process tk,n

i . Although in different

ways, both approaches ultimately allow for inference on the durations τk,n
i of the pooled

process.

An attractive feature of intensity based modelling is that it accounts for changes in the

values of time varying covariates during a duration in a very intuitive way since it is set

up in continuous time. The duration based approach, which is a discrete time model can

also account for time varying covariates (e.g., Lunde & Timmermann (2005)), but then

the likelihood function has to be additionally adjusted (effectively this again amounts to

adjusting the intensity to reflect the changes in the values of the covariates). Furthermore,

the intensity based approach allows for the characterization of the dynamic behavior of

each of the s sub-processes, whereas the duration approach considers the pooled process

only. One possibility for modelling the duration based likelihood (3.6) is to adopt the

stochastic conditional duration (SCD) approach of Bauwens & Veredas (2004), whereas

likelihood (3.7) can be modelled by augmenting the stochastic conditional intensity (SCI)

model of Bauwens & Hautsch (2006). We rely on the latter strategy and parameterize

θs,k,n(t|F−
t , λN̆(t)+1) generally in the following way:

θs,k,n(t|F−
t , λN̆(t)+1) =

(

bs,k,n(t)Ss,k,n(t)Ψs,k,n(t|F−
t )(λN̆(t)+1)

δs,k,n
)

Ds,k,n(t). (3.9)
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Thereby bs,k,n(t) denotes a (possibly investor, currency pair or state dependent) baseline

intensity, Ss,k,n(t) – a deterministic seasonality function, Ψs,k,n(t|F−
t ) – an intensity com-

ponent capturing the dynamic information processing, and δs,k,n is a parameter which

controls for the impact of the latent component on the s-type intensity. In our applica-

tion we need to take into account that after an action which sets the exposure in a given

currency pair to zero, i.e. the position is closed completely, there is no possibility for a

subsequent close. Hence, the intensity θ2,k,n(t | F
−
t , λN̆(t)+1) is zero in this case. We model

this through the variable

Ds,k,n(t) =







1, if s = 1

1 − dk,n
cc (t), if s = 2,

(3.10)

where dk,n
cc (t) denotes the dummy variable which takes on the value 1, if the previous

arrival time is associated with a complete close of the position in the currency pair k for

investor n, and zero otherwise.

3.2.2 Model Parametrization

For the application we will parameterize the separate intensity components parsimoniously

in the following way:

Baseline Intensity & Individual Investor Specific Effects

We assume that there are different baseline intensities for the different states and the

individual investors, but that they are identical across currency pairs. That is we assume

that

bs,k,n(t) = bs,n(t) for k = 1, . . . , K and n = 1, . . . , N.

In the application we use a multivariate Weibull specification of the following form:

bs,n(t) = exp(ωs
n)

S
∏

r=1

ur,k,n(t)αs
r−1 for s = 1, . . . , S,

where the location parameters ωs
n are investor n and state s specific and the shape param-

eters αs
r are assumed to be identical for all investors, but different across states. Thus, the
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individual investor effect allows for investor specific shifts of the intensity specification.

Diurnal Seasonality and Weekend Effects

The seasonality function Ss,k,n(t) incorporates a diurnal seasonality component S̃s,k,n(t)

and a weekend component W̃ s,k,n(t) multiplicatively as

Ss,k,n(t) = S̃s,k,n(t)W̃ s,k,n(t).

In order to capture the deterministic intraday seasonality pattern of the intensity processes

we assume that

S̃s,k,n(t) = S̃(t) for k = 1, . . . , K and n = 1, . . . , N.

where

S̃(t) ≡ S̃(ν, τ(t), K) ≡ exp

(

ν0τ(t) +

K
∑

k=1

ν2k−1 sin(2π(2k − 1)τ(t)) + ν2k cos(2π(2k)τ(t))

)

which is an exponentially transformed Fourier flexible form with linear intraday time

trend, where τ(t) denotes the intraday trading time standardized to [0, 1] and ν is a

2K + 1 dimensional parameter vector. To model the lower degree of trading activity on

weekends, we specify W̃ (t) as

W̃ (t) = exp(̟DW (t)),

where ̟ denotes a scalar and DW (t) a weekend dummy, which is one during weekends

and zero otherwise. According to this specification the intensity process is dampened

for ̟ < 0, which is the effect that we expect, and amplified for ̟ > 0. Note that

the seasonality component is neither state, currency nor investor specific, which is partly

driven by the fact that we do not empirically observe large differences in the intra-day

seasonality pattern for open and close arrival times and specific investor types (see Section

3.3) and by the fact that we want to obtain a parsimonious set of parameters.



Trading Dynamics in the Foreign Exchange Market 159

Dynamics and Explanatory Variables

The dynamic structure and the influence of the explanatory variables is modelled through

Ψs,k,n(t|F−
t ) in the autoregressive conditional intensity (ACI) fashion suggested by Russell

(1999). Let zs,k,n
j denote the vector of all (time-varying) possibly investor, currency pair

and state dependent covariates, where at least one covariate is updated at time t̃s,k,n
j with

j = 1, . . . Js,k,n. M̆s,k,n(t) =
∑Js,k,n

j=1 1l {t̃s,k,n
j <t} is the corresponding left continuous counting

function of the update times t̃s,k,n
j . Furthermore, let {ťs,k,n

h } denote the process resulting

from the pooling of the process {ti} and the covariate process {t̃s,k,n
j }, with Hs,k,n(t) =

∑Hs,k,n

h=1 1l {ťs,k,n

h
≤t} denoting the corresponding right continuous counting function. We

assume that

Ψs,k,n(t|F−
t ) = exp

(

Ψ̃s,k,n

N̆k,n(t)+1
+
(

zs,k,n

M̆s,k,n(t)

)′

γs,k,n

)

.

Note that Ψ̃s,k,n
· is indexed by N̆k,n(t) + 1, which ensures that Ψ̃s,k,n

· is updated with the

value of Ψ̃s,k,n
i directly after but excluding tk,n

i−1 and stays constant until and including

tk,n
i . The coefficient vector is denoted by γs,k,n. The vector Ψ̃k,n

i = (Ψ̃1,k,n
i , . . . , Ψ̃S,k,n

i )′ is

parametrized multivariately as

Ψ̃k,n
i =

S
∑

s=1

(

As,k,nεk,n
i−1 + Bk,nΨ̃k,n

i−1

)

ds,k,n
i−1 ,

where generally As,k,n is an S × 1 parameter vector and Bk,n is an S × S parameter

matrix. In the application we assume that As,k,n ≡ As is state but not investor and

currency specific and that Bk,n ≡ B does also not depend on the individual investor or

the currency pair. Moreover, we restrict B to be diagonal. The innovation term εk,n
i is

given by

εk,n
i =

S
∑

s=1

ds,k,n
i εs,k,n

i ,

where

εs,k,n
i = −0.5772 − ln Θs,k,n

(

ts,k,n
i−1 , ts,k,n

i | F−

t
s,k,n
i

, λ
N̆(ts,k,n

i )+1

)

, (3.11)
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in which the integrated intensity is computed as

Θs,k,n
(

ts,k,n
i−1 , ts,k,n

i , | F−

t
s,k,n
i

λ
N̆(ts,k,n

i )+1

)

=

Hs,k,n(ts,k,n
i )−1
∑

h=Hs,k,n(ts,k,n
i−1 )

ť
s,k,n

h+1
∫

ť
s,k,n

h

θs,k,n
(

u
∣

∣

∣
F−

u , λN̆(u)+1

)

du. (3.12)

Note that the intensity is integrated between ts,k,n
i−1 and ts,k,n

i piecewise, where the pieces

are determined either by an arrival time ti, which includes the arrival times tk,n
i , or by an

arrival time t̃s,k,n
j . The innovation term in equation (3.11) is defined in that way, since

Θs,k,n
(

ts,k,n
i−1 , ts,k,n

i | F−

t
s,k,n
i

, λ
N̆(ts,k,n

i )+1

)

∼ i.i.d. Exp(1)

and hence ln Θs,k,n
(

ts,k,n
i−1 , ts,k,n

i | F−

t
s,k,n
i

, λ
N̆(ts,k,n

i )+1

)

follows an i.i.d. standard extreme value

type I distribution with mean −0.5772.

The survivor function F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F−

t
k,n
i

, λ
N̆(tk,n

i )+1

)

in equation (3.7) is given by

F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F−

t
k,n
i

, λ
N̆(tk,n

i )+1

)

= exp
(

−Θs,k,n
(

tk,n
i−1, t

k,n
i | F−

t
k,n
i

, λ
N̆(tk,n

i )+1

))

,

where the integrated intensity is obtained piecewise according to equation (3.12).

Latent Factor

We assume that the dynamics of the latent factor are defined on the time scale ti. This

means the latent factor changes whenever there is an action of an investor in some currency

pair. Since each intensity θs,k,n and each integrated intensity Θs,k,n depend on the current

value of the latent factor, we induce at every time t a contemporaneous correlation between

all intensities θs,k,n through the latent factor. The magnitude of this possibly investor,

currency pair or state dependent correlation is determined by the parameters δs,k,n. The

latent factor can therefore be interpreted as an unobservable time effect which affects the

decisions (open, close) of all investors at every time t by influencing the intensities of the

corresponding processes. We can justify the existence of such an unobservable time effect

in our model in several ways: i) (News) effects of news announcements, not modelled due

to data limitations, ii) (Order Flow) buy or sell pressure from the interbank market, which
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we do not observe directly since we consider an internet trading platform or iii) (Herding)

similar behavior of traders, due to similar interpretations of any kind of technical chart

patterns or further information.

In our model we assume that the latent factor follows, conditional on F−
ti
, a lognormal

distribution:

ln λi|F−
ti

i.i.d.∼ N(µi, 1)

where the dynamics is modelled through an AR(1) process

lnλi = a lnλi−1 + ǫi for i = 1, . . . , I,

with ǫi
i.i.d.∼ N(0, 1). Let li denote the log of the latent factor at ti:

li ≡ ln λi,

and let Li denote the history of the log latent factor up to and including ti:

Li = {lj}i
j=1.

With this specification, the (log) latent factor depends only on its own past, so we denote

its conditional distribution by p(li|Li−1). From equation (3.9) it follows that the influence

of the log latent factor on the s type intensity is given by δs,k,n ln λi, which we can denote

by λs,k,n
i . Then we have that

λs,k,n
i = aλs,k,n

i−1 + δs,k,nǫi for i = 1, . . . , I.

Therefore the variance of ǫi is set to unity, so that the conditional variance of λs,k,n
i is

equal to (δs,k,n)2, which eases the interpretation of the parameter.4

In the application we consider two model specifications – an unrestricted one, in which the

intrinsic intensity dynamic structure is both driven by the ACI dynamics and the latent

factor dynamics, and a restricted one, which only relies on the latent factor dynamics

but not on the ACI part (i.e. As = 0, B = 0), to check whether the dynamics can

4Note that this does not exclude the possibility that δs,k,n could be negative.
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solely explained by the latent factor. A detailed description of the estimation of the panel

intensity model is presented in Appendix 3.5.

3.3 Empirical Analysis

3.3.1 Data Description

We analyze an activity dataset of 2120 investors trading on the Internet trading platform

OANDA FXTrade for the period from 00:00:00 on 1st October 2003 until 23:59:59 on 31st

October 2003. The investors can trade in up to 30 currency pairs, including the most active

ones such as EUR/USD, GBP/USD, USD/CHF, EUR/JPY, USD/JPY, etc. Trades can

be initiated by market orders, limit orders, stop-loss or take-profit orders. Additionally,

a trader can cancel an order, modify an existing limit order or change the stop-loss or

take-profit limits. In our analysis we will only consider those actions which either lead to

opening a new position, changing an existing position, or closing a position. Those are

market orders, executed limit orders, or executed stop-loss and take-profit orders.

Since the traders on OANDA FXTrade are rather heterogeneous with respect to their

trading activity and volume, we classify them into 20 groups, each corresponding to 5% of

the cumulative distribution (vingintiles) of total trading volume (in USD) over the period.

Thus, the first group (the 0% - 5% bin) contains the traders with the smallest trading

volume, and the last group (the 95% - 100% bin) contains the traders with the largest

total trading volume. We require that each trader has at least 30 transactions and has

been active in at least three currency pairs during the month, resulting in 46 investors for

each group. From each group we choose 5 investors randomly for which we estimate the

model. Table 3.1 contains descriptive statistics for the traders in each group.
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1 2 3 4 5 6 7 8 9 10

Bin 0%- 5% - 10% - 15% - 20% - 25% - 30% - 35% - 40% - 45% - 50%

Real. P/L 0.67 3.13 -4.90 -26.67 -7.03 -5.47 -42.41 60.98 -90.94 96.33

Med. Tr. Vol. 22.57 85.43 378.70 489.46 188.38 783.92 1179.06 2736.42 3636.93 5045.84

Max. Tr. Vol. 154.08 413.41 2215.71 1211.17 3403.07 1996.05 5846.61 11.4T 8263.19 13.9T

Tot. Tr. Vol. 1828.44 9784.29 23.7T 39.4T 63.0T 92.1T 137.3T 187.8T 263.1T 361.1T

No. Tr. 72.00 298.40 64.00 100.80 672.00 134.80 213.20 442.60 249.60 195.60

No. op. 43.60 155.40 43.00 52.00 357.00 64.60 122.20 223.80 123.60 102.40

No. cl. 28.40 143.00 21.00 48.80 315.00 70.20 91.00 218.80 126.00 93.20

No. full cl. 14.60 44.80 13.60 33.60 41.00 43.60 37.80 43.60 73.00 72.60

11 12 13 14 15 16 17 18 19 20

Bin - 55% - 60% - 65% - 70% - 75% -80% - 85% - 90% - 95% - 100%

Real. P/L 179.01 -203.74 -16.67 -121.73 328.72 -441.72 -216.31 -2480.79 2151.06 -791.54

Med. Tr. Vol. 5267.89 4661.21 12.0T 8270.08 11.8T 8978.51 51.7T 37.0T 29.1T 91.5T

Max. Tr. Vol. 10.6T 18.3T 27.1T 25.4T 46.2T 54.2T 100.9T 148.8T 110.3T 265.4T

Tot. Tr. Vol. 457.5T 597.2T 785.3T 1.1M 1.5M 2.1M 3.0M 4.7M 9.1M 17.6M

No. Tr. 128.60 178.60 159.20 149.00 215.80 437.20 57.60 327.20 420.60 329.00

No. op. 63.80 90.20 87.20 82.20 109.20 246.00 28.20 174.80 230.40 163.60

No. cl. 64.80 88.40 72.00 66.80 106.60 191.20 29.40 152.40 190.20 165.40

No. full cl. 44.60 84.60 28.80 38.20 82.20 56.40 26.20 65.00 58.40 78.20

Table 3.1: Descriptive statistics for the 20 investor groups. All figures are averages over the 5
investors within each group. All currency values have been converted to USD. Real. P/L stands
for realized profit/loss, Tr. – for transaction, Vol. – for volume, op. – for open, cl. – for close, M
, Million and T , Thousand.

Although we observe that the magnitude of the realized profit or loss increases over the

groups, there is no evidence that bigger investors are more profitable than smaller ones.

There is no clear pattern in the frequency of trading among the investor groups, which

lies between 57.6 and 672 trades per investor per month for groups 17 and 5, respectively.

As a further descriptive tool for analyzing deterministic intradaily trading patterns, we

estimate a Nadaraya-Watson kernel regression separately for opening and closing trades.

To check if there are differences among traders located in different areas we separate

the traders into three groups: American traders with accounting currency USD or CAD,

European traders with with accounting currency EUR, CHF or GBP and Asian traders

with accounting currency JPY or AUD.
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Figure 3.2: Seasonality patterns of trader activity. Traders are assigned to each group according
to their accounting currency: USD and CAD – America, EUR, CHF and GBP – Europe, and JPY
and AUD – Asia. The x-axis denotes time of day in Eastern Standard Time. Each function is
estimated by Nadaraya-Watson kernel regression with 1440 nodes (24 hours × 60 minutes).

It is evident from the figure that the diurnal seasonality pattern is similar across traders

and transaction types (open or close). One general pattern emerges among all traders: a

pronounced peak in activity from 8:30 to 10:00 EST and a minor peak at around 3:00 –

4:00 EST, which corresponds to 8:00 – 9:00 GMT. The peak at 23:00 EST for the traders

with JPY or AUD as an accounting currency coincides with the after-lunch period in

Tokyo (13:00). This pronounced similarity in the seasonality among all traders led us to

use a common seasonality component in the intensity specification.

In addition to the activity data set from OANDA FXTrade we include in our analysis the

bid-ask spreads for each of the 30 currency pairs from the interbank market provided by

Olsen Financial Technologies.
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3.3.2 Estimation Results

In this section we report the estimation results of the panel intensity model and evaluate its

performance. A detailed discussion of the implications of the results in light of behavioral

finance and market microstructure theory is relegated to section 3.4. We estimate the

model separately for each of the 20 investor groups and consider two model specifications

– the fully specified version and the restricted version without ACI dynamics as described

in Section 3.2.2.

The estimation results for the fully specified model for all 20 investor groups are collected in

Appendix 3.5 in Tables 3.5 to 3.8. We have grouped the estimates into several categories:

baseline intensity, latent factor, seasonality, dynamics and covariates. The covariates

correspond to observable variables in the traders’ information sets, which can vary during

the inter-event durations. In our specification we include the percentage bid-ask spread on

the interbank market (γ·
spread), the current paper profit/loss in the currency pair (γ·

P/L 1),

the paper profit/loss in the portfolio of all positions (γ·
P/L pf) and volume (γ·

vol) into both

the opening and closing intensity sub-processes. The paper profit/loss is computed as the

potential profit or loss (denominated in USD) that would have been obtained, if the trader

had decided to close his position at the prevailing market rates at each point of time. The

portfolio paper profit/loss is the sum over the paper profit/losses of all open positions. The

volume variable is computed as the standardized excess cumulative transaction volume

and measures the relative exposure of the trader. Values larger than zero indicate that

the trader has currently a higher-than-normal exposure. The first three covariates vary

over the inter-event durations, while the volume variable does not and is only updated at

the open and close event times.

Altogether, the coefficients for the baseline intensity for all groups and all investors result

in a monotonically decreasing intensity, which implies that, ceteris paribus, the longer the

periods of no activity, the lower the instantaneous probability for an open or close trade.

The location parameters ωs
n determine the individual intercept from which on the baseline

intensity is monotonically decreasing. Across groups and investors, we do not observe any

systematic relationships in the sense that the baseline open intensity is higher than the

baseline close intensity or vice versa.

Although the shape of the seasonality pattern differs slightly across investor groups it

generally corresponds to the one resulting from the Nadaraya-Watson kernel regression

and we refrain from plotting it again. The weekend dummy is significantly negative for
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all groups which is in line with the lower trading activity during the weekends.

The parameters for the impact of the latent factor a, δo, and δc are jointly highly significant

for all 20 investor groups. Whereas the impact parameters δo are always greater and δc

are always smaller than than zero, the autoregressive parameter a shows no systematic

pattern regarding its sign. In absolute value a is always smaller than one, which ensures

a stationary AR(1) process for the latent factors. For groups with negative a the latent

factor might capture effects induced by alternating open and close trades, whereas for

groups with positive a the latent factor might instead capture a kind of habit persistence

or momentum in the open and close trading pattern. This interpretation has limited

significance, since the latent factor evolves over the pooled process of all investor and

currency specific open and close sub-processes, so that no clear implication for the trading

dynamics of the individual and even for the groups of investors can be derived. It should

be noted, however, that for a > 0 indicates a clustering of open and close transactions,

while a < 0 captures an alternating open-close pattern.

The autoregressive parameters As and B in the ACI specification vary considerably across

investor groups and additionally capture differences in trading patterns. In order to check

whether the specification of the dynamic structure contributes significantly to the model

fit, we conduct likelihood ratio tests, reported in Table 3.2. With the exception of group

14, all tests strongly suggest that the ACI part of the model is necessary for capturing the

dynamics of the trading process and that we should not rely solely on the latent factor

induced dynamics.

1 2 3 4 5 6 7 8 9 10

Obs. 317 1337 312 454 2768 657 1026 1959 1188 871

T-Stat 43.4607 41.8214 15.4502 20.9203 331.4957 50.7861 26.9222 200.6408 67.7635 35.4323

p-value 0.0000 0.0000 0.0170 0.0019 0.0000 0.0000 0.0001 0.0000 0.0000 0.0000

11 12 13 14 15 16 17 18 19 20

Obs. 623 855 741 709 1033 1957 279 1519 1914 1547

T-Stat 22.1290 23.4099 45.3640 8.0259 34.9774 76.1273 19.2398 130.9682 99.7194 74.6273

p-value 0.0011 0.0007 0.0000 0.2362 0.0000 0.0000 0.0038 0.0000 0.0000 0.0000

Table 3.2: Test statistics and p-values for the likelihood ratio test for the full model specification
against the restricted model specification without ACI dynamics. The test statistic is asymptoti-
cally χ2

6-distributed.

The goodness-of-fit of the models is evaluated by comparing properties of the “raw” inter-

event durations, to the model residuals. In an intensity-based framework, the integrated

intensities (see equation (3.12)) can be considered as generalized residuals which under

the correct model specification should be i.i.d exponentially distributed with mean 1.

The goodness-of-fit diagnostics, are given in Tables 3.3 and 3.4. While we still detect
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a slight over-dispersion of the residuals, which indicates some degree of misspecification,

also evident in the QQ-plots in Figures 3.3 and 3.4, the dynamic properties of the inter-

event durations are captured quite reasonably by the model. This is confirmed by the

Ljung-Box test and the Brock, Dechert & Scheinkman (1987) (BDS) test. We observe

that the Ljung-Box statistics of the generalized residual series decrease considerably in

comparison to those of the raw data series in the majority of cases. The same observation

also holds for the BDS test statistics, which not merely tests for uncorrelatedness but

for i.i.d.ness. Possibilities for improving the model fit are to consider alternative baseline

intensity functions, richer ACI specifications and additional latent factors with the aim

for allowing for a broader set of individual and currency-specific effects.
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1 2
open close open close

raw res raw res raw res raw res
mean 2629.40 0.95 6320.46 0.97 2056.35 0.98 2420.03 0.98
std 4381.64 1.22 7399.81 1.01 3247.73 1.22 3905.75 0.97
LB(20) 92.11 19.10 15.88 18.84 442.36 31.22 590.52 9.40
LB(50) 129.91 34.34 36.76 48.25 867.30 54.03 1048.62 42.30
BDS(m=2) 2.68 -1.70 0.93 0.03 2.12 0.43 1.24 -2.43
BDS(m=3) 3.42 -0.81 0.91 1.44 3.97 1.00 4.03 -2.17

3 4
open close open close

raw res raw res raw res raw res
mean 1394.30 0.97 7658.27 1.07 1257.58 1.06 1822.85 1.07
std 4662.74 1.05 10510.56 1.47 3039.02 1.37 3888.99 1.29
LB(20) 91.52 18.55 16.76 20.58 62.79 18.85 42.70 10.66
LB(50) 128.53 48.22 39.60 33.45 80.80 37.13 83.69 27.30
BDS(m=2) 3.97 -0.94 2.21 -1.56 0.97 0.20 2.47 0.27
BDS(m=3) 5.11 -0.84 2.75 -2.39 1.23 0.37 2.14 -0.33

5 6
open close open close

raw res raw res raw res raw res
mean 741.23 0.94 1035.98 1.17 1850.66 0.96 2307.27 0.97
std 2014.63 1.15 2804.00 2.12 4079.49 1.16 5268.42 1.18
LB(20) 367.85 21.01 620.39 75.31 341.78 21.59 235.04 9.34
LB(50) 579.04 73.40 901.83 102.72 391.36 46.01 299.24 31.60
BDS(m=2) 7.81 1.64 10.16 4.08 6.77 0.23 5.89 -0.76
BDS(m=3) 10.53 2.19 12.10 5.33 7.28 -0.06 6.36 -0.56

7 8
open close open close

raw res raw res raw res raw res
mean 796.68 1.03 2519.78 1.11 605.21 0.98 770.22 1.03
std 2536.52 1.09 6807.16 1.35 2529.03 1.19 2979.57 1.03
LB(20) 687.72 103.40 402.75 15.95 391.24 21.88 638.98 19.92
LB(50) 955.59 135.55 476.55 43.79 985.97 66.04 1346.57 33.95
BDS(m=2) 13.95 4.99 7.10 0.27 7.73 0.19 8.38 2.52
BDS(m=3) 16.23 4.56 9.32 0.68 8.78 0.06 10.37 3.03

9 10
open close open close

raw res raw res raw res raw res
mean 641.10 1.06 1041.92 1.13 1536.82 0.98 1863.95 1.00
std 2385.77 1.17 3915.00 1.32 3554.75 1.04 3471.58 1.12
LB(20) 162.73 24.28 828.35 11.01 44.01 26.37 127.99 19.94
LB(50) 187.10 65.05 837.81 45.22 63.31 46.47 151.44 58.24
BDS(m=2) 9.45 1.43 9.30 2.30 3.18 0.37 2.14 0.58
BDS(m=3) 8.89 0.83 9.32 2.25 3.06 1.18 2.20 0.49

Table 3.3: Diagnostics for the raw and the residual series of the open and close sub-processes
for investor groups 1 to 10. The series are pooled over currency pairs and investors. LB ,

Ljung-Box test statistic, BDS(m=embedding dimension) , Brock-Dechert-Scheinkman test
statistic ∼ N(0, 1).
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11 12
open close open close

raw res raw res raw res raw res
mean 1709.38 0.98 2616.93 1.09 1737.49 1.04 2157.97 1.12
std 3711.85 1.19 5746.79 1.08 4024.39 1.11 4963.25 1.37
LB(20) 81.17 31.59 163.06 24.20 231.36 52.72 368.12 16.89
LB(50) 90.77 69.42 194.31 63.05 354.49 72.19 591.32 35.37
BDS(m=2) 3.73 -0.93 6.52 0.33 5.77 4.10 4.63 2.27
BDS(m=3) 3.61 -0.28 7.51 0.49 5.77 4.71 5.97 1.82

13 14
open close open close

raw res raw res raw res raw res
mean 1080.27 1.11 1537.19 1.14 794.66 1.05 1336.43 1.08
std 2694.14 1.14 3567.52 1.23 2114.05 1.14 3539.18 1.52
LB(20) 542.39 10.73 221.85 23.16 191.67 30.45 32.27 22.59
LB(50) 747.79 26.58 339.38 52.58 339.18 57.76 64.20 72.50
BDS(m=2) 5.65 0.85 0.66 -0.41 3.58 3.41 3.22 0.91
BDS(m=3) 10.00 1.44 5.10 -0.49 4.22 4.01 3.79 1.38

15 16
open close open close

raw res raw res raw res raw res
mean 1075.93 1.02 1597.24 1.01 501.69 1.04 790.89 1.06
std 2682.35 1.13 3794.64 1.10 2115.62 1.15 3040.68 1.17
LB(20) 80.11 15.43 85.67 37.45 236.13 35.85 126.77 58.41
LB(50) 133.46 52.52 119.72 63.65 320.68 66.90 178.71 84.33
BDS(m=2) 3.49 0.69 2.42 -0.23 7.92 1.47 3.19 1.27
BDS(m=3) 3.66 2.05 4.68 -0.56 8.09 1.94 4.54 2.50

17 18
open close open close

raw res raw res raw res raw res
mean 2165.60 1.02 2997.55 0.98 777.78 0.98 1105.71 1.06
std 3578.10 0.95 5369.43 0.96 2264.26 1.06 3069.38 1.08
LB(20) 25.37 24.31 34.30 17.33 55.47 11.80 79.60 18.74
LB(50) 59.71 48.71 77.14 49.56 152.28 41.74 105.83 30.18
BDS(m=2) -1.00 -1.69 -1.44 0.66 5.89 0.94 5.70 -1.10
BDS(m=3) -1.42 -1.59 -1.61 1.08 6.65 1.56 5.37 -0.47

19 20
open close open close

raw res raw res raw res raw res
mean 763.44 1.01 1124.73 1.02 569.28 1.05 793.05 1.13
std 1965.08 1.24 2857.06 1.16 1612.93 1.32 2604.09 1.29
LB(20) 406.87 45.67 209.81 17.08 147.45 20.33 126.48 30.26
LB(50) 553.00 64.93 323.15 51.71 336.84 39.80 161.56 57.65
BDS(m=2) 9.54 2.19 9.39 1.40 1.52 1.57 4.39 0.63
BDS(m=3) 10.62 2.61 10.72 1.17 3.06 1.46 6.94 1.99

Table 3.4: Diagnostics for the raw and the residual series of the open and close sub-processes
for investor groups 11 to 20. The series are pooled over currency pairs and investors. LB ,

Ljung-Box test statistic, BDS(m=embedding dimension) , Brock-Dechert-Scheinkman test
statistic ∼ N(0, 1).
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Figure 3.3: Quantile-Quantile plots of open sub-process residual series against the unit exponential
distribution. The plots correspond from the upper left panel to the lower right one to investor
groups 1 to 20.
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Figure 3.4: Quantile-Quantile plots of close sub-process residual series against the unit exponential
distribution. The plots correspond from the upper left panel to the lower right one to investor
groups 1 to 20.

3.4 Behavioral Finance and Market Microstructure

In this section we discuss the estimation results stated in Appendix 3.5 in Tables 3.5 to

3.8 for all 20 investor groups in light of market microstructure and behavioral finance
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theories. Overall, the obtained results related to the interpretation of the explanatory

variables – spread, single position profit/loss, portfolio profit/loss and volume – are very

robust to the choice of full or restricted model specification which underpins the validity

of the derived effects.

The proposed panel intensity model allows us to view the disposition effect and investors’

overconfidence from a broader perspective than in the literature cited in the Introduction

by focusing on the individual trader micro-level and considering the timing of trading

decisions as central to the analysis. After all, the disposition effect is explicitly defined as

a time effect, for the analysis of which our framework is perfectly suited. Main advantages

of the model are its ability to include observable individual heterogeneity through indi-

vidual fixed effects and time-varying covariates describing the investors’ information set

as well as to account for unobservable time-varying effects through the latent factor. In

our framework, investor overconfidence is modelled alongside the disposition effect while

controlling for market liquidity, which allows us to disentangle the impacts of these behav-

ioral biases on individual trading patterns. Furthermore, we analyze to which degree the

portfolio profit/loss affects trading decisions in the separate currency pairs and amplifies

or dampens the security-specific disposition effects. The partitioning of the population of

investors into groups enables us to analyze the differences in the degree to which certain

groups are prone to behavioral biases.

We follow the literature in measuring overconfidence by standardized excess cumulative

trading volume. Although excess volume might not be the perfect measure of overconfi-

dence, we consider it to be a rather good proxy, which is motivated by the overwhelming

theoretical and empirical evidence cited above. Thus, we interpret trading volume in

excess of the standardized average as a sign of investor overconfidence. We include the

percentage bid-ask spread as a control variable for capturing the impact of market liq-

uidity or uncertainty, which might otherwise be solely reflected in the trading volume.

The disposition effect is directly analyzed by means of the paper profit/loss in the single

position.

In Figure 3.5 we plot the parameters for the percentage bid-ask spread, the single position

paper profit/loss, the portfolio paper profit/loss and the standardized excess cumulative

trading volume for the both open and close intensity sub-processes and across the 20

investor groups, ordered on the x-axis. The solid dots represent the estimated coefficients

(with the corresponding 95% confidence intervals). The solid line is the OLS regression
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fit through the estimated coefficients.

Open Close

position profit-loss

portfolio profit-loss

standardized excess volume

percentage bid-ask spread

Figure 3.5: Parameter estimates for the single position paper profit/loss, the portfolio paper
profit/loss, the standardized excess cumulative transaction volume and the percentage bid-ask
spread for both open and close intensity sub-processes across the 20 investor groups, ordered on
the x-axis. The solid dot represents the estimated coefficient and the bars represent the 95%
confidence bounds. The solid line is the OLS regression fit through the estimated coefficients.

We first focus on the upper-row panel illustrating the impact of the paper profit/loss in
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the single position (γ·
P/L 1) on the open and close intensities. In general, we observe that

the coefficients on the opening intensity are negative, while those for the closing intensity

are positive. Moreover, while there is no trend for the open sub-process, the impact of

the variable on the closing intensity is decreasing, the larger the investors in the group.

A positive sign of the coefficient for the closing intensity implies that the higher the

profit (loss), the higher (lower) the intensity to close the position. Thus, we find strong

evidence for the presence of a disposition effect for small investors which diminishes as

investors become larger. This is in line with the findings of Shapira & Venezia (2001),

Dhar & Zhu (2006), Goetzmann & Massa (2004) and Chen et al. (2007) stated above. The

coefficient for the open intensity cannot be interpreted in light of the narrow definition

of the disposition effect, which only considers the relative propensity to realize profits

compared to losses, restricting the analysis to closing events. The prospect theory of

Kahneman & Tversky (1979) is a more general concept, which describes an investor as

being risk averse when winning, and risk seeking when losing. This implies that an investor

would be less willing to increase his exposure as his position becomes more profitable. The

negative coefficients for the open intensity are perfectly consistent with such behavior, and

hence allow for a more general interpretation of the disposition effect.

The second-row panel depicts the influence of the paper profit/loss in the portfolio of

positions (γ·
P/L pf) on both intensities. This variable can be considered as a complemen-

tary decision factor, which sheds new light on traders’ behavior and the disposition effect.

While the impact on the open intensity is ambiguous and often insignificant, the larger

investors are significantly influenced by the success of their total portfolio in their decision

to close positions. We find that these investors tend to close each of their positions faster

when their portfolio is generating profits which indicates that these more sophisticated in-

vestors employ a broader portfolio investment strategy. Contrary to this, smaller investors

seem to be narrow framed and oblivious to the dependencies between their positions in

the portfolio. This effect cannot be attributed to smaller investors holding only a single

position, as the groups have been selected so that all traders are invested in at least three

currency pairs. From a different perspective, these findings can be interpreted as a higher

level of disposition effect to which larger investors are more susceptible.

The plots in the third-row panel present strong evidence in support of the presence of

overconfident behavior. We observe very clearly that standardized excess trading volume

(γ·
vol) has a positive influence on the further open intensity and a negative impact on the
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closing intensity. This pattern is very robust over all 20 investor groups and perfectly in

line with the presumption that overconfidence generates more trading activity. The results

imply that overconfidence not only leads to more trading, but also to longer holding peri-

ods, since the open intensity increases while the closing intensity decreases, thus implying

a systematic increase in the exposure to currency risk. We consider this an interesting

finding, which can only be verified in a model framework in which time plays a central

role. Such risk-taking behavior can be interpreted as a facet of the concept of illusion of

self-control (c.f. Langer (1975), Barber & Odean (2001b)) or as existence of an anchoring

effect (c.f. Slovic & Lichtenstein (1971), Kahneman (1992)).

From a more general perspective, we observe that overconfidence implies clusters of high

risk exposures on the individual trader level. This opens avenues for further research on

the relationship between trading behavior on the micro-level and market-wide phenomena,

such as volatility clustering, pervasive in all financial markets.

Concerning the last-row panel of the figure, the spread coefficients (γ·
spread) are largely

insignificant, and the only conclusion we draw is that the largest four investor groups

exhibit a negative predisposition to close positions when spreads are wide.

Overall our results are consistent with the theoretical and empirical findings for the dis-

position effect and overconfidence as well as the discrimination of these effects across

different groups of investors. The novelty of the proposed modeling framework is that it

highlights the importance of the time dimension, the separate open and close intensity

processes and individual heterogeneity and allows for a joint analysis of complex individual

trading strategies in light of behavioral finance theories. The proposed approach delivers

new insights into the study of behavioral biases, by allowing us to adopt a more general

interpretation of the prospect theory. The inclusion of the portfolio profit/loss opens new

avenues for the investigation and interpretation of the disposition effect and the analysis

of trading patterns.
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3.5 Conclusion

In this paper we propose an econometric model for the analysis of complex trading ac-

tivity datasets within an intensity based framework. Such datasets contain very detailed

information about the trading history of single traders, and provide deeper insights into

the market microstructure and investors’ trading behavior beyond those to be gleaned

from the informational content of typical high-frequency datasets. From an econometric

point of view, analyzing activity datasets is rather challenging, due to their multidimen-

sional panel structure spanning time, types of trading activity, securities and investors,

and irregularly spaced observations. The model developed in the paper, is suitable for

coping with this data structure.

An attractive feature of the intensity-based framework is its flexibility in terms of capturing

the impact of observable time-varying covariates on the underlying processes. Since not

all information can be observed, however, we include a latent factor in the model which is

responsible for capturing hidden correlation structures. We estimate the panel intensity

model adopting the efficient importance sampling algorithm of Richard & Zhang (2007).

The model is applied to a trading activity dataset from OANDA FXTrade in order to

analyze the trading behavior of different groups of investors, categorized according to

their investment turnover. The beauty of the methodology is that time plays the central

role, which allows us to draw immediate conclusions with respect to behavioral biases

influencing the timing of investment decisions, such as the disposition effect. We find

that the standard disposition effect is complemented by the impact of the total portfolio

performance on the length of investment periods. The joint modelling of the processes

leading to opening and closing of financial positions allows for a broader interpretation

of the disposition effect in light of the prospect theory of Kahneman & Tversky (1979).

Apart from new insights into the disposition effect, the model delivers detailed insights

into investors’ overconfidence, which we find leads to clustering of trades and to longer

holding periods.

The obtained results are very robust to the model parametrization and the quality of

the fit is reasonable. The suggested model, however, can be extended in several ways:

inclusion of individual and/or currency specific effects in further components of the in-

tensity specification, a richer ACI dynamics specification, more flexible baseline intensity

parameterizations and further specifications of the dynamics of the latent factor process.

Furthermore, the model can be extended to account for the different order types used to
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open or close positions.
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Appendix A

We consider the explicit form and the estimation of the parameters in the likelihood

function. Let W denote the set of data matrices W k,n for each currency pair k = 1, . . . , K

and investor n = 1, . . . , N where the ith row of W k,n, wk,n
i , consists of the following data:

wk,n
i = (tk,n

i , d1,k,n
i , . . . , dS,k,n

i ), with i = 1, . . . , Ik,n.

With W k,n
i we denote the history of wk,n

i up to and including tk,n
i , i.e.:

W k,n
i = {wk,n

j }i
j=1.

Furthermore, let Z̆k,n
i for k = 1, . . . , K and n = 1, . . . , N denote the set consisting of the

following time-varying covariate data:

Z̆k,n
i =

{

{z1,k,n
j |j = 1, . . . , M̆1,k,n(tk,n

i )}, . . . , {zS,k,n
j |j = 1, . . . , M̆S,k,n(tk,n

i )}
}

.

Recall that the likelihood function of our model is given by

L(W ; θ) =

∫

RI

N
∏

n=1

K
∏

k=1

Ik,n
∏

i=1

S
∏

s=1

F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F−

t
k,n
i

, λ
N̆(tk,n

i )+1

)

(

θs,k,n
(

tk,n
i

∣

∣

∣
F
−

t
k,n
i

, λ
N̆(tk,n

i )+1

))d
s,k,n
i

ρ(λ
N̆(tk,n

i )+1|F
−

t
k,n
i

)dΛ

=

∫

R+I

N
∏

n=1

K
∏

k=1

Ik,n
∏

i=1

S
∏

s=1

F̄ s,k,n
(

tk,n
i−1, t

k,n
i

∣

∣

∣
F−

t
k,n
i

, exp(l
N(tk,n

i ))
)

(

θs,k,n
(

tk,n
i

∣

∣

∣
F−

t
k,n
i

, exp(l
N(tk,n

i ))
))d

s,k,n
i

p(l
N(tk,n

i )|LN(tk,n
i )−1)dL

=

∫

R+I

I
∏

i=1

∏

Ci

S
∏

s=1

F̄ s,k,n
(

tk,n

Nk,n(ti)−1
, tk,n

Nk,n(ti)

∣

∣

∣
F−

ti
, li

)

(

θs,k,n
(

tk,n

Nk,n(ti)

∣

∣

∣
F−

ti
, li

))d
s,k,n

Nk,n(ti)
1√
2π

exp

(

−(li − µi)
2

2

)

dL.

where L = ln Λ and the second equality follows from a change of the variable λ to l. Using
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the datasets defined above, the likelihood function can be rewritten as

L(W ; θ) =

∫

R+I

I
∏

i=1

∏

Ci

gk,n
(

wk,n

Nk,n(ti)
|W k,n

Nk,n(ti)−1
, Li, Z̆

k,n

Nk,n(ti)

)

p(li|Li−1)dL

=

∫

R+I

I
∏

i=1

∏

Ci

ϕk,n
(

wk,n

Nk,n(ti)
, li|W k,n

Nk,n(ti)−1
, Li−1, Z̆

k,n

Nk,n(ti)

)

dL, (3.13)

where gk,n denotes the product of the survivor and the intensity functions, p the density of

the conditional normal distribution and ϕk,n the resulting corresponding joint conditional

density. Since this likelihood involves the computation of an I-dimensional integral, we

employ the Efficient Importance Sampling (EIS) technique of Liesenfeld & Richard (2003),

which has been used for estimating stochastic conditional intensity models by Bauwens

& Hautsch (2006). The EIS technique is based on simulation of the likelihood function

(3.13) which can be rewritten as

L(W ; θ) =

∫

R+I

I
∏

i=1

∏

Ci

ϕk,n
(

wk,n

Nk,n(ti)
, li|W k,n

Nk,n(ti)−1
, Li−1, Z̆

k,n

Nk,n(ti)

)

m(li|Li−1, φi)

I
∏

i=1

∏

Ci

m(li|Li−1, φi)dL,

where m(li|Li−1, φi) is a sequence of auxiliary importance samplers which are used to draw

a trajectory of the latent factor, given some additional parameters φi of the sampler. The

estimation then proceeds by generating R trajectories of the latent factor and averaging

over the draws

LR(W ; θ) =
1

R

R
∑

r=1

∏I
i=1

∏

Ci
ϕk,n

(

wk,n

Nk,n(ti)
, l

(r)
i |W k,n

Nk,n(ti)−1
, L

(r)
i−1, Z̆

k,n

Nk,n(ti)

)

∏I
i=1

∏

Ci
m(l

(r)
i |L(r)

i−1, φi)
, (3.14)

where the bracketed superscript r indicates the values of the corresponding variable or set

for the r-th repetition. The idea of the EIS approach is to find the values of the parameters

φi for i = 1, . . . , I such that the sampling variance of LR(W ; θ) is minimized. For ease of

illustration denote the numerator in equation (3.14) by ϕ(W, L(r)|θ) = g(W |L(r), θ)p(L(r)),

where the generic parameter vector θ appears now, and the denominator by m(L(r)|φ).

A more elaborate presentation can be found in Richard & Zhang (2007). The sampling
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variance of LR(W ; θ) is given by

V (LR(W ; θ)) =
L(W ; θ)

R

1

L(W ; θ)
V

(

ϕ(W, L(r)|θ)
m(L(r)|φ)

)

=
L(W ; θ)

R

1

L(W ; θ)

∫

R+I

(

ϕ(W, L|θ)
m(L|φ)

−L(W ; θ)

)2

m(L|φ)dL (3.15)

If we are able to choose φ such that m(L|φ) = ϕ(W,L|θ)
L(W ;θ)

the sampling variance would be

zero. Since this case is very unrealistic the aim is to find φ such that m(L|φ) is very close

to ϕ(W, L|θ) under the restriction that m(L|φ) is analytically integrable. Furthermore

m(L|φ) can be decomposed into

m(L|φ) =
k(L, φ)

χ(φ)
(3.16)

where k(L, φ) and χ(φ) =
∫

R+I k(L, φ)dL can either be interpreted as joint and marginal

density or as kernel and integration constant. Defining d(L; ϕ, θ) as

d(L; φ, θ) = ln

(

ϕ(W, L|θ)
L(W ; θ)m(L|φ)

)

(3.17)

= ln(ϕ(W, L|θ)) − ln(L(W ; θ)) − ln(m(L, φ)) (3.18)

= ln(ϕ(W, L|θ)) − ln(L(W ; θ)) + ln(χ(φ)) − ln(k(L, φ)) (3.19)

and defining h(x) as

h(x) = exp(
√

x) + exp(−
√

x) − 2 (3.20)

allows to rewrite equation (3.15) as

V (LR(W ; θ)) =
L(W ; θ)

R

∫

R+I

h
(

d(L; φ, θ)2
)

ϕ(W, L|θ)dL. (3.21)

This equation defines a nonlinear Generalized Least Squares problem in φ, since h is

monotone and convex on R
+. The power series representation of h is given by

h(x) =
∞
∑

i=1

xi

(2i)!
. (3.22)

Using the series expansion of order one for h, which is h(x) = x equation (3.21) simplifies
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to

V (LR(W ; θ)) =
L(W ; θ)

R

∫

R+I

d(L; φ, θ)2ϕ(W, L|θ)dL, (3.23)

and the minimization problem becomes

φ̂(θ) = argmin
φ

∫

R+I

d(L; φ, θ)2ϕ(W, L|θ)dL

= argmin
φ

∫

R+I

d(L; φ, θ)2g(W |L, θ)p(L)dL (3.24)

The integral in equation (3.24) is computed by its Monte Carlo proxy given by

1

R

R
∑

r=1

d(L(r); φ, θ)2g(W |L(r), θ)

where L(r) denote trajectories of length I sampled from the initial sampler p and φ̂(θ)

is determined based on this approximation. Since the L(r) generate a high variance of

g Richard & Zhang (2007) propose to drop the weight function g from the equation

and compute φ̂(θ) on the basis of the unweighted problem. Therefore the minimization

problem is given by

φ̂(θ) = argmin
φ

R
∑

r=1

d(L(r); φ, θ)2. (3.25)

Writing d(L(r); φ, θ) explicitly yields

d(L(r); φ, θ)

= ln





∏I
i=1

∏

Ci
ϕk,n

(

wk,n

Nk,n(ti)
, l

(r)
i |W k,n

Nk,n(ti)−1
, L

(r)
i−1, Z̆

k,n

Nk,n(ti)

)

∏I

i=1

∏

Ci
m(l

(r)
i |L(r)

i−1, φi)



− ln (L(W ; θ)) (3.26)

Substituting

m(l
(r)
i |L(r)

i−1, φi) =
k(L

(r)
i , φi)

χ(φi, L
(r)
i−1)

(3.27)
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yields

d(L(r); φ, θ) = ln

(

I
∏

i=1

∏

Ci

ϕk,n
(

wk,n

Nk,n(ti)
, l

(r)
i |W k,n

Nk,n(ti)−1
, L

(r)
i−1, Z̆

k,n

Nk,n(ti)

)

χ
(

φi, L
(r)
i−1

)

)

− ln

(

I
∏

i=1

∏

Ci

k(L
(r)
i , φi)

)

− ln (L(W ; θ))

= ln

(

I
∏

i=1

∏

Ci

ϕk,n
(

wk,n

Nk,n(ti)
, l

(r)
i |W k,n

Nk,n(ti)−1
, L

(r)
i−1, Z̆

k,n

Nk,n(ti)

)

χ
(

φi+1, L
(r)
i

)

)

− ln

(

I
∏

i=1

∏

Ci

k(L
(r)
i , φi)

)

− ln (L(W ; θ)) + ln
(

χ
(

φ1, L
(r)
0

))

where χ
(

φI+1, L
(r)
I

)

≡ 1. The thereto related minimization problem (3.25) can now be

solved sequentially using a backward recursion from I → 1 which yields φ = {φi|i =

I, . . . , 1}. The sequential problem consists then at each i = 1, . . . , I of approximating

ln

(

∏

Ci

ϕk,n
(

wk,n

Nk,n(ti)
, l

(r)
i |W k,n

Nk,n(ti)−1
, L

(r)
i−1, Z̆

k,n

Nk,n(ti)

)

χ
(

φi+1, L
(r)
i

)

)

by

ln
(

k
(

L
(r)
i , φi

))

.

Thus φ̂i(θ) is obtained through

φ̂i(θ) = argmin
φi

R
∑

r=1

(

ln

(

∏

Ci

ϕk,n
(

wk,n

Nk,n(ti)
, l

(r)
i |W k,n

Nk,n(ti)−1
, L

(r)
i−1, Z̆

k,n

Nk,n(ti)

)

χ
(

φi+1, L
(r)
i

)

)

− φ0,i − ln
(

k
(

L
(r)
i , φi

))

)2

(3.28)

The additional coefficients φ0,i are scalars which capture corresponding components of

ln (L(W ; θ)), which are still unobservable. As Liesenfeld & Richard (2003) note, a sensible

choice for the class of kernels for the auxiliary samplers m is a parametric extension to

the direct samplers p given by

k (Li, φi) = p(li|Li−1)ζ (li, φi) ,
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where ζ is itself a Gaussian density kernel given by

ζ (li, φi) = exp
(

φ1,ili + φ2,il
2
i

)

.

Since a product of normal kernels is a normal kernel as well, we obtain for k (Li, φi)

k(Li, φi) ∝ exp

(

(φ1,i + µi)li +

(

φ2,i −
1

2

)

l2i −
1

2
µ2

i

)

= exp

(

− 1

2π2
i

(li − κi)
2

)

exp

(

κ2
i

2π2
i

− 1

2
µ2

i

)

,

where

π2
i = (1 − 2φ2,i)

−1, and (3.29)

κi = (φ1,i + µi)π
2
i . (3.30)

It follows that

χ(φi, Li−1, ) = exp

(

κ2
i

2π2
i

− µ2
i

2

)

. (3.31)

Under this choice of kernels class, p(li|Li−1) cancels out in the minimization problem

(3.28), which can then be rewritten as

φ̂i(θ) = argmin
φi

R
∑

r=1

(

ln

(

∏

Ci

gk,n
(

wk,n

Nk,n(ti)
|W k,n

Nk,n(ti)−1
, L

(r)
i , Z̆k,n

Nk,n(ti)

)

χ
(

φi+1, L
(r)
i

)

)

− φ0,i − ln
(

ζ
(

l
(r)
i , φi

))

)2

. (3.32)

The implementation of the sequential ML-EIS approach can be summarized in the follow-

ing steps:

Step 1. Draw R trajectories {l(r)i }I
i=1 from {N(µi, 1)}I

i=1.

Step 2. For each i with i : I → 1 solve the R-dimensional OLS problem in (3.32).

Step 3. Calculate the sequences {π2
i }I

i=1 and {κi}I
i=1 from equations (3.29) and (3.30)

and draw R trajectories of {l(r)i }I
i=1 from {N(κi, π

2
i )}I

i=1 to compute the likelihood function

given in (3.14).
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Appendix B

1 2 3 4 5

Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Baseline Intensity

ωo
1 -2.6633 0.6782 -5.0502 0.4103 -1.6500 0.5900 -3.9203 0.3627 -4.6326 0.2674

ωo
2 -3.2603 0.7428 -5.4555 0.2853 -3.0372 0.6741 -4.2934 0.4098 -3.6855 0.1724

ωo
3 -2.0395 1.0746 -4.7519 0.2309 -2.8977 0.6525 -3.5142 0.3983 -4.5809 0.3269

ωo
4 -3.0370 0.5931 -5.3627 0.2988 -3.3873 0.6331 -3.5571 0.3357 -4.0464 0.3276

ωo
5 -2.2257 0.5681 -5.9730 0.3234 -3.6449 0.7364 -3.7037 0.3316 -5.0845 0.2294

αo
o 0.5863 0.1697 1.2126 0.0332 0.3999 0.0351 0.8096 0.0587 0.5924 0.0134

αo
c 0.7024 0.1260 0.3852 0.0242 0.8735 0.0338 0.5157 0.0508 0.9279 0.0214

ωc
1 -5.3149 0.9985 -6.1581 0.3770 -3.5935 0.6353 -4.4063 0.4158 -4.9076 0.2160

ωc
2 -5.7515 1.3383 -5.9465 0.2886 -2.8906 0.6674 -6.6973 0.5649 -3.8529 0.1726

ωc
3 -4.9150 1.2609 -5.4841 0.2419 -4.6881 0.7313 -5.6393 0.4982 -4.5963 0.2719

ωc
4 -5.3957 1.0737 -4.2814 0.3205 -3.9815 0.6458 -5.1666 0.3964 -4.4841 0.3092

ωc
5 -5.4449 0.7298 -4.1507 0.3399 -4.3829 0.6809 -4.5682 0.3983 -3.8471 0.3283

αc
o 1.0907 0.1381 0.7731 0.0346 0.7767 0.0519 0.7896 0.0497 0.8759 0.0179

αc
c 0.5708 0.2770 0.9107 0.0329 0.6832 0.0421 0.8960 0.0487 0.6877 0.0151

Latent Factor

a -0.7643 0.0963 0.7094 0.1507 0.7624 0.0320 0.1222 0.1549 0.4999 0.3713

δo 0.4255 0.1175 0.2296 0.0759 0.4845 0.0607 0.6689 0.0676 0.2303 0.1079

δc -0.0365 0.1507 -0.2410 0.0701 -0.5496 0.0538 -0.6760 0.0856 -0.2300 0.1002

Dynamics

Ao
o 0.1968 0.6946 -0.0034 0.0126 0.0945 0.0356 -0.0591 0.0667 0.0652 0.0355

Ao
c -0.0328 0.2363 0.0326 0.0086 0.0161 0.0670 0.0563 0.0603 0.0432 0.0235

Ac
o -0.3294 0.2660 0.0326 0.0167 -0.0705 0.0492 0.1441 0.0432 0.0039 0.0102

Ac
c 0.2809 0.2530 -0.0054 0.0078 -0.1060 0.0727 -0.0504 0.0804 0.0178 0.0125

Bo,o -0.0400 4.2408 -0.9747 0.0412 -0.8981 0.0635 0.7643 0.1045 0.9902 0.0093

Bc,c -0.6114 0.2122 0.9895 0.0054 0.9307 0.1366 -0.7377 0.1419 0.9916 0.0081

Seasonality

ν0 -0.6024 1.0036 -0.1919 0.2133 -0.5526 0.9478 0.6119 0.4191 0.3207 0.1601

ν1 0.0219 0.2620 -0.0525 0.0458 -0.3117 0.1169 0.1791 0.0893 -0.2102 0.0291

ν2 -0.5402 0.1651 0.0800 0.0426 0.0201 0.1257 0.4308 0.0934 0.2080 0.0297

ν3 0.3799 0.3008 0.2443 0.0845 -0.0135 0.3143 1.1213 0.1847 0.6504 0.0668

ν4 -0.0611 0.2580 -0.4368 0.0571 0.1262 0.1424 -0.1828 0.1043 -0.0169 0.0419

̟ -3.1059 0.6129 -1.8289 0.1784 -1.8249 0.4590 -2.9419 0.4700 -2.3042 0.1478

Covariates

γo
spread -0.0231 0.2690 -0.0154 0.0335 -0.1971 0.0923 -0.0964 0.0753 -0.0018 0.0246

γo
P/L 1

-0.1053 0.0302 -0.0514 0.0794 -0.0583 0.0263 -0.0870 0.0130 -0.0285 0.0072

γo
P/L pf

0.1239 0.1559 -0.0104 0.0470 -0.0191 0.0737 -0.2095 0.0675 0.1230 0.0348

γo
vol 0.4465 0.3193 0.3178 0.0530 0.7475 0.0835 0.4974 0.1205 0.0554 0.0545

γc
spread -0.0479 0.1063 -0.0654 0.0401 0.2483 0.0622 0.1529 0.1019 -0.0185 0.0264

γc
P/L 1

0.2228 0.0502 0.1547 0.0143 0.1199 0.0115 0.0571 0.0266 0.0674 0.0537

γc
P/L pf

0.1674 0.1290 -0.2232 0.0392 -0.0015 0.0459 -0.3569 0.0669 0.0177 0.0418

γc
vol -0.7083 0.2390 -0.3785 0.0567 -0.9939 0.1037 -0.5751 0.1333 -0.6671 0.0985

Table 3.5: Estimation results for investor groups 1 to 5. The γ·
· coefficients on the covariates should

be interpreted as follows: superscript “o” for opening intensity, superscript “c” for closing intensity.
The subscripts stand for the corresponding variable, where “spread” is the bid-ask spread in the
interbank market, “P/L 1” is the paper profit/loss in the corresponding currency pair, “P/L pf”
is the paper profit/loss in the total portfolio and “vol” is the standardized excess trading volume.
All other coefficients are detailed in the main text. Quasi-maximum likelihood standard errors
reported.
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6 7 8 9 10

Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Baseline Intensity

ωo
1 -3.0932 0.3746 -1.9801 0.2731 -4.3284 0.6296 -3.6903 0.3524 -3.3785 0.3423

ωo
2 -4.5164 0.3934 -2.2491 0.2495 -3.8289 0.3123 -3.1156 0.2472 -3.2997 0.2538

ωo
3 -5.1255 0.4447 -1.0192 0.1889 -4.8253 0.5071 -3.6614 0.3877 -3.0053 0.4792

ωo
4 -4.4608 0.4561 -1.9696 0.2829 -4.0912 0.7361 -4.2451 0.3105 -3.2362 0.2940

ωo
5 -4.1092 0.3779 -2.0698 0.2853 -3.1392 0.3136 -2.1968 0.2014 -3.4244 0.3463

αo
o 0.7364 0.0446 0.5305 0.0191 0.7369 0.0248 0.7262 0.0280 0.7537 0.0536

αo
c 0.5693 0.0424 0.6607 0.0223 0.6675 0.0297 0.6463 0.0289 0.5966 0.0495

ωc
1 -2.8708 0.3367 -2.9229 0.4080 -3.3193 0.4948 -4.5212 0.5419 -5.0343 0.5195

ωc
2 -3.8781 0.4174 -3.0175 0.3659 -3.3721 0.2611 -2.7795 0.2989 -3.2953 0.2966

ωc
3 -3.4856 0.5415 -1.7261 0.2014 -3.4922 0.5071 -3.9759 0.5205 -2.2459 0.5061

ωc
4 -3.1275 0.4213 -3.8689 0.3985 -2.6373 0.5321 -3.2953 0.4217 -4.7446 0.4176

ωc
5 -2.8026 0.4042 -4.7094 0.4366 -3.0570 0.4186 -2.3924 0.2492 -4.7912 0.4998

αc
o 0.7180 0.0392 0.7408 0.0338 0.6998 0.0452 0.8592 0.0345 0.7240 0.0345

αc
c 0.7165 0.0421 0.7726 0.0343 0.7270 0.0374 0.6762 0.0325 0.8256 0.0349

Latent Factor

a 0.9604 0.0249 0.5624 0.1654 -0.0700 0.1542 -0.0962 0.0832 0.5078 0.2016

δo 0.1839 0.0942 0.4124 0.0931 0.5080 0.0401 0.7206 0.0454 0.2942 0.0830

δc -0.2777 0.0946 -0.6295 0.0983 -0.5523 0.0406 -0.7166 0.0487 -0.3819 0.1032

Dynamics

Ao
o 0.2166 0.0810 0.0510 0.0684 0.0800 0.0797 -0.0650 0.0402 0.2772 0.0860

Ao
c -0.0932 0.0745 0.2499 0.0988 0.0466 0.0759 -0.0459 0.0377 0.0873 0.0887

Ac
o 0.2396 0.0528 0.0678 0.0589 0.0364 0.0335 -0.0602 0.0383 0.0150 0.0398

Ac
c 0.1635 0.1065 -0.2601 0.1073 0.0442 0.1038 0.1341 0.0345 0.0467 0.0447

Bo,o 0.6935 0.0552 0.2003 0.4397 0.9929 0.0258 -0.8201 0.1008 -0.0703 0.2058

Bc,c -0.5559 0.2894 -0.0682 0.4732 0.9947 0.0329 0.9227 0.0302 0.9203 0.1895

Seasonality

ν0 0.6875 0.4343 -0.5679 0.3600 0.0354 0.2550 -0.5783 0.3400 -0.1734 0.3748

ν1 -0.4116 0.0759 -0.1695 0.0767 -0.4739 0.0453 -0.2975 0.0784 -0.5535 0.0712

ν2 0.2868 0.0735 -0.0439 0.0588 0.1212 0.0447 -0.0949 0.0571 -0.0075 0.0631

ν3 0.8236 0.1793 0.1057 0.1207 -0.2024 0.1036 0.3668 0.1343 0.6774 0.1396

ν4 0.2687 0.1004 0.1130 0.0727 -0.3491 0.0567 -0.2264 0.0766 0.0421 0.0816

̟ -3.7262 0.7161 -1.7087 0.2959 -1.4956 0.1672 -2.7244 0.4605 -1.9002 0.2446

Covariates

γo
spread 0.1394 0.0985 0.0549 0.0639 -0.0594 0.0299 0.1315 0.1818 0.0817 0.0626

γo
P/L 1

-0.0935 0.0141 -0.0115 0.0090 -0.0486 0.0263 -0.0170 0.0347 -0.0760 0.0103

γo
P/L pf

0.0456 0.0717 0.1199 0.0375 0.1670 0.0499 0.5514 0.0850 -0.1093 0.0492

γo
vol 0.7114 0.1236 0.2295 0.0605 0.4017 0.1212 0.3301 0.0656 0.2046 0.0826

γc
spread -0.0942 0.0901 0.0008 0.0302 0.0512 0.0324 -0.1649 0.1669 -0.1678 0.1141

γc
P/L 1

0.0890 0.0105 0.0625 0.0062 0.0727 0.0096 0.1418 0.0455 -0.0461 0.0065

γc
P/L pf

-0.0832 0.0672 0.1731 0.0854 0.1929 0.0452 0.1389 0.1336 0.1090 0.0640

γc
vol -0.3582 0.1452 -0.4742 0.0869 -0.2934 0.1596 -0.7309 0.1045 -0.3982 0.1513

Table 3.6: Estimation results for investor groups 6 to 10. The γ·
· coefficients on the covariates

should be interpreted as follows: superscript “o” for opening intensity, superscript “c” for closing
intensity. The subscripts stand for the corresponding variable, where “spread” is the bid-ask spread
in the interbank market, “P/L 1” is the paper profit/loss in the corresponding currency pair, “P/L
pf” is the paper profit/loss in the total portfolio and “vol” is the standardized excess trading
volume. All other coefficients are detailed in the main text. Quasi-maximum likelihood standard
errors reported.
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11 12 13 14 15

Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Baseline Intensity

ωo
1 -3.1843 0.5663 -2.4918 0.4546 -3.5691 0.3377 -1.9343 0.3859 -3.5542 0.2360

ωo
2 -3.5952 0.4642 -2.8193 0.4803 -3.5051 0.4182 -3.0889 0.3921 -3.3382 0.2114

ωo
3 -2.5356 0.3511 -2.7735 0.5170 -4.0534 0.5106 -2.6878 0.3887 -3.9571 0.2762

ωo
4 -3.9167 0.5231 -3.2790 0.4652 -4.2805 0.5215 -2.4486 0.3646 -3.7302 0.2237

ωo
5 -3.2283 0.5320 -2.8373 0.4231 -1.8674 0.2467 -2.7609 0.4492 -3.7475 0.2550

αo
o 0.8803 0.0849 0.6567 0.0722 0.6855 0.0278 0.6257 0.0373 0.9650 0.0394

αo
c 0.4741 0.0714 0.6756 0.0648 0.7233 0.0380 0.6471 0.0351 0.4318 0.0298

ωc
1 -1.6227 0.8211 -4.1150 0.9555 -3.7182 0.4166 -3.0463 0.4200 -3.8574 0.2535

ωc
2 -4.0512 0.7564 -4.9332 1.2330 -3.7862 0.4136 -5.0901 0.6108 -3.5066 0.2232

ωc
3 -2.4461 0.5171 -3.7850 1.2117 -4.2470 0.6215 -4.0094 0.4604 -4.0484 0.3529

ωc
4 -3.7641 0.9263 -4.4449 1.0264 -4.1669 0.4812 -3.0838 0.4562 -1.5562 0.2794

ωc
5 -5.4175 0.8867 -2.8203 0.8825 -2.4510 0.3212 -3.9178 0.5442 -4.0789 0.2910

αc
o 0.9449 0.0526 0.7794 0.0432 0.9127 0.0363 0.8191 0.0564 0.7286 0.0341

αc
c 0.7652 0.0684 0.8136 0.0758 0.6223 0.0403 0.7338 0.0586 0.8154 0.0348

Latent Factor

a -0.5023 0.1914 -0.9147 0.0166 0.6680 0.1133 0.1194 0.1228 -0.7678 0.0789

δo 0.2471 0.0873 0.1569 0.0524 0.4982 0.1063 0.6939 0.0635 0.2773 0.0488

δc -0.7030 0.0939 -0.4069 0.0449 -0.5446 0.0645 -0.7324 0.0909 -0.1279 0.0770

Dynamics

Ao
o 0.2010 0.2074 0.2110 0.1489 0.0657 0.0515 -0.0445 0.2330 -0.0110 0.0365

Ao
c 0.0233 0.2289 0.0280 0.2027 0.0473 0.0268 0.1140 0.0777 0.0807 0.0541

Ac
o 0.0911 0.0585 -0.1180 0.0643 0.1116 0.0445 -0.0310 0.1564 0.1281 0.0393

Ac
c 0.1878 0.0716 0.5665 0.2553 0.0448 0.0158 0.0432 0.1193 -0.3802 0.1941

Bo,o 0.4996 0.6665 -0.3610 0.3471 0.8899 0.0415 -0.6536 1.0146 0.7725 0.1172

Bc,c 0.5876 0.1859 -0.1106 0.1060 0.9806 0.0076 0.5773 0.1763 -0.1732 0.1500

Seasonality

ν0 -0.7483 0.6534 -0.7142 0.7253 -1.0532 0.3609 -0.4425 0.6212 0.0523 0.3101

ν1 -0.2945 0.0945 -0.0982 0.0890 -0.4945 0.0947 -0.3321 0.0901 -0.2151 0.0601

ν2 0.1280 0.0728 0.0452 0.1066 -0.0287 0.0768 0.2704 0.0729 -0.0421 0.0538

ν3 0.0371 0.3397 0.3614 0.2975 -0.0460 0.1355 0.2632 0.2649 0.5776 0.1247

ν4 -0.0856 0.1182 0.0313 0.2169 -0.5700 0.0907 0.0032 0.2230 -0.1829 0.0764

̟ -2.6062 0.4617 -3.8635 0.7125 -1.6908 0.2999 -1.8774 0.4219 -3.1857 0.4450

Covariates

γo
spread -0.0840 0.1000 -0.0379 0.1073 -0.0334 0.2141 -0.0112 0.2329 -0.0534 0.0932

γo
P/L 1

-0.0124 0.0149 -0.0635 0.0177 -0.0923 0.0320 -0.0515 0.0243 -0.0639 0.0237

γo
P/L pf

-0.1651 0.0509 0.0532 0.0602 0.0031 0.0445 0.3213 0.0945 0.0253 0.0278

γo
vol 0.5671 0.1327 0.3898 0.0910 0.4088 0.0789 0.3738 0.1018 0.2832 0.0815

γc
spread -0.0005 0.0357 -0.0944 0.0966 -0.1678 0.1818 -0.0363 0.1343 0.0025 0.0773

γc
P/L 1

0.0285 0.0190 0.0520 0.0125 0.0794 0.0173 0.1527 0.0735 0.0187 0.0150

γc
P/L pf

0.0846 0.0597 0.0239 0.0688 0.0839 0.0794 0.4117 0.1272 0.0095 0.0224

γc
vol -0.4150 0.1808 -1.1788 0.5271 -0.4934 0.1568 -0.9851 0.1632 -0.4494 0.0795

Table 3.7: Estimation results for investor groups 11 to 15. The γ·
· coefficients on the covariates

should be interpreted as follows: superscript “o” for opening intensity, superscript “c” for closing
intensity. The subscripts stand for the corresponding variable, where “spread” is the bid-ask spread
in the interbank market, “P/L 1” is the paper profit/loss in the corresponding currency pair, “P/L
pf” is the paper profit/loss in the total portfolio and “vol” is the standardized excess trading
volume. All other coefficients are detailed in the main text. Quasi-maximum likelihood standard
errors reported.
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16 17 18 19 20

Par. Est. Std. Est. Std. Est. Std. Est. Std. Est. Std.

Baseline Intensity

ωo
1 -3.1143 0.3256 -4.2969 0.5351 -4.1179 0.2618 -3.7473 0.2583 -3.9310 0.3074

ωo
2 -3.0604 0.2417 -5.8028 0.6188 -3.5036 0.2591 -3.0077 0.1921 -3.8958 0.3232

ωo
3 -2.7720 0.1952 -4.8899 0.5699 -4.5770 0.3171 -2.9084 0.2604 -3.2579 0.3650

ωo
4 -2.4652 0.1754 -5.8077 0.5873 -4.5623 0.3999 -3.0578 0.2667 -3.5141 0.3202

ωo
5 -1.9022 0.1689 -4.8910 0.5485 -3.8340 0.2329 -4.0608 0.2696 -3.5489 0.2436

αo
o 0.7418 0.0256 1.1692 0.0810 0.6566 0.0216 0.6683 0.0348 0.7426 0.0293

αo
c 0.5874 0.0241 0.4345 0.0519 0.7837 0.0295 0.7578 0.0380 0.6687 0.0309

ωc
1 -3.7170 0.3670 -4.7177 0.5599 -3.8273 0.2347 -3.0819 0.3454 -3.0001 0.1890

ωc
2 -2.8672 0.2843 -4.9055 0.6049 -2.4179 0.1924 -3.0240 0.2904 -4.2249 0.2996

ωc
3 -2.0951 0.2212 -3.2821 0.6233 -3.6362 0.4375 -3.2444 0.2778 -2.8079 0.1657

ωc
4 -3.1224 0.2178 -4.1823 0.6245 -4.2984 0.4072 -3.2537 0.4843 -3.7553 0.2344

ωc
5 -2.5682 0.1788 -4.4380 0.5618 -3.5445 0.1913 -4.0285 0.4821 -4.0987 0.2359

αc
o 0.7349 0.0331 0.7181 0.0656 0.6763 0.0241 0.8349 0.0286 0.8522 0.0290

αc
c 0.7035 0.0322 0.8705 0.0856 0.7644 0.0263 0.6197 0.0388 0.7597 0.0341

Latent Factor

a 0.3783 0.3645 0.6806 0.2052 0.4044 0.2292 0.1055 0.1996 -0.0186 0.0785

δo 0.4805 0.0994 0.2753 0.1223 0.3664 0.0801 0.3631 0.0267 0.6029 0.0340

δc -0.5830 0.1400 -0.2650 0.1357 -0.4711 0.1077 -0.5004 0.0313 -0.7361 0.0523

Dynamics

Ao
o 0.1750 0.0450 0.2038 0.1541 0.0514 0.0132 0.1061 0.0648 0.0400 0.0161

Ao
c 0.1132 0.0541 0.1446 0.0985 0.1778 0.0397 -0.0038 0.0538 -0.1263 0.0945

Ac
o 0.1012 0.0409 0.2005 0.0727 0.0043 0.0111 0.0442 0.0371 -0.0378 0.0105

Ac
c 0.0484 0.0520 -0.4328 0.8288 0.1037 0.0370 0.0843 0.0530 0.1244 0.0453

Bo,o 0.7013 0.0863 -0.5420 0.1572 0.9929 0.0050 0.8833 0.1593 0.9972 0.0017

Bc,c 0.6780 0.1976 -0.1106 0.2111 0.8227 0.0446 0.9618 0.0717 0.5057 0.4839

Seasonality

ν0 -0.3376 0.2994 -0.3216 0.5774 0.7122 0.2378 -0.0452 0.2609 -0.3122 0.2240

ν1 -0.5553 0.0682 -0.3436 0.1010 -0.2343 0.0482 -0.4468 0.0452 -0.0468 0.0507

ν2 0.0179 0.0596 0.0824 0.1135 0.1500 0.0428 0.0737 0.0386 0.1557 0.0462

ν3 0.3613 0.1085 0.3060 0.2215 0.6976 0.0994 0.1234 0.0943 0.4706 0.0965

ν4 -0.1130 0.0582 -0.3229 0.1324 0.0865 0.0541 -0.3172 0.0539 -0.2041 0.0531

̟ -2.5459 0.3187 -2.5146 0.5788 -2.3974 0.3103 -3.0136 0.3649 -2.3147 0.2801

Covariates

γo
spread 0.0349 0.0460 -0.1032 0.1689 -0.1022 0.0529 -0.0889 0.0353 -0.0014 0.0283

γo
P/L 1

-0.0343 0.0181 -0.1421 0.0326 -0.0579 0.0107 0.0056 0.0328 -0.0266 0.0093

γo
P/L pf

0.3883 0.0673 0.0928 0.0778 0.0201 0.0431 0.1237 0.0413 0.0465 0.0597

γo
vol 0.3007 0.0655 0.6465 0.1579 0.3103 0.0550 0.4293 0.0835 0.4620 0.0667

γc
spread 0.0039 0.0529 -0.1936 0.0706 -0.1254 0.0655 -0.0384 0.0396 -0.1023 0.0395

γc
P/L 1

0.0369 0.0151 -0.0256 0.0486 -0.0579 0.0104 0.0989 0.0105 -0.0090 0.0128

γc
P/L pf

0.3316 0.0826 0.0192 0.0718 0.2347 0.0647 0.2479 0.0497 0.3556 0.0675

γc
vol -0.3224 0.0681 -0.6418 0.4107 -0.5304 0.1041 -0.5441 0.0871 -0.4047 0.0704

Table 3.8: Estimation results for investor groups 16 to 20. The γ·
· coefficients on the covariates

should be interpreted as follows: superscript “o” for opening intensity, superscript “c” for closing
intensity. The subscripts stand for the corresponding variable, where “spread” is the bid-ask spread
in the interbank market, “P/L 1” is the paper profit/loss in the corresponding currency pair, “P/L
pf” is the paper profit/loss in the total portfolio and “vol” is the standardized excess trading
volume. All other coefficients are detailed in the main text. Quasi-maximum likelihood standard
errors reported.
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