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Abstract

Through three essays, this dissertation elucidates households and institutional investors’

stock trading behavior and its applications to asset pricing.

The first chapter utilizes seventeen years of comprehensive daily portfolio and trading

data to analyze the relative trading performance of the universe of households, all domestic

financial institutions, and all foreign institutions, in the Finnish market. I introduce a new

methodology, dubbed “holding-period-invariant” portfolios, which is demonstrably supe-

rior to the conventional calendar-time methodology. Adopting a random informationless

trading benchmark, I find that the households who choose to trade for themselves are

economically and statistically superior traders, achieving an impressive internal rate of

return of 42.84 percent p.a., against foreign institutions. Households located near company

headquarters have a clear informational advantage against all-comers.

The second chapter extends the HPI methodology to relate gender to stock trading

performance using data on all individual Finnish investor trades over 1995-2011. Female

investors make significant gains against male investors when trading major Finnish stocks,

consistent with females tending to have a better ability as per the “theory of mind”, and

hence better recognizing data patterns with superior trading intuition. Further, female

investors prefer purchasing underpriced and selling overpriced stocks based on the trading

signal of the difference between the contemporaneous price and moving averages over

the short term to the long term. The result holds even after excluding spouse trading

accounts, identified by matching family names, especially in regions close to Nokia and

other company headquarters.

The third chapter makes an “apples-to-apples” comparison between hedge funds and

“other institutions” such as mutual funds’ trading performance. Eleven years of data on the



x

daily portfolios and institutional transactions suggests that hedge funds are economically

and statistically smarter traders with “other institutions” as exclusive counterparties, con-

sistent with some empirical literature. The superior trading performance of hedge funds

can be explained by their receipt of a daily private signal of fundamental value derived

from the entire history of informed trades and prices, statistically rejecting the nested noisy

partially revealing rational expectations equilibrium hypothesis.
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Chapter 1

Introduction



2 Introduction

1.1 Objectives of the Dissertation

This dissertation examines how individual and delegated institutional investors make

investment decisions in stock markets and the relative trading performance between indi-

vidual and institutional investors, also making intragroup comparisons within individual

and institutional investor groups. The aim of this dissertation is to address three ques-

tions corresponding to the existing literature in measuring investors’ trading performance.

Following the growing interest in the Kyle (1985) model, which assumes an irrational

group of “noise traders” that systematically lose money to informed traders, rather than

postulating that two counterparties are fully rational, I develop a new informed traders

trading model to evaluate collective individuals’ investment decisions. Hence, the first

question is whether, at the aggregate level, households who choose to manage their own

portfolio are truly less informed than institutional investors. As I find that is not the case,

the second question arises: within this group of household investors, when all trades in

the entire market are considered, with males as one counterparty and females as the other,

which group is the dominant trader in the long term? The role of gender in stock markets

is of increasing interest to academics, regulators, and practitioners. Third, this dissertation

proposes to answer a more mainstream question in the investment management industry:

what is the relative trading ability of hedge fund managers pitted against “other institutional

investors”, mainly mutual funds and plan sponsors in the U.S. stock market? Do the more

performance-based incentives of hedge fund managers really result in superior trading

performance?

Taken together, these three investigations form the basis of determining whether

behavioral biases and informed trading are present in the Finnish and U.S. investment

industry, and in particular, whether individual and institutional investor trading behavior is

detrimental to their managed portfolio performance and overall market efficiency.
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1.2 Motivation and Importance of the Dissertation

A growing body of theoretical and empirical work highlights the importance of investor

trading behavior in driving asset prices and investment and consumption decisions. The

preponderance of research in modern economics has been built on the notion that human

beings are rational agents who attempt to maximize their expected utility given their risk

preferences. These agents have their own level of risk aversion and prudently access all

possible investment options corresponding to certain risk and return combinations. The

most remarkable asset pricing model based on these assumptions is the Capital Asset

Pricing Model introduced by Treynor (1961, 1962), Sharpe (1964), Lintner (1965a, b) and

Mossin (1966) independently, documenting investors’ well-diversified portfolio comprising

a market portfolio and a risk-free investment. This is followed by the seminal work of

the rational expectations models by Grossman and Stigliz (1980) who conclude that,

as informed traders receive an informed signal that approaches perfection, the market

will close down, or become illiquid, because the stock price will be fully reflective of

information. However, Ou-Yank and Wu (2017) reveal a flaw in their key theorem, such that

the stock price in the Grossman-Stiglitz model can never fully reflect all the information

possessed by the informed trader, leaving scope for the informed to continue to trade

aggressively. Hence, a market can be both fully efficient and simultaneously highly liquid.

Kim and Verrecchia (1991, a, b), Wang (1993, 1994), Brennan and Cao (1996, 1997),

Orosel (1998), Spiegel (1998), and Watanabe (2008) extend the rational expectations

approach. Brennan and Cao (1997) argue that there is a dichotomy between foreign and

domestic investors with the latter being more informed.

Numerous researchers, starting with Jensen (1968), have examined the skill of a fund

manager and have used a variety of methods. Through the late 1990s, more published

studies have focused almost exclusively on the performance of institutional investors, and

in particular, mutual funds. This was partially driven by data availability. Overall, the

results are mixed. While the study of institutional investor performance remains an active

research area, much of it is now focused on hedge funds. This research topic is studied in

depth in Chapter 4.
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In the investment world, trading is always a zero-sum game. For every buy, there is

a sell. If one investor outperforms the market, a subpar investor’s portfolio wealth must

depreciate. Collectively, the earnings of investors with superior trading abilities must ex-

ceed the market return before considering costs. Hence, in the financial market, the trading

behavior of the notable number of individual investors, who comprise another important

investor category, as the exclusive counterparty of institutional investors, deserves more

attention by researchers. Furthermore, from a macroeconomic perspective, individual

investor participation in the stock market is important. If more retail investors participate

in the stock market, this contributes to the liquidity of capital markets, and liquid capital

markets allow firms to have a reliable alternative funding channel to traditional banking.

This in turn results in faster economic growth. Their funding thus helps shape the country’s

economic structure by allocating funds among different industries and sectors.

With a few notable exceptions (e.g., Kaniel, Saar, and Titman, (2008), Kaniel, Liu,

Saar, and Titman, (2012), and Kelley and Tetlock (2013)), the evidence indicates that

individual investors are not able to beat the market (see e.g., Grinblatt and Keloharju (2000)

and Barber and Odean’s (2013) excellent survey). A large body of empirical research

argues that individual investors behave differently from institutional investors by holding

under-diversified portfolios. They are supposedly uninformed and less skilled traders

compared with delegated money managers. Moreover, as a group, individual investors

make biased buying and selling decisions, influenced by the media and current fads and

fashions. Furthermore, as per these critics, transaction cost is another unambiguous factor

dragging down individual investors’ overall portfolio performance as they allegedly trade

too much. Some studies even claim to show that individual investors earn poor returns even

before considering costs of trading. Thus, the mainstream literature encourages individuals

to pool their money in money manager funds to avail of the fund managers’ superior ability

to extract information and make sound investments decisions on behalf of households.

By contrast, Hayek (1945) argued that every individual possesses unique information

that provides him with an advantage, but only if he is the one to make his own critical

decisions free of agency issues. Thus, following Hayek (1945), one would expect that
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collective individuals who possess private information to forecast future stock performance

would choose to use it themselves to maximize utility over their lifetime and not delegate

investments to professionals (or at least not entirely). Hence, in the entire stock market,

some individual investors will be well informed while others will make their investment

decisions based on public information already reflected in prices.

With data obtained from Euroclear Finland Ltd (formerly Finnish Central Securities

Depository), Chapter 2 starts with an examination of relative trading performance between

individual and domestic institutional investors, individual and foreign institutional investors,

and domestic institutional and foreign institutional investors in the Finnish stock market

by adopting a new methodology dubbed as the “holding-period-invariant” (HPI) portfolio

approach.

The reason for introducing a new HPI methodology is that the conventional calendar-

time portfolio approach (C-T) that is widely used in the literature to measure relative trading

performance has serious limitations. The survey by Barber and Odean (2013) provides a

summary of this C-T portfolio approach and related literature. Their methodology imposes

uniform holding periods for all investor categories in the sense that positions are assumed

to no longer be held post the determined holding period. This assumption is unrealistic. In

addition, the buy and sell portfolios record the presence of trades but not their magnitude.

Thus, a value-weighting approach along the lines of the present contribution possesses

advantages over an equal-weighting approach. The HPI methodology, in addition to

offering the advantages documented by the C-T portfolio approach, also utilizes the actual

trades of an investor group and their matched counter-parties, without imposing a heroic

assumption of a fixed portfolio turnover horizon. Hence, the profit and loss measured

in C-T precisely captures the timing ability of each trading party to foresee future price

movements.

Corresponding to the important role played by individual investors’ investment activ-

ities in the financial market, this dissertation proceeds to explore another research topic

that has received more attention within the individual investor category. By splitting the

entire universe of investors in the Finnish market into four sub-groups, including males,
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females, non-males and non-females investors,1 Chapter 3 examines the gender differ-

ence on the effect of trading performance in the Finnish stock market. There have been

an extensive academic literature documents that gender effect in a number of different

domains, including consumption, labor market, investment and corporate governance (e.g.

compensation among top executives), but less amount of researches contributed to examine

the relative trading performance between males and females investors in the stock market.

To my best of knowledge, this dissertation is the first study to deliberately conduct ‘apples

to apples’ comparisons using matched trades in the pairs of trading groups to evaluate

whether males, as a group of investor, show their overconfidence and too much trading

activities (e.g., Sunden and Surette (1998), Agnew, Balduzzi, and Sunden (2003), Eckel

and Grossman (2008), Croson and Gneezy (2009), Bertrand (2011), as well as Niederle

(2014)) documented in the corresponding existing literature and thus female investors as

the exclusively counterparty outperform.

Individual investors are no longer targeted in the fourth chapter, as it expands the

scope to the well-documented yet active research topic – examining the relative trading

performance of hedge funds and "other institutional investors" (i.e., mutual funds and

plan sponsors) in the U.S. market. As the existing literature focuses on the C-T portfolio

approach, I borrow the new HPI methodology, first conducting matched trades in a group

of trading pairs to investigate institutional investor investment decisions. Given the mixed

results in the literature and the recent extremely volatile economic environment, a key

issue that should attract the attention of investors who hire money managers for their assets

is finding a precise methodology to evaluate and compare money managers’ performance

to meet their return and risk objectives. Furthermore, regulators are also concerned the

risk-taking behaviors of different types of money managers, in particular during financial

crises. Their mission is to ensure market stability and provide investor protection for fund

industry investors. Hence, this chapter first conducts actual matched trades in pairs of

trading groups without imposing heroic assumptions about fixed portfolio rebalancing

1Non-males investors include the female investors and all institutional investors plus all other categories
of investor. Non-females investors refer to the male investors and all institutional investors plus all other
categories of investor.
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time intervals and provides an analysis identifying managers, who are likely informed,

that utilize their superior ability to beat the market in both the short and long term. Next,

it attempts to understand the informed managers’ trading signal based on the model of

informed trading developed in Lu, Swan and Westerholm (2016).

This dissertation limits itself to examining trades between different counterparties such

as households and delegated money managers, male and female investors, and hedge fund

managers and "other institutional investors", rather than analyzing the performance of their

overall stock portfolios and the degree of commonality between the portfolios held by

different investor types. Thus, this dissertation does not claim to offer a comprehensive

treatment of the overall performance of all investor types; it rather concentrates on differ-

ences in both knowledge and timing abilities that are reflected in matched counterparty

trades over extended time periods.

The theoretical framework in this dissertation crystallizes the importance of endogenous

market timing ability’s role in investors’ portfolio performance. The first main finding

of this dissertation is that households would be better off if they invest independently

rather than seek agents such as fund managers to manage their portfolios; this contrasts the

suggestions of the existing literature. The second findings suggest that females on average

are smarter than males in stock trading activities. The third study shows that hedge fund

managers have superior trading abilities over mutual fund managers and plan sponsors; this

is consistent with previous findings. In the process, this dissertation presents researchers,

regulators, and practitioners with a better understanding of the role of individual and

institutional investors in the transmission of information to markets, and thereby elucidates

whether the trading behaviors of investors aid or hinder market efficiency.

1.3 Structure and Contents of the Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 first introduces the

new HPI framework to examine and compare the trading behavior between Finnish house-

holds and both domestic and foreign institutional investors over a period of seventeen years

from 1995 to 2011. By employing the same comprehensive data set, Chapter 3 extends this
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new HPI theoretical model within collectively individuals’ groups to investigate whether

the gender effect is anticipated in the Finnish stock market. Chapter 4 applies the HPI

methodology to discuss the trading behavior of professional managers, another important

investor group, focusing on the U.S stock market. Chapter 5 concludes the dissertation.

1.4 Summary

This chapter offers a brief summary of how this new HPI portfolio methodology is

vital in assisting academies, regulators, and practitioners to understand individual investors

and fund managers’ trading behaviors, outlines this dissertation’s structure, and presents

its contribution to the extant literature.

The HPI portfolio approach employs actual daily common trades between each pair

of trading groups at the investor level and does not impose a heroic assumption on port-

folio turnover, in contrast to the conventional C-T portfolio approach that mechanically

rebalances portfolios at the same assumed intervals but for different investor categories. It

builds upon the framework of the efficient market hypothesis (partially noisy expectation

models), investigating the impact of private trading signals and conducting comparisons

between individual and institutional investors, and within individual investor and institu-

tional investor groups across three important dimensions: risk aversion, overconfidence,

and mutual trust.



Chapter 2

“Other People’s Money”: The Trading
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“Other People’s Money” 1991. Danny DeVito’s character: “I love money. ... There are
only three things in this world with ... unconditional acceptance: dogs, doughnuts and
money. Only money is better. You know why? Because it don’t make you fat and it don’t
poop all over the living room floor. There’s only one thing I like better. Other people’s
money.”

2.1 Introduction

This paper has limited aims. In particular, I am only concerned with trades between

different counterparties such as households and delegated money managers and not at

all with the performance of their overall stock portfolios and the degree of commonality

between the portfolios held by different investor types. Thus I do not claim to offer

a comprehensive treatment of the overall performance of each investor type but rather

concentrate on differences in both knowledge and timing ability that are reflected in

matched counterparty trades over extended time periods.

With a few exceptions (e.g., Kaniel, Saar, and Titman, (2008), Kaniel, Liu, Saar,

and Titman, (2012), and Kelley and Tetlock (2013)), nearly all research contrasting the

performance of individual household and professional investors finds that delegated money

managers outperform (see e.g., Grinblatt and Keloharju (2000) and Barber and Odean’s

(2013) excellent survey). By contrast, Hayek (1945) in his classic article highlighted

the impossibility of delegating private information by pointing out that every individual

possesses unique information that provides him with an advantage, but only if he is left to

make his own critical decisions free of agency issues.1 Thus, following Hayek (1945), one

would expect that individually and collectively households who possess private information

about future stock performance would choose to act on it themselves to maximize utility

over their lifetime and not delegate to professional investors (or at least not entirely).

Overall it is expected that some individual investors will be well informed while others

will make their investment decisions based on public information already reflected in price.

The informed individuals may have access to valuable private information as a result of

their profession, their network of connections or their insider status (see Berkman, Koch

and Westerholm (2014) who show that the investigated market has a significant number

of informed individual investors). The uninformed individual investors on the other hand
1In his classic best-seller, The Road to Serfdom (1944), Hayek argued the benefits of economic freedom and
markets over central planning, essentially because markets are better aggregators of individual information
than are central planners and statisticians.
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would be expected to equally often be on the wrong side as they are on the right side of the

market, hence in my analysis the aggregate individual investor performance will be driven

by the skill of the informed traders in the category.

Over longer-term horizons, individual households that determine their own portfolios

as principals, in some cases taking advice from brokers and financial advisors, should thus

perform better than do delegated institutional investors investing other people’s money. In

fact, it would be quite surprising if individuals who choose to trade for themselves and

thus self-select into what they are relatively good at do not outperform. Individuals who

underperform are naturally weeded out when they eventually run out of funds. While

households generally do better than either domestic or foreign institutional investors, the

overall winners both in terms of the magnitude of the gain and internal rate of return are

domestic institutional investors pitted against foreign institutional investors. For this paired

category the locational advantages of domestic funds typically located geographically close

to most major company headquarters dominate any relatively minor differences in agency

considerations between domestic and foreign institutions.

While households possess a natural advantage over institutions in being able to time the

inflow and outflow of funds themselves, it would appear that the overall superior trading

ability of households is due to informational advantage. When I pit households located

close to the Nokia headquarters in a trading battle with households in the remainder of the

country, the more geographically advantaged households prove to be superior. Moreover,

households located close to Nokia have a clear trading advantage over both domestic and

foreign institutions while more distant households only have a clear advantage over foreign

institutions. The clear trading superiority of domestic over foreign institutions is due to

geographic proximity. So called “home bias”2 ceases to be a bias as it defines “home

informational superiority”.

Institutional investors on the other hand, particularly those that outperform relative to

other institutional investors, will presumably survive even when their household clients

collectively lose. Moreover, institutional investors will presumably act as agents of

relatively uninformed individuals that are reluctant to trade on their own behalf as Brennan

and Cao (1996) point out, and for those that have no choice. Thus, one might expect inferior

2Choe, Kho and Stulz (2005) document that domestic investors have an edge over foreign investors in the
Korea stock market. Dvořák (2005) also find Indonesia domestic investors have higher profits than foreign
investors.
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delegated performance in the long-run as most lose other people’s money rather than their

own.3 There is no clear market mechanism to penalize delegated money managers when

they all make losses due to trend following in a herding equilibrium, unlike individuals who

lose their own money. Nonetheless, I find that domestic institutions possess considerably

more information than do their foreign counterparts and are thus far superior traders in this

contest.

In this paper, I find strong empirical support for Hayek’s vision when utilizing the

collective individual daily trade portfolio of hundreds of thousands households in Finland

and the corresponding matched portfolios of all domestic and all foreign institutional

investors using a new Holding Period Invariant (HPI) methodology. This new methodology

contrasts with the conventional Calendar-Time (C-T) methodology that figures prominently

in the survey by Barber and Odean (2013). The existing literature is based largely on C-T

portfolios, or related methods, which impose specified investor horizons. At the end of

each horizon, be it a day, week, month, or six months, the portfolio is realized and the

entire process begins over again irrespective of, or in contradiction to, the actual trades

that are generally known to the researcher. Barber and Odean (2013) conclude that “as

a group, many individual investors seem to have a desire to trade actively coupled with

perverse security selection ability.” Barber and Odean (2001) also conclude that “boys will

be boys” due to overconfidence and excessive trading. However, these findings may well

be a consequence of the methodology used which imposes counterfactual trading at regular

intervals rather than reflecting the actual trading ability of individual investors and also the

assumption of a 4% round-trip trading costs incurred with a discount broker. I essentially

replicate the Barber and Odean (2001) analysis by sorting households into highly active

and more passive traders to find that active traders earn 29% trading profitability rate and

passive, 42% trading profitability rate4, when trading with Foreign Nominee institutional

investors. Thus I concur with Barber and Odean that highly active trading can lead to lower

performance, but nonetheless reject their finding that households are poor performers in

general.

To exposit a little more about the popular C-T methodology, it is based on an entirely

false premise: Performance can be inferred from a single buy or sell transaction. Thus, an

3Lakonishok et al. (1992), Coval and Stafford (2007) and Chevalier and Ellison (1999a, 1999b) all identify
agency issues that are associated with delegated managers.

4The measure of trading profitability rate is defined as the total trading profits after transaction cost divided
by the total trading value. I show the results in the following performance tables



2.1 Introduction 13

agent who buys before a stock price increase or sells prior to a price fall is definitionally

superior to an agent who does the reverse. “Smart people anticipate price rises by buying

in advance while only dumb ones sell prior to the stock going up in value”. Nothing could

be further from the truth. This almost universally adopted methodology confuses “trend

following” with “information” while ignoring the actual stock-timing element. To know

whether or not an agent performed requires not one but two trading pieces of information:

at what price did the the agent buy and at what price did the agent sell, or vice versa? That

is, trading performance can only be determined by a consideration of actual completed

round-trip trades. While it sounds obvious, this is the basis of the new Holding Period

Invariant (HPI) methodology put forward in this thesis for the first time. By contrast, the

C-T methodology has the name, “Calendar”, in it because it falsely assumes that agents

are beholden to the passage of time when they trade. For example, the popular monthly

calendar-time portfolio method implicitly assumes that if a “buy” occurs in a particular

month that the same asset is sold at the end of that month, regardless of the actual month

the asset was sold, perhaps a year or two years later when prices are entirely different from

those at the end of the designated month. The researcher presumably knows the actual

timing of round-trip trades and thus the actual profit or loss, but ignores this by reporting

the false profit or loss based on an end-of-month realization that never happened.

To make valid comparisons between investor categories my analysis include time-

windows split into four carefully selected sub-periods to capture the full business cycle

of boom and bust: First, January 3, 1995 to December 31, 1996, which is the period

analyzed by Grinblatt and Keloharju (2000). Second, is the period, January 3, 1997 to

July 3, 2003, which is an extended high-tech bubble period of a “bull” followed by a

“bear” market. The third period, July 4, 2003 to March 6, 2009, is the boom prior to

the financial crisis including the subsequent collapse following the demise of Lehman

Brothers, and the fourth, March 7, 2009 to December 30, 2011, is the post financial crisis

recovery. Finally, I analyze the entire period, 1995 to 2011, inclusive. Thus my period of

analysis includes two “bull-bear” sequences plus the lead-up, and the post financial crisis

of 2007/2008 environment. Since foreign nominees are trend followers and households

contrarian, foreign nominees will invariably perform better during any given up-swing

or down-swing. Valid comparisons require an entire cycle (here from trough to trough),

otherwise short-term trend followers will normally dominate with contrarian traders falsely
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seen to be systematic losers. I also replicate my analysis using periods defined as the

troughs in the Finnish Consumer Confidence Index (CCI) with quite similar results.

As an indication that these long-term performance differences are not trivial, I find that

domestic households trading directly with foreign institutional investors outperform by

EUR 4.92 billion in just one stock alone (Nokia) over a 17-year period. This represents

a remarkable internal rate of return (IRR) of 42.84 percent p.a. for households trading

with foreign delegated money managers (i.e., foreign nominees). Had households simply

bought over the entire period with realization only at the end, the counterfactual “BuyOnly”

IRR would have been exceedingly lower with a loss-making return of -25.15 percent p.a..

This indicates the grossly misleading nature of “buy and hold” portfolio analyses that

ignore the actual timing of trades.

Domestic households also outperform domestic institutional investors by EUR 354

million, generating a lower IRR of 13.18 percent p.a., and these same domestic institutional

investors outperform foreign nominees by a massive EUR 14.1 billion over the same period

with an even higher IRR of 51.79 percent p.a. that exceeds the household performance

with the same counterparty.5 Focusing only on trades between different categories of

counterparties, trading becomes a zero sum game in my analysis. Hence a negative return

almost identical in magnitude6 applies to the counterparties of domestic households and

domestic institutional investors such as foreign nominees. In fact, as far as I am aware,

mine is the first to analyze trading performance as a zero sum game. I believe it is the only

way in which meaningful trading comparisons can be made.

I confirm the statistical significance of these findings at the 0.001 probability level

based on 10,000 Monte Carlo simulations utilizing a random trading direction benchmark.7

The reason that these numbers for Nokia are so large is not just Nokia’s huge size but,

more importantly, its performance as one of the world’s greatest “bubble” stocks, rising in

value by around 50-fold during the “high-tech bubble” period prior to its collapse.8 Adding

5The reason that these numbers for Nokia are so large is not just Nokia’s huge size but, more importantly, its
performance as one of the world’s greatest “bubble” stocks, rising in value by over fifty-fold during the
“high-tech bubble” period (Abreu and Brunnermeier (2003))due entirely from buying pressure from Foreign
Nominee (largely U.S. institutional investors) prior to its collapse. Since this group of U.S. investors was
the most distant and thus least informed this experience supports the conjecture of Alti, Kaniel, and Yoeli
(2012) that trend-following is most likely when the institutional investor is least informed.

6The reason there can be minor differences is because of differential transaction costs.
7I thank Michael Brennan for suggesting this test.
8Heterogeneous Agent Models (HAM) has had some success explaining the boom-bust cycle. See Hommes
(2006) for a survey and Boswijk, Hommes, and Manzan (2007) and Hommes and Daan in’t Veld (2014) for
applications to stocks.
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another 32 major Finnish stocks raises these magnitudes, but not hugely. Consequently, not

only is there clear evidence of the influence of agency issues affecting delegated portfolio

managers as households outperform domestic institutions but, additionally, there is also

evidence of the better known ‘home informational bias’9 as foreign institutions collectively

lose EUR 20,809 million to domestic institutions and households in just 32 top Finnish

stocks over my data period.

Could the trading policy giving rise to sustained long-term trading losses incurred by

foreign delegated money managers simply represent rational actions by these agents acting

fully in the interests of their principals, namely households? I can only answer this from

the perspective of counterparty trading as I cannot rule out the possibility that foreign

investors gained diversification benefits that might have outweighed trading losses. The

noisy partially revealing rational expectations literature originating with Hellwig (1980),

Kim and Verrecchia (1991, a, b), Wang (1993, 1994), Brennan and Cao (1996, 1997),

Orosel (1998), Spiegel (1998), and Watanabe (2008) contends that such equilibria can

exist even when one counterparty is far more informed than the other. In the Appendix B, I

both test and reject this hypothesis for the various matched counterparties I consider. Each

informed party appears to receive a private signal of expected fundamental value that differs

significantly from the rational expectations equilibrium in which all past prices are fully

discounted. The daily trading pattern of collective buys and sells is not compatible with

rational expectations, further supporting my contention that delegated money managers

suffer from severe agency problems. With rational expectations not only should stock

prices follow a random walk without sequential prices being highly correlated and mean

reverting but, in addition, trade magnitude and direction, i.e., order-flow, should be random

and thus not strongly positively auto-correlated, as I find.

In practice, do private information and agency considerations matter when considering

investment performance? Griffin, Harris, Shu, and Topaloglu (2011) conclude that the most

“sophisticated market participants”, largely hedge funds, “actively purchased technology

stocks during the (high-tech) run-up and quickly reversed course in March 2000, driving

the collapse”. These investors presumably suffer from two agency issues is particular:

First, they cannot directly access collective private information signals received by the

many hundreds of thousands of household accounts in my sample who conduct their own

9See, for example, Coval and Moskowitz (1999), and for an application to real estate, Chinco and Mayer
(2015).
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trades and, second, they lost other people’s money, not their own. This is important, as

there is natural attrition of households that lose their personal wealth via trading and

may learn that they would be better off delegating but loss-making institutional investors

may continue trading as long as they relatively outperform other institutional investors.

Similarly, Edelen, Ince and Kadlec (2016) show that institutions have a strong tendency to

buy stocks classified as overvalued. DeVault, Sias, and Starks (2016) subject the standard

assumption that institutional investors’ represent “smart money” to close scrutiny by

showing that to the contrary, institutions, not households, destabilize markets by irrational

sentiment-based demand shocks.

I believe mine is the first study to focus deliberately on an “apples with apples”

comparison over relevant time-periods without imposing mandated investor horizons

and implied stock turnover rates that have limited or no applicability to these collective

investor-types. This means I overcome the problem that two investor-type groups might

have similar portfolio alphas based on factor models assuming a fixed investment horizon

but in exceedingly volatile markets may earn entirely different realized trading profits due to

one having better private market timing ability and information than the other. Since market

timing is endogenous rather than mechanical and exogenous, and is also reliant on both the

incentives and information base of the trader, any comparison of agent-type performance

requires a performance measure that both recognizes and rewards stock-timing ability.

2.2 Literature Review

There has been a long history of findings based on the C-T portfolio approach that

purports to show that, in terms of trading ability, households (i.e., individual investors)

significantly underperform. The survey by Barber and Odean (2013) provides a summary of

this C-T portfolio and related literature. Using the trading records of 10,000 accounts from

a discount brokerage house over the seven-year period, 1987-1993, Odean (1999), with

imposed horizons of four months, one year, and two years, examines the difference between

equally-weighted C-T portfolio buy and sell returns to obtain a raw return difference of -23

basis points per month or 2.76 percent p.a.. Their methodology imposes forced uniform

holding periods for all investor categories in the sense that positions are assumed to no

longer be held after the applied set holding period. Apart from the problems induced by
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imposing counter-factual realizations, this C-T methodology suffers from an additional

problem in that the buy and sell portfolios record the presence of trades but not their

magnitude. Thus, a value-weighting approach along the lines of the present contribution

possesses advantages over an equal-weighting approach.

Barber and Odean (2000) examine trading from 78,000 accounts for a discount bro-

kerage over the six-year period ending in January 1997. They conclude that household

accounts underperform the market, largely due to round-trip transaction costs that are

assumed to be an incredible 4 percent. Broker fees and spread costs of this magnitude

seem high for clients of discount brokers. In common with Odean (1999), they conclude

that household investors are overconfident insofar as transaction costs incurred as a result

of trading reduce returns below index returns that assume, counterfactually, that they can

be matched without portfolio rebalancing. Neither study of discount broker client trades

is in a position to know who the counterparties of these household trades are and thus

how they relatively performed as they do not have comparable institutional trades and

stock turnovers. Consequently, these studies do not tell us if institutional investor trading

performance is any better or worse than this relatively limited household experience that

can only be compared with an index that requires some costly trading to replicate.

If there truly is a dichotomy between my findings for Finnish households and that of

some US individual clients of a discount broker, it could be due in part to differences in

the educational systems. The educational attainments of Finnish students in test scores is

the second highest in the OECD whereas the USA is at the OECD mean (OECD, 2010).

Similarly, an OECD (2016) survey of 52,000 adults in 30 countries tested their financial

knowledge and rated on how they behave, and feel, about money. France ranked highest

overall, with a score of 14.9 out of a possible 21, followed closely by Finland.

Grinblatt and Keloharju (2000) analyze the first two years of detailed Finnish trading

data when it became available, namely 1995-1996, to conclude that foreign institutional in-

vestors in Finnish stocks outperform what they term “unsophisticated” Finnish households.

They only focus on a short six-month horizon to derive their results which unlikely to

capture the performance of longer-horizon, largely household traders. Their methodology

imposes forced holding periods on these two groups ranging from one day to six months.

Swan and Westerholm (2016) replicate the precise methodology of Grinblatt and Keloharju

(2000) but extend their sample by an additional eight years to find that Finnish households
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generally outperform Foreign Nominees for other than the two-year Grinblatt and Kelo-

harju (2000) sample period. When I repeat their analysis for their two-year period with

essentially identical data but without imposing fixed horizons I find, to the contrary, that

households outperform their foreign investor counterpart. For the entirety of 1996 Finnish

households outperform foreign nominees in trading Nokia with a modest cumulative gain

of about Euros 3 million and a corresponding cumulative loss by foreign investors, such

that by the end of Grinblatt and Keloharju’s (2000) sample period these gains more than

overcome household losses during 1995.

However, their most valuable finding from my perspective is that household trading

is what they term “contrarian”, meaning that they buy when prices are falling and sell

when prices are rising. Since institutional investors may induce trends into asset price

movements, contrarian households will appear to perform badly using the C-T methodology

as it captures short-term price movements unfavorable to households. In the noisy, partially

revealing, rational expectations model of Brennan and Cao (1996) contrarian trading is a

natural consequence of informational advantage. Barber and Odean (2001) do not adopt

a C-T approach. Rather, utilizing the same discount brokerage house data as Barber and

Odean (2000), they use as their benchmark the household’s own annual buy-and-hold

return counterfactual return. Sizeable turnover fees amounting to a remarkable 4 percent for

a round-trip more than absorb any gain from higher-yielding investments. The commission

rate alone is 3 percent but this is puzzling as most discount brokers do not provide advice

or charge commissions, but the common practice for their data period in the early 1990s

may have been different. Moreover, lacking institutional data, no comparison is made with

any other investor class.

Barber, Lee, Liu, and Odean (2009) analyze seven years of Taiwanese households and

foreign investors commencing in 1995 using the C-T methodology and forced acquisition-

disposal horizons ranging from one day to six months. Despite the inability of households to

exercise timing ability due to the mandated horizons, the authors’ conclude that households

suffer material losses amounting to USD 32 billion over their sample period. In Figure

2.1 below I present contrary evidence which suggests that the contrarian trading strategy

adopted by individual Taiwanese traders was highly profitable by the end of their sample

period, despite losses made at some intermediate positions. For each day of the Barber,

Lee, Liu, and Odean (2009) sample period I assume that households purchased a constant
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number of shares in the Index if the index fell the previous day and sell the same number

of shares if the index rose the previous day. In contrast, Kaniel, Saar, and Titman (2008)

conclude that individuals earn relatively high returns over fairly short horizons, consistent

with liquidity provision.

Linnainmaa (2010) utilizes Finnish household trading data to conclude that these

investors lose money around earnings announcements, experience poor post-trade returns,

and are subject to the the “disposition effect”10 because they place limit orders. Kelley

and Tetlock (2013) utilize a large sample of individual trader data for the US to show that

individual investors’ order imbalances predict monthly returns without mean reversion and

contribute to market efficiency. Kelley and Tetlock (2013) are the first to show that when

one examines individual investors as a crowd, it appears that they generate a powerful

signal of valuable information that affects the pricing of securities over the relatively

short-term.

Barrot, Kaniel, and Sraer (2016) utilize an eight-year sample of individual trades

from a French discount broker to investigate their performance as liquidity providers to

institutional traders. While their findings are similar to Kelley and Tetlock (2013), and

they find increased risk-bearing capacity when volatility is high, they conclude that these

investors do not profit from liquidity provision because they tend to get “picked-off” and

do not reverse their trades rapidly enough. In fact, the average number of days to reversal

in their sample is very long at 309.7 and not too dissimilar to the slow turnover rates

shown by Finnish households. Of course, all these indicators of poor short-term individual

trader performance do not in any way conflict with the findings of Swan and Westerholm

(2016) and the present paper that individuals are superior long-term traders. Linnainmaa’s

(2010) findings on the susceptibility of Finnish households to the disposition effect is a

consequence of the contrarian nature of Finnish trading such that on average they buy

when prices are low and sell when high – consistent with their high long-run profitability

and the informed trading model shown in the Appendix B.

The noisy, partially revealing, rational expectations equilibrium models of Hellwig

(1980) and Wang (1993) provide a platform for examining the effect of asymmetric

information on both stock prices and trading behavior. These noisy rational models

derive from a theory of equilibrium price formation in which only some traders receive an

10i.e., they sell winners and hold on to losers
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informed signal and stock prices are not fully revealing. Traders who receive an informed

signal will appear to be contrarian, as do the households I investigate, and traders devoid

of private information will appear to be positive feedback traders, as are the institutional

traders I investigate.

Kim and Verrecchia (1991, a, b), Wang (1993, 1994), Brennan and Cao (1996, 1997),

Orosel (1998), Spiegel (1998), and Watanabe (2008) extend the rational expectations

approach. Importantly, the model of Brennan and Cao (1996) can account for high

volumes of trading as participants with information of differing precision adjust portfolios

in response to news, with absolute price changes and trade volume positively associated.

Following on from their 1996 model, Brennan and Cao (1997) show that if good (bad) news

leads to a price rise (fall), then less informed foreign investors will upwardly (downwardly)

revise their expectations by more than better informed domestic investors, leading to prices

rising (falling) further and domestic investors selling (buying) more to (from) the foreign

investors. Brennan and Cao (1997) argue that there is a dichotomy between foreign and

domestic investors with the latter being more informed. I find much stronger evidence for

the Brennan and Cao (1996, 1997) hypotheses based on the actual trading profits of all

foreign institutional investors and domestic household and institutional traders on a daily

basis over a lengthy 17 years data that was inaccessible to Brennan and Cao (1997).

However, there is an obvious downside to the use of these rational models in my

context of trade between households and institutional investors as they cannot explain why

relatively uninformed foreign institutional investors lose vast sums of depositor money in

the longer term. These losses seem to exceed likely possible benefits earned by institutional

investors from risk sharing gains but I cannot rule out this possibility. In recent years

the Kyle (1985) model has become popular, perhaps because it assumes an apparently

irrational group of “noise traders” that systematically lose money to informed traders,

rather than postulating that both counterparties are fully rational.

In the Appendix B I suppose that due to the geographic locational advantage of Finnish

households and institutions and world-class educational standards that these investor

classes each receive a private signal of future share value, unlike their foreign institutional

counterparts. I derive a simple contrarian trading rule derived from the autocorrelation in

stock prices and in order-flow that explains the trading success of these two groups. My
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simple trading rule is shown to be incompatible with foreign investors possessing rational

expectations, consistent with Kyle’s (1985) noise trader model.

2.3 Holding-Period-Invariant Trader Methodology

The C-T approach has been widely applied in research on the performance of private

investors (e.g., Odean 1999, Barber and Odean, 2000, 2002; Seasholes and Zhu, 2010;

Ivkovic, Sialm, and Weisbenner, 2008; Kumar and Lee, 2006; and Barber, Lee, Liu, and

Odean, 2009). Additionally, it has been applied to many other areas of finance including

long-run stock performance, insider trading and the relative performance of mutual and

hedge funds. The approach applied to groups of traders consists of two steps: In step 1

an aggregate portfolio of buy trades for the group is constructed on (say) a daily basis

and then either the return or the excess return is computed over a given horizon such as

one month or one year. Similarly, a portfolio of sells by the same group is constructed

with the difference in return or excess return between the buy and sell portfolios over the

same given horizon being recorded. Trading prowess is greater the more positive is the net

difference in return. The method is then reapplied from scratch for the next month or year,

depending on the assumed horizon. These aggregate period-by-period portfolio return

differences are then regressed on a set of market factors with the intercept interpreted as

the performance alpha.

If the comparison is between two agent-types then it would normally be assumed that

each has the same exogenously-given investment horizon which is derived from some

average turnover rate. An obvious weakness in this by now standard approach is that the

holding period is far from constant and will in part reflect the very timing and trading

skills that one wishes to model. Holding periods vary, in part because traders are not

pre-programmed mechanical robots and better informed investors will display superior

timing skills giving rise to endogenous variation in the holding period.

I proceed as follows: Since trading skill is most meaningful in comparison between two

agent-types in the same market over identical periods, mark both agents’ portfolio value to

market on the initial day with sufficient holdings to ensure non-negative holdings in future.

Initially include only net buys or sells between the two agent-types since this is the most

relevant comparison. Trades made with third-parties without the two agents trading with
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one another may simply imply some commonality in belief (and trading direction) that is

irrelevant to the initial comparison.

Suppose the signed net buys (trades) of agent-type A with type B that trades stock of

the n stocks that are traded in common on at date t, j ∈ (1, ..., t), are denoted by xA
i, j, and for

type B, xB
i, j = −xA

i, j, as the sum of the signed order flows must be zero. The type-A agent

cumulative net buys for an individual stock in the trade portfolio until the close of business

on the previous evening is denoted XA
i,t−1 =

∑ j=t−1
j=1 xA

i, j and constitutes type-A agent’s pre-

existing trade portfolio. For simplicity, I focus on just the current period’s continuously

compounded return (i.e., the logarithm (Ln) of the price relative in stock i over the current

period,pi,t, as compared to the previous period), as given by ri,t = Ln
(

pi,t+Di,t
pi,t−1

)
, where Di,t

represents the dividend and the bracketed term is the price relative. Henceforth, prices

reflect reinvested dividends. I ignore transaction costs and other frictions for now. The

total dollar (Euro) profit/loss,PA
t , recorded for agent type-A for all stocks in the agent-type

trade portfolio on date t is

PA
t =

∑n

i=1
ri,t pi,t−1XA

i,t−1 (2.1)

so that the entire pre-existing trade portfolio of each agent-type is marked to market

according to the closing price at the end of each period (e.g., day). In essence, this

methodology simply takes snapshots of the value of each investor-type’s trade portfolio

at (say) daily intervals but does not counterfactually assume regular realizations. In the

absence of transaction costs the cumulative trade dollar profit/loss of one agent-type, that I

dub the holding-period invariant (HPI) amount, is identical to that of the other after taking

account of the sign difference:

HPFA
t ≡CPA

t =
∑n

i=1

∑ j=t

j=2
ri, j pi, j−1XA

i, j−1 ≡−CPB
t ≡−HPFB

t =−
∑n

i=1

∑ j=t

j=2
ri, j pi, j−1XB

i, j−1.

(2.2)

Since I assume that both parties face the same riskless time value of money and mine focus

is on the difference in post-trade performance, I do not consider the trading return in excess

of the riskless rate.

Accumulating each trader profit account over any interval provides an exact value

of the net trading gain to agent-type A and exactly opposite gain/loss for agent-type B.

Moreover, the sum of the trading profits over both parties is always zero, as it should be.

Unlike the C-T methodology, the profit or loss as measured by HPI captures precisely the
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timing ability of each party to foresee future price movements without imposing arbitrary

assumptions about endogenous trader horizons on either or both groups. In this framework,

the profitable agent-type with the greatest foresight is the type that systematically buys

(sells) followed by a positive (negative) return and the profits of the two types on their

trade portfolios are always the mirror image of each other.

The only other study that I am aware of which also achieves a zero net daily trading

profits summed over two investor groups trading with each other is by Barber, Lee, Liu,

and Odean (2009). Like me, for each investor group they construct cumulative daily net

buy and net sell portfolios with stocks marked to market each day but with the proviso that

shares are included only for horizons of 1, 10, 25 and 140 days (i.e., six months). Hence,

in effect each group is forced to limit its investment horizon to a specified and relatively

short interval regardless of its actual horizon, unlike my approach which poses no limit

on the horizon as it is entirely determined by the group’s actual net trades. Limiting the

horizon to relatively short intervals such as one day, the main focus of their study, will not

meet the aim of evaluating the trading decisions of potentially informed investor groups

with stock timing ability as any such timing ability is unlikely to correspond to a fixed,

regular horizon such as one day. In fact, as it is well known, individuals are contrarian

traders who buy when prices are falling and sell when prices are rising such that the next

day, and even next six-month, return on their aggressive (market) orders must inevitably

be negative, as they find.

Figure 2.1 replicates the movement in the average monthly index value for the Tai-

wanese market over their sample period with the dashed line representing the index

movements and the solid line showing the Holding Period Invariant returns to an individual

investor who buys (sells) a constant number of shares when the index, i.e., stock price, is

falling (rising). Unlike Barber, Lee, Liu, and Odean (2009), no restrictions are placed on

the trade horizon of each class of investor. The graph indicates that this contrarian strategy

is highly profitable over their sample period with positive cumulative profits, questioning

their methodology that purports to show individual trading is extremely loss-making when

only short-term movements in the net trade portfolio are taken into account.

In their defense of either a one-day or relatively short-term horizon, Barber, Lee, Liu,

and Odean (2009, p.620) consider evaluating cumulative counterparty trading over longer

intervals than six months without forced short-term trading intervals as their primary



24
“Other People’s Money”: The Trading Performance of Household Investors vs. Delegated

Money Managers

0.00

2000.00

4000.00

6000.00

8000.00

10000.00

12000.00

-100,000,000

-50,000,000

0

50,000,000

100,000,000

150,000,000

200,000,000

250,000,000

Ta
iw

an
 a

ve
ra

ge
 in

d
e

x 
p

ri
ce

 

C
o

n
tr

ar
ia

n
 S

tr
at

e
gy

 c
u

m
u

la
ti

ve
 p

ro
fi

ts
 a

n
d

 lo
ss

  

Cumulative Profits and Losses Close price

Figure 2.1 Taiwanese market cumulative Profits and Losses from a contrarian strategy,
1995-2001 inclusive

analytical method but reject it on the basis that there are well-known statistical problems

associated with making comparisons over long periods. Below I propose and introduce a

method for overcoming these statistical problems by using Monte Carlo simulation with a

benchmark based on a random daily uninformed trading direction.

Adding in additional stocks does not change the nature of the argument, with the C-T

approach promoting the idea that incorporating multiple stocks in a portfolio increases the

robustness of that methodology and therefore also the HPI methodology. While, of course,

it is possible to adjust HPI estimates to include only abnormal returns as does Barber, Lee,

Liu, and Odean (2009), it is pointless if the aim is to simply compare trading prowess

as identical adjustments are made to both the buyer and seller return. Even adjusting for

transaction costs is largely unnecessary if both agent-types incur the same costs but the

usual presumption is that households incur higher transaction costs per trade than do either

domestic or foreign institutional investors. Conventionally, in the second stage of the C-T

methodology, the returns computed over a specified horizon are regressed on market risk

factors to obtain a risk-adjusted comparison of trading prowess. However, unless there

is a benchmark that would need to be in common for both agent-types, it is not clear
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what purpose risk adjustment serves if the idea is to measure pure trading ability with

the presumption that either each agent-type is risk-neutral or that there are negligible risk

differences between investor types.

What benchmark should one adopt to assess both the economic and statistical signifi-

cance of the trading ability of participants? The conventional approach in asset pricing is

to introduce a market portfolio benchmark but, as Diacogiannis and Feldman (2013) and

the associated literature cited therein point out, portfolios are never mean-variant efficient

making inferences difficult if not impossible. Grinblatt and Titman (1993) propose an

innovative method that bypasses the need for a conventional market benchmark and hence

much of the controversy within the asset pricing literature. They compute the difference

between the realized return on a particular portfolio and the expected return they would

have achieved had the portfolio manager been uninformed.

I utilize this insight and make it applicable to my problem by carrying out Monte

Carlo simulations. For any given sequence of daily trades over any given interval between

two types of participants, here collective households and foreign nominee institutional

investors, I can only observe one outcome corresponding to the realized wealth gain to one

party and corresponding loss to the other on the trade portfolio. While expost it is clear

that one investor-type achieved a better outcome then the other, the favorable outcome

may simply have been due to chance rather than superior knowledge, information, and

trading ability no matter how great the wealth gain to one party at the expense of the other.

How can one tell? Using 10,000 trials and the actual trades in every stock traded on every

day, I randomize the trade direction of the two participants to compute randomized wealth

gains and corresponding losses that simulate informationless trading. By examining the

proportion of times one investor category either achieves the same or better outcome purely

by chance, I attach statistical probabilities to each actual outcome based on this random

benchmark.11

According to Seasholes and Zhu (2010), the main benefit of aggregating each the entire

trades of each agent-type within the C-T methodology is to take into account the cross-

sectional correlation of stock returns that might otherwise bias the statistical significance

of agent-type returns if a pooled cross-section time-series regression methodology were

to be employed. When net buyer and net seller portfolios based on C-T are formed,

11I thank Michael Brennan for suggesting this extension of Grinblatt and Titman’s (1993) insight.



26
“Other People’s Money”: The Trading Performance of Household Investors vs. Delegated

Money Managers

and horizons imposed that are inconsistent with the trading data used to construct the

buyer and seller portfolios, this introduces measurement errors that may bias findings

towards one particular agent-type. Certainly, as a minimum, both sizeable and unnecessary

measurement error is introduced. For example, with an imposed one year horizon, the error

in measuring cumulative profit and loss for foreign nominee trades with households ranges

from plus EUR 2,388 million to minus EUR 3,045 million (see Table 2.4 and Figure 2.8

below). These errors are sizeable. One can far more easily and reliably construct the actual

trader profit or loss using the cumulative profit/loss on a mark-to-market HPI method

described above without imposing possibly arbitrary and or contradictory holding periods

and turnover rates on the aggregate trades of each agent-type.

The standard justification for adopting a specific holding period, whether it be (say)

one day, one month, one year, or two years, is that the individual trade data displays some

type of average turnover rate. However, these individual trades include trades within each

agent-type, as well as between agent types, and at the level of the aggregate type there

may be no meaningful turnover rate of fixed duration. For example, over the seventeen

year period in Finland between January 1995 and 2011, inclusive, households collectively

largely sell the main stock, Nokia, to foreign nominee institutional investors when the

stock price is rising and buy when it is falling with these price movements most likely

representing price pressure due to the order imbalances of foreign nominee investors.

These price movements do not occur based on any mechanical pattern such as a horizon of

a month or a year. Moreover, the findings of the current paper suggest that the household

pattern of trading is based on fundamental information as to whether the stock is either

under- or over-priced and, as such, is endogenous.

To explain in more detail how the C-T approach imposes implicit trade reversal at the

specified horizon length, N, denote the net buy-sell number of shares bought and sold

in stock i by the two trader types on date t as xA
i,t ≡ −xB

i,t for the two trading types. For

a horizon of N periods the buy and hold return commencing at period t is denoted by

rN
i,t pi,t−1, where rN

i,t = Ln
( pi,t+Di,t

pi,t−N

)
is the continuously compounded “buy and hold” return

over this period. The cumulative buy and hold return over the horizon N commencing at

time t for agent-type A is identical to minus the same return for agent-type B:

CRA
t+N =

∑n

i=1

∑ j=t+N

j=t
xA

i, jr
N
i, j pi, j ≡ −

∑n

i=1

∑ j=t+N

j=t
xB

i, jr
N
i, j pi, j−1 = − CRB

t+N . (2.3)
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At time t+N, by the implicit assumption underlying the C-T approach, all trades undertaken

N periods earlier at time t are reversed (i.e., expunged from the investor’s portfolio) at the

end of the horizon. Hence:

xA
i,t ≡ −xA

i,t+N and − xB
i,t ≡ xB

i,t+N , (2.4)

over the next horizon, and are then reversed again to yield a stable turnover rate with

the entire portfolio turning over every N periods. Thus the portfolio performance within

any given interval, N, depends entirely on trades made during that interval since earlier

holdings that the trader-type actually retains have been counterfactually removed.

However, since it is unlikely that agent-type A and agent-type B will have identical

turnover rates, or even relatively stable turnover rates at all, and thus the same horizon of

periods, the C-T approach will only give the same profit/loss as the HPI method if equation

(2.4) is precisely satisfied, i.e., the C-T turnover assumption is precisely satisfied. Thus,

computing the cumulative return over the first buy and hold horizon, as in equation (2.3),

and for each additional horizon, will only give the correct HPI solution in the unlikely

event that the horizons of the two agent-types firstly exist, secondly are identical, and

thirdly, that the horizon assumption made in the calculations is correct. By contrast, the

HPI solution provides the exact answer, regardless of the horizon, or even in the absence

of any horizon.

Due to Nordic countries such as Finland and Sweden reporting far much more dis-

aggregated data on investors than is available from other countries, there is extensive

information on household investor behavior which is unavailable from more opaque coun-

tries. Calvet, Campbell, and Sodini (2007) observe mutual fund holdings in Sweden at

the individual level, as well as individual direct investment in shares, to report that many

Swedish households are well-diversified and achieve high Sharpe ratios.

2.4 Data

2.4.1 Source of investor-level transactions

My data source is the well-established database from Euroclear Finland Ltd (formerly

Finnish Central Securities Depository) that includes all transactions in the share depository
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for all 1.061 million investor accounts (classified into 994,937 households, 722 institutions,

96 foreign investor nominee accounts and 65,010 others) with holdings in 232 unique

common stock listed on the Nasdaq OMX Helsinki Exchange, Finland. In this paper, I

focus on the three main groups of investors: households, domestic institutional investors,

and foreign investor nominee accounts, including all transactions for these accounts in

Nokia and in 32 other major Finnish stocks, as of January 1, 1995, carrying the analysis

through to December 31, 2011, a period of 17 years, inclusive.

Table 2.112 summarizes my basic household data over the 17 years of my study. On

average, there are 493,272 household accounts of which only about 42 percent are active

each year with one or more trades. Barrot, Kaniel, and Sraer (2016) report that 49 percent

of individuals in their sample based on a French discount broker make at least one trade

a year while Kumar and Lee (2006) report 45 percent for a major US discount broker.

Hence the trading propensity for all Finnish households is slightly lower than that reported

for the French and US discount brokers. Over the full period of the data, the value of

these accounts has approximately doubled, with a commencement value of around EUR

16 billion. However, at the height of the Nokia bubble period in 1998 the value temporarily

rose to a staggering EUR 63 billion. While the mean household portfolio value is about

EUR 60.7 Thousand over the entire period, the median value is far lower at only EUR 4.3

Thousand, showing that the distribution of shareholder wealth is highly skewed. Over the

period the mean number of stocks per household account has risen from only 1.9 to 3.4 with

the median value remaining at one stock for most of the period, while recently increasing

to a modest two stocks per household account. Consequently, with some exceptions

pertaining to a small number of wealthy households possessing hundreds of stocks, there

is little evidence from my dataset of any desire by the typical Finnish household investor

to diversify and hence they appear willing to bear risk. Finally, and perhaps surprisingly,

female-headed accounts make up a sizeable 34 percent of the total.

12The term “active trader” defined in Table 2.1 is only for the reader to gain an overall understanding of the
Finnish households trading behaviours. In my HPI sample analysis, I have applied the sample selection
criteria based on the discussions in Section 2.4. I also split my entire Finnish individual traders into active
households and passive households. The details are presented in Section 2.7.
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In assessing the willingness of Finnish households to diversity or bear risk one needs

to consider the limitations of my individual household data as it pertains to the individual

shareholdings and thus does not assign mutual fund holdings to individuals. Moreover,

representing the legal records of Finnish stock holdings, it does not include any foreign

stock holdings, either individual stocks or mutual funds. I have no reason to think that

Finnish households are any more or less diversified than are their Swedish neighbors

for which there are comprehensive records of their entire individual portfolios based on

official wealth statistics. Calvet, Campbell, and Sodini (2007) find that nearly two-thirds

of Swedish households participate in financial markets and for those that participate about

60 percent consists of risky assets and the remainder cash. A substantial portion of these

risky assets are delegated to mutual funds inclusive of foreign shares and that the majority

of Swedish households are sufficiently diversified to outperform the Sharpe ratio of their

own domestic stock index.

To describe entire cycles of boom and bust, I split up my entire data period into four

sub-periods: the Grinblatt and Keloharju (2000) period of analysis consisting of just two

years, 01/03/1995 - 12/31/1996; the high-tech boom and collapse period, 01/03/1997 -

07/03/2003; the pre-GFC boom to post the Lehman Brothers bust, 07/04/2003 - 03/06/2009,

the post GFC period, 03/07/2009 - 12/30/2011; and I also analyze the entire 17-year period

for which data is available, 01/03/1995 - 12/30/2011.13

2.4.2 Data steps

From my dataset I compute the daily buys and sells undertaken by every household

individually and foreign nominee institutional investors, in every market that conducts

trades in Finnish stocks over the seventeen years of my daily data. On eliminating on a

daily basis trades between households, between domestic institutions, and between foreign

nominees, I am left with the daily net buys and sells of the three groups, (i) households and

foreign nominees; (ii) households and domestic institutions, and (iii) domestic institutions

and foreign nominees. While many trades between these three groups can be matched at

the level of individual trades, this is not possible for all trades. However, since I have the

entire population of trades by households, domestic institutions, and foreign nominees’

13I perform various verifications in the Appendix A.1.1 to demonstrate that the raw dataset collected from
Euroclear Finland Ltd is robust with respect to my results.
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institutional investors, I solve for the unique allocation of trades that equates daily buys

and sells between each of the three groups. For example, if the net holdings of foreign

institutions in (say) Nokia increases by x shares on day t while domestic institutional

holdings fell by y shares and households by z shares with a constant total stock of Nokia

shares held collectively by these three shareholder categories, then foreigners purchased y

shares from domestic institutions and z shares from households totaling x shares. Since the

holdings of both classes of domestic investor diminished on this occasion, neither was a

net buyer from the other.

The initial holdings of my three groups are inferred from backward induction by the

requirement that the holdings of households and domestic mutual funds cannot be negative,

given the daily sequences of matched buys and sells for each participant group and the

marking to market of each investor groups entire portfolio on the last day of each event

period as well as on the last day of the dataset.

Table 2.2 summarizes my three samples of HPI portfolio trades, 1995-2011, and

the overall traded value of my three investor groups, households, domestic, and foreign

institutions.

I select 32 leading Finnish firms based on three criteria. The first criterion is that the

firms be leading firms from the sample of approximately 100 firms that survive and have an

average market capitalization larger than EUR 100 million presented in Table A.1.1 sorted

by average traded value per day during the entire sample period. The second criterion is

that the firms be ranked in the top 50 for the proportion made up of foreign nominees’ trade

and their value traded from 1995 to 2011. The third criterion is that the number of trading

days for the stock should be at least 250 trading days. I combine these three ranking filters

with a limit of 32 firms. My method implies a “look ahead” bias in the choice of the 32

stocks to analyze, but this counts against my findings in that my stock sample is precisely

chosen because foreign institutional investors chose to trade these relatively large stocks

due to a self-selection process in which this investor class chose stocks they expected to

outperform.14

The Finnish equity market behaves quite differently from other developed markets,

such as U.S. stock market. Among the entire 232 Finnish stocks during the examined

periods, there are only 126 Finnish stocks that meet the first two criteria: 1) trade more than

14I am grateful to Michael Brennan for alerting me to this potential problem.
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250 trading days, and 2) have an average market capitalization of at least EUR 100 million.

The remaining stocks are not as useful to be the focus of this study, because they are too

small to attract sufficient foreign nominee interest. Among these 126 Finnish stocks, I also

added a filter to pick the top 50 market share by foreign institutional investors. Finally,

I have 32 leading stocks. The average trading volume of Nokia over the entire 17-year

period (1995-2011) represents more than 50% of the average daily trading volume supplied

by the 32 large Finnish stocks and 39% of the average daily trading volume supplied by the

126 leading Finnish stocks. In terms of the average daily market trading value and average

market capitalization, Nokia alone makes up a similar percentage rate of approximately

50% among the 32 stocks and 40% of the 126 major Finnish stocks.15 Nokia is also ranked

as the top stock in foreign institutional investors’ average market share holdings among

these 126 Finnish stocks. Hence, since Nokia dominates the Finnish market, I must give

considerable weight to it in my analysis.

By the nature of my HPI methodology, there should be a sizeable level of participation

by foreign institutional investors in the stocks that I investigate so as to avoid any bias in

favour of Finnish households in my paired trading group framework. Hence, I should con-

sider the data sample that captures the sizeable matched trades between each paired group.

Otherwise, my findings may be biased toward the investor category that has undertaken

less trading activity. Moreover, the HPI matched trading group will eventually end up

with many zero-balance trades and perhaps too few paired trades to draw strong statically-

significant conclusions if the sample is too unbalanced. Since I find that households are the

superior traders, it is important to ensure that any biases are least favourable towards this

group. Since, almost definitionally, institutional investors should relatively perform better

in the larger stocks such as Nokia which they relatively prefer, it is important to ensure that

bias due to endogenous choice by institutional investors, and which favours these losing

investors, remains in my analysis. Nonetheless, for completeness, I have included the HPI

trading performance results for the entire set of 232 Finnish stocks for Finnish household

trades with Foreign Nominee institutional investors in Table 2.6 without introducing any

specific sample selection criteria.16 The results do not alter by much. Details concerning

these stocks are presented in Table A.1.1.

15I present the summary of the top 100 stocks matched with three selection criteria in Table A.1.1.
16I thank Ron Kaniel for suggesting to test the entire 232 Finnish stocks to eliminate concerns on the sample

selection bias.
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2.5 Results

I focus on the largest Finnish stock, Nokia, within the group of 32 major Finnish firms

and presents trading profits and losses of each agent type and their counterparts in Table

2.3 Panels A to C for Nokia.
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Once the net trade flows in Nokia between the various agent-types, household and for-

eign nominees, households and domestic institutions, and domestic and foreign institutions,

have been computed, the HPI methodology set out in equations (2.1) and (2.2) above is ap-

plied to trades between households and foreign nominees, trades between households and

domestic institutional investors, and, finally, domestic institutional investors and foreign

nominees in Table 2.3, Panels A to C, respectively.

These tables, as well as the remaining tables included, present the results when transac-

tion costs are considered but they indicate that differences arising from transactions costs

are not great. To account for transaction costs I apply realistic average brokerage costs

that representative retail and institutional investors are expected to pay. Since it has been

shown in the literature (e.g. Linnainmaa (2010)) that household investors are likely to use

limit orders are executed on the initiation of other (institutional) traders I do not impose

a bid-ask spread transaction cost component on household investor trades. I also do not

impose a negative effective spread that would be a result of the above observation since a

significant proportion of retail trades would still be executed using marketable limit orders

that exhibit positive effective spreads. I also assume that household orders are not affected

by market impact as their order size is typically below average trade size. I hence do

not adjust for spread and market impact and apply a brokerage fee of 0.5 percent or 50

basis points for households, which corresponds to what an average online or active phone

customer would pay in brokerage fees.

Institutional trades are likely to be impacted both by the bid-ask spread, typically the at

the minimum tick size EUR 0.01 during most of the trading day, and by market impact. As

these metrics are difficult to measure in a reliable way across a large sample of transactions

and over a long time-period, and since it might put institutions at an unfair disadvantage

vs. households in my comparison, I also do not adjust the institutional transaction costs for

spread or market impact. For institutions, I apply a transaction cost of 0.1 percent or 10

basis points, which correspond to what an active large institution would pay in brokerage

fees. Some of the literature on transaction costs tends to assume that the difference in

transactions costs between households and institutions is even higher than the five-fold I

apply. My argument is that in today’s highly liquid automated market, transaction costs are

a relatively small factor that is unlikely to explain the results. In unreported work I simulate
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imposing very high transaction costs on households and extremely low transaction costs

on institutions and this does not alter my main findings.

Figure 2.2 shows the daily cumulative net purchases of Nokia by households and

foreign nominees over my entire sample period while Figure 2.3 displays the cumulative

profit and loss for households and foreign nominees over the entire period. It can be

seen that foreign nominee cumulative daily profit almost perfectly tracks the Nokia stock

price over the entire period. This is because foreign nominees almost perfectly follow

the trend in the price of Nokia over the entire period, consistent with the noisy rational

expectations literature, e.g., Brennan and Cao (1996), in which foreign investors are

relatively uninformed.17 Figures 2.4 to 2.7 shown in the Appendix graph the cumulative

daily profit and loss for households and foreign nominees in Nokia over my periods of

analysis, together with the Nokia stock price.

2.5.1 Entire Period: January 3, 1995 to December 30, 2011

Figure 2.2 shows that, since approximately 2008 when the price of Nokia began to fall,

households have been net buyers of Nokia from foreign nominees but over much of the

earlier period households have been net sellers, especially when Nokia was rising in price.

Nokia, having risen rapidly in value from a little over a EUR to about EUR 63 in April

2000, fell to about EUR 3.5 by the end of 2011. It is especially in this latter period that

Figure 2.3 and Table 2.3 Panel A shows that after transaction costs, households collectively

made significant trading gains at the expense of foreign nominees that totaled EUR 4,922.8

million even after deducting the “loss” of EUR 580 million made during the last two years

of the 17-year period. The net loss to foreign nominees was EUR –4,927.9 million for

institutions with the EUR 5 million difference due to differential transaction costs. Hence

transaction costs, while not a deciding factor, affect the profits of households more than for

institutions due to the five times higher costs paid by households.

17In personal correspondence, Masahiro Watanabe argues against this interpretation on the grounds that
relatively uninformed investors would not trade in the apparently aggressive style used by foreign nominees.
However, given that foreign nominees are trading in the world market for Nokia and the Finnish economy
is negligible in size relative to the world economy, it is not surprising that foreign nominees dominate the
Finnish market for Nokia and appear highly aggressive even though they appear to lack information.
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Figure 2.2 Daily cumulative net purchases for Household and Foreign Nominees on Nokia
and Nokia’s Closing Price, January 3, 1995 to December 30, 2011 - Entire Period
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Figure 2.3 Cumulative daily Profits and Losses for Household and Foreign Nominees on
Nokia and Nokia’s Closing Price, January 3, 1995 to December 30, 2011 - Entire Period
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2.5.2 Sub-Period 1: January 3, 1995 to December 30, 1996

Grinblatt and Keloharju (2000) conclude from trading evidence based on an assumed

six-month trading horizon over this period in the major industrial stocks that foreign

nominee institutional investors “significantly outperform” and households “underperform”

such that foreign investors appear “sophisticated” and “smart” (to use their terminology)

compared with households. Apart from the assumption of a fixed horizon common to all

investors, they construct buy ratios for individual trades inducing a possible cross-sectional

bias in their statistical findings. An inspection of cumulative profit and loss in Figure 2.4

shows that households lost significantly with respect to their trades in Nokia with foreign

nominees over the first year, 1995, but more than made up for these losses during 1996

to finish with a EUR 3.23 million profit gain for households and a corresponding loss for

foreign nominees of 3.68, as shown in Table 2.3 Panel A above, where P&L is measured

net of transaction costs.
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Figure 2.4 Cumulative daily Profits and Losses for Household and Foreign Nominees on
Nokia and Nokia’s Closing Price, January 3, 1995 to December 30, 1996 - Grinblatt and
Keloharju (2000) Evaluation Period
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2.5.3 Sub-Period 2: January 3, 1997 to July 3, 2003

Households did not commence significant trading with foreign nominees until halfway

through the period in January 2001 when Nokia had almost reached its peak. Households

continued to sell for another two years before commencing modest purchases. Over this

period, Figure 2.5 shows they continued to reap large gains at the expense of foreign

nominees, ending up with significant accumulated profits of EUR 2,664 million at the

expense of foreign nominees at the end of the high-tech bubble period on their net trade

portfolio, as shown by Table 2.3 Panel A. Since households gain largely due to superior

trade timing ability that is fully reflected in the HPI methodology, the imposition of

mechanical investment horizons, as in the C-T methodology, severely adversely affects the

measured trading performance of households.

Could the apparent informational advantage of households be due simply to “luck”

as a result of portfolio rebalancing as they divested Nokia to gain diversification benefits

once Nokia became a world stock?18 This represents an implausible scenario as individual

Finnish households typically held only one stock for most of my sample period with little

indication of seeking diversification benefits within my dataset. I test the “luck” hypothesis

by computing the internal rate of return (IRR) to households by simply buying and never

selling until the end. The “BuyOnly” IRR yields a return of minus 25 percent instead of

the plus 42.84 percent of their actual IRR over the entire period (see below). The failure of

this “buy and hold” methodology to approximate the actual IRR is not surprising as such a

“BuyOnly” IRR methodology represents an extreme form of the C-T methodology with

the household actual sales ignored, other than the notional sales at the end of the period.

2.5.4 Sub-Period 3: July 4, 2003 to March 6, 2009

In the post high-tech boom period that was prior to the GFC collapse, households

purchased the leading stock, Nokia, from foreign nominees until November of 2004, after

which they continued to sell for the next three years until December 2007 when they

commenced purchasing again. Their cumulative trades are almost precisely the mirror

image of Nokia’s price movements over this period while, of course, foreign nominee

cumulative trades almost exactly match Nokia price movements in the opposite direction.

Thus households buy Nokia when it is a recent loser, i.e. its price is falling and they hold
18Michael Brennan raised this point in correspondence and proposed the “BuyOnly” IRR tests.
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Figure 2.5 Cumulative daily Profits and Losses for Household and Foreign Nominees on
Nokia and Nokia’s Closing Price, January 3, 1997 to July 3, 2003 - the High-Tech Bubble
Period

on to their existing inventory, and sell Nokia when it is a recent winner, i.e., when its

price is rising. Much of the extensive literature on the ’disposition effect” surveyed by

Barber and Odean (2013) might infer that household investors in Nokia are subject to this

psychological problem when in fact they appear to be successful traders or speculators.

Figure 2.6 shows that households made significant accumulated losses as they heavily sold

Nokia until it reached its peak but more than recouped these losses once the full force of the

GFC collapse was evident. In fact, Table 2.3 Panel A shows that households significantly

profited by EUR 580.2 million net of transaction costs, at the expense of foreign nominees,

by the end of the GFC bubble period.

2.5.5 Sub-Period 4: March 7, 2009 to December 30, 2011

Households continued to purchase from foreign nominees over this entire period while

Nokia continued to fall in price. Figure 2.7 and Table 2.3 Panel A shows that, within this

data period, this acquisition strategy is yet to pay off with a significant accumulated loss of
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Figure 2.6 Cumulative daily Profits and Losses for Household and Foreign Nominees on
Nokia and Nokia’s Closing Price, July 4, 2003, to March 6, 2009

EUR 613.2 million but events past the cut-off date suggest that this has nonetheless proved

to be a winning strategy.

2.5.6 The magnitude of the measurement error induced by Calendar-

Time Portfolios

The C-T portfolio profit and loss for horizons ranging from one month to one year is

computed using the buy and hold formula given by equations (2.3) and (2.4) above. In

Table 2.4 and Figure 2.8, the error in measuring cumulative profit and loss for foreign

nominee direct trades with households ranges from plus EUR 2,388 million to minus EUR

3,045 million. These errors are more severe, the longer is the imposed investor horizon.

Figure 2.8 show that the C-T approach correctly indicates the direction of the trading

profit change only 51 percent of the time. Such is the magnitude of the errors in variables

problem induced by the use of the C-T methodology that trading portfolio alpha regression

estimates found after controlling for market risk factors become highly questionable. These

regressions are typically carried out in the second stage of C-T applications.
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2.5.7 Extension to 32 major Finnish stocks and entire 232 Finnish

stocks

In Table 2.5 Panels A to C I extend my findings for Nokia for my three investor

groups and four time periods plus the entire sample period to my main sample of 32 major

Finnish stocks, inclusive of and excluding Nokia. My findings are very similar to my

earlier results just for Nokia. Households outperform both institutional investor groups

and domestic institutions outperform foreign nominees. However, the magnitude of the

additional trading profit earned by including an additional 31 major Finnish stocks is not

great because these remaining stocks are much smaller than Nokia and were not subject

to such extreme valuation fluctuations as was Nokia. These tables also report the profit

measured after transaction cost per Euro traded. For households inclusive of Nokia these

profit rates range from 3 percent to 16 percent but are much lower if Nokia is excluded. For

domestic institutions trading with Foreign Nominees the net profit rate might appear low

at only 3 percent yet, such is traded volume, profits aggregate to many billions of Euros

over my trading period.

To eliminate any concerns over sample selection bias, I extend my HPI analysis to

the entire 232 Finnish stocks from 1995 to 2011 and the results are presented in the

Table 2.6. I still find that households display significant superior trading ability against

both foreign nominees and domestic institutions, respectively, but with a slightly lower

trading profitability rate for each matched trading pair. In the comparison with institutional

investors, domestic institutions also earn less trading advantage over foreign nominees in

the aggregated 232 Finnish stocks HPI trading portfolio compared with the aggregated HPI

portfolio constructed by the large 32 Finnish stocks. The most likely explanation is that the

relative lack of foreign institutional interest in smaller stocks means less trend following

and fewer sizeable profit opportunities for both domestic households and institutional

investors. To put it differently, less foreign institutional interest translates into better

pricing and thus fewer domestic profit opportunities.
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2.5.8 Conventional investment performance proxy – Internal rate of

return (IRR)

As a robustness check, I also perform internal rate of return (IRR) calculations without

imposing any horizon assumptions other than the start and end dates of the projects to

evaluate household, domestic institutional and foreign nominees trading ability. IRR takes

an NPV “investment view” of expected financial results. This means, essentially, that the

magnitudes and timing of cash flow returns are compared to cash flow costs. IRR analysis

begins with a cash flow stream, the series of net cash flow outflow figures required for

the investment with a positive realization of the portfolio at the end. I computed the HPI

portfolio initial values of each agent-type, as described above, and marked to market on

day 0 as its own initial investment outlay. I then take the daily value of stock purchases

as additional investment outlay with sales representing a cash benefit over each one-day

period from 3rd January 1995 to 30th December 2011. On the final day, the value of the

portfolio is marked to market as the cash realization.

My continuously compounded IRR formula is standard, (e.g., as in SAS’s IRR solve

routine):

j=k∑
j=1

NPV j =
∑ j=k

j=1

[
−IHV j,t=0+

∑ j,t=n−1

j,t=1

(
Daily NCF j,t

)
e−rt +FHV j,ne−rn

]
= 0, (2.5)

where NPV is the net present value of the portfolio of the k stocks with k = 32 or 31 when

there are multiple stocks, IHV j,t=0 is the opening initial holding value of the jth stock in

the portfolio representing the initial investment outlay, t is the designated day commencing

at day 0 and finishing at t = n−1, Daily NCF j,t is the daily Net Cash Flow consisting of

the EUR value of sells for the jth stock in the portfolio when a sell occurs and is negative

for purchases representing investment outlays, FHV j,n is the final realized holding value

of the jth stock in the portfolio on the last day, day t = n, and e−rt is discount factor with r

the continuously compounded daily rate of return that is converted to its annual equivalent

based on 250 trading days per year.
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The “Buy Only” IRR is represented by:

j=k∑
j=1

NPV j =
∑k

j=1

[
−IHV j,t=0−

∑ j,t=n−1

j,t=1

(
Daily Purchases j,t

)
e−rt +FHV j,ne−rn

]
= 0,

(2.6)

where the only difference is that sales are ignored until the end-date with Daily Purchasest

representing the negative cash outlay each day a stock purchase occurs.

Table 2.7 Panel A displays the IRR results for Nokia alone over the four periods

described above and for the entire seventeen-year period. The households’ HPI investment

portfolio yields a unique 42.84 percent annualized continuous compounded internal rate of

return, compared with a – 42.84 percent internal rate of return made by foreign nominee

institutional investors over the entire seventeen years’ period. For a few stocks other than

Nokia there was evidence of multiple roots and for these stocks the root recommended by

the SAS routine was chosen. The counterfactual household “BuyOnly” IRR is massively

lower at -25.15 percent p.a., indicating that it is necessary to include the exact timing of

asset sales, as well as purchases, as the regular IRR method does. The "BuyOnly" IRR

is but a crude extension of the conventional “buy and hold” C-T methodology, with my

findings indicating that it severely distorts performance measurement. The remaining rows

show that there is a huge variation in the IRR over the four shorter periods. For the most

recent interval from March 2009 to December 2011 all IRR’s are either negative or are not

defined due to falling prices.

Table 2.7 Panel B extends the IRR analysis to the full sample of a portfolio of the 32

(31) designated stocks, with the entire portfolio treated in the same way as the IRR for

a single stock. In the interests of space, only the entire sample period results are shown.

The table indicates that the IRR earned by households in trading with foreign nominees

in the 31 stocks sampled earned a lower IRR of 19.1 percent p.a., which is about half the

magnitude for Nokia alone. The final row in Table 2.5 Panel A shows that this return

corresponds to a trading profit rate on trades of 16 percent. Thus, relatively large trading

profit rates translate into quite high IRRs, given the magnitude of trading.
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The exceedingly high returns earned by households trading with either domestic

or foreign institutional investors over the 17-year period, or for that matter, domestic

institutions with foreign, suggests that they trade on the basis of private information. But

what could be the source of this private informational advantage? One possibility is that

households living in the greater Helsinki area are de facto insider traders as Nokia and

other major companies are headquartered there and Nokia employees could pass on price

sensitive information to neighboring households. A number of empirical studies find that

information is more readily transmitted over short rather than long geographic distances.

For example, Hau (2001) document that location matters in generating trading profits.

Coval and Moskowitz (2001) find evidence of local informational advantages while Hong,

Kubik and Stein (2005) find that word of mouth is used to share information by mutual

fund managers in close geographic proximity. If this is the case then I should find that

when greater Helsinki households are pitted against households in the remainder of the

country in a trading battle for supremacy that the former dominate.
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Figure 2.9 Finland Consumer Confidence Indicator (CCI) as an exogenous variable re-
flecting economic environments – Monthly

Since my database includes the local postcode addresses of the over one million Finnish

trading accounts and these households trade with each other as well as with domestic and

foreign institutions, columns (1) and (2) of Table 2.8 test the hypothesis that households

located close to Nokia headquarters possess better information on which to trade than do

households located elsewhere in the country. Table 2.8, showing the cumulative profits for

each trading group in millions of Euros, is split into three periods spanning the 17 years of

the database based on the lowest points in the Finnish Consumer Confidence Index (CCI)

displayed in Figure 2.9. These business cycle turning points differ from the stock price

index turning points used in the previous tables. Yes, indeed, the first two columns confirm

the hypothesis that Helsinki households trade with their non-Helsinki based on superior

information. The table indicates that Helsinki households profited by 198.86 million Euros

in trades with their non-Helsinki counterparts over the 17 years of my data in 32 large

Finnish stocks inclusive of Nokia. Not surprisingly, the bulk of the profits were made in

Nokia. The remaining columns basically confirm the previous findings based on stock

price index movements that households are overall the most informed traders, followed

by domestic institutions and, finally, foreign institutions. Branikas, Hong and Xu (2016)
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document the effect of households location choices on portfolio choices, however, this

is not the case in my Finnish households sample, clearly they do not have the ability to

determine the location they were born.

In Table 2.9 I pit the two identified household trading groups, Helsinki and the re-

mainder, individually against both domestic institutional and foreign investors to test the

hypothesis that Finnish households are collectively better informed and thus superior

traders even when not in receipt of insider information due to the close proximity of Nokia

headquarters. Panel A is based on the intervals specified by the CCI and Panel B, the stock

price index. Both the Helsinki and remainder groups dominate foreign investors with the

two groups respectively earning EUR 3,506 and 2,349 million trading profit based on the

32 largest stocks inclusive of Nokia at the expense of their geographically very distant

counterparties over the full 17 years of the database. The Helsinki households remain

superior traders when pitted against their domestic institutional rivals with a profit of

EUR 600 million but for the remaining households it is lineball with domestic institutions

gaining approximately EUR 100 million but losing approximately the same amount on

non-Nokia stocks. Since most domestic institutional investors are located in Helsinki,

the remaining households suffering a geographic informational disadvantage do well to

draw lineball. I conclude that Finnish households overall appear to have better access to

information than do either domestic or foreign institutional investors.
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2.7 Robustness Check

Barrot, Kaniel, and Sraer (2016, pp.160-162) examine the ability of a sample of

individual investors from a French discount broker to learn how to earn trading profits

from liquidity provision based on their contrarian trading strategy. They find that traders

that are less picked-off and reverse their trades more rapidly are more likely to survive

while less experienced traders are more likely to suffer attrition. This finding raises the

possibility that my results above showing the superior trading ability of Finnish households

could be upward-biased or my findings reversed since there is both attrition in my sample

of household traders and the entry of new traders. Since my methodology excludes trades

between households, could I be missing the losses of households that suffer attrition if they

sell out to newly entering households? To find out I redo my analysis presented in Panels

A and B of Table 2.5 above and this time confine it to just those households who actively

participated at the beginning of my sample period commencing in 1995 and thus exclude

newly entering households. In Table 2.10 I report these new results to show that actually

the initial household investors do a great deal better than the entire sample inclusive of the

new entrants. For example, the profit rate for households trading with foreign nominees

inclusive of Nokia is 29 percent over the entire sample period compared to only 0.16 for

the entire sample, as shown in Table 2.5. I thus reject the conjecture that the exceptional

performance of Finnish household traders in my sample is due to bias introduced by the

attrition of poor traders and the entry of new traders.

Barber and Odean (2013) claim that many individual investors seem to trade too much

with a perverse security selection ability. This finding raises the question that whether active

Finnish individual traders and passive Finnish individual trades perform differently when

they direct trade with either foreign nominees and domestic institutional investors. Hence,

given the entire 17-year examine period, I split households into two categories, i.e., active

households and passive households. For each individual household account, the individual

trader is defined as the active trader if making at least 100 trades and trading more often

than once a month, otherwise, the individual trader is defined as the passive trader. Over

the 994,937 households, the active households category contains approximately 30,000

active individual traders. I redo my analysis presented in Table 2.5 above as a result of

the households trading frequency by constructing two HPI trading pair groups, active

households and foreign nominees, and passive households and foreign nominees. The
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results are presented in Table 2.11 Panel A and Panel B, respectively, showing that active

individual traders do worse than passive individual traders when they directly trade with

foreign institutional investors.19 Foreign nominees are statistically significantly dominated

by both active households and passive households, but active individual traders show

relatively less trading advantage over passive traders in the face of foreign nominees given

the same examined period and same sample. Over the entire 17-year period, in the direct

trades with foreign nominees, active households gain a profitability rate 7% over the 28

Finnish stocks which is lower than the profitability rate made by passive households 31%.

For Nokia alone, passive households earn a superior 41% profitability rate compared

with the active household’s rate of 29%. But note that active households still massively

outperform Foreign Nominee institutional investors. Hence, while it may be true that some

individual investors trade too often and to their relative detriment, it is not true that highly

active households under-perform institutional investors. The so called “overconfidence”,

“boys will be boys”, phenomena claimed by Barber and Odean (2001) is largely due to

their assumption of a huge almost 4% round-trip trading cost for households utilizing a

“discount broker”. Normally, discount brokers not offering advice charge almost negligible

fees.

19I do not include the similar table to show the difference when they trade with domestic institutions due to
the lesser amount data available to capture the statistical significance of HPI trades.
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2.8 Conclusion

In this paper I develop and apply to the all households, domestic institutions, and

foreign nominee institutional investors in Nokia and 32 other major Finnish stocks a new

methodology I dub the holding-period-invariant portfolio method. This is in contrast to

the conventional C-T portfolio methodology that had its origins in important contributions

made by Jaffe (1974) and Mandelker (1974) approximately forty years ago. I also adopt an

extensive seventeen-year window of matched daily trades by each investor group based

on the daily portfolios of all Finnish investors in Finnish stocks, all households and all

domestic institutional investors.

The conventional C-T portfolio approach owes its justification to the presence of cross-

sectional dependence in the trades of individual participants and hence the aggregation

of individual trades to the level of a single investor-type. However, this method then

unnecessarily assumes that all investors mechanically turn over their entire portfolio at a

specified interval corresponding to an assumed horizon. I show that this methodology leads

to bias and considerable errors and even an inability to correctly indicate the direction

of the trading profit change. By contrast, my methodology is free of such error and bias,

enabling it to recognize the endogenous nature of investment timing decisions made by the

million or so individual households in my dataset.

I find that the direct trade portfolio of households with foreign institutional investors in

Nokia results in a gain to households of EUR 4,923 million over the seventeen years of

my dataset. This represents a striking internal rate of continuously compounded return of

42.84 percent p.a.. If the Calendar-Time “Buy and Hold” equivalent of the IRR, that I dub

the “BuyOnly” IRR, is used instead the return falls to minus 25 percent p.a.., indicating

severe methodological error. While domestic institutions lost out to households in direct

trading, these institutional investors gained an even larger reward of EUR 14,113 million,

or an IRR of 51.79 percent p.a.., in their trades with foreign nominees, 1995-2011.

The trading advantage of households over both domestic and foreign institutional

investors is unlikely to be due purely to a locational home advantage as households share

their advantage with local institutions. Hence the household trading gain of a fairly modest

EUR 354 million in Nokia at the expense of local institutional investors (IRR 13.18 p.a.)

appears dependent on the absence of agency issues with the concomitant better risk-reward

incentives possessed by households and ability to better exploit any personal or ‘inside’
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information. Consistent with this view, I find that households located geographically

near Nokia headquarters dominate more distant households and that both groups dominate

foreign investors such that even households geographically distant from Nokia headquarters

and potentially insider-trading employees are still more informed than foreign investors.

The better performance of both household groups and domestic institutions over foreign

institutions with a combined gain of EUR 20,809 million suggests that there remains an

overall ‘home-bias’ informational advantage.

As Hayek (1945) pointed out, the only way that individuals possessing valuable private

information can effectively exploit such information is for them to act on it themselves.

Delegation to others is impossible, putting the agents of relatively less informed households

– namely institutional investors – at a disadvantage. Friedman (1953) famously predicted

the demise of destabilizing speculative activity due to inevitable losses. However, his

prediction failed to account for agency issues endemic with professional money managers

and their loss of other people’s money.





Chapter 3

The Gender Face-Off: Do Females

Traders Come Out On-Top
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“Women of the Street” 2015, “Market bubbles may be a male phenomenon, and if so, then
investment returns could be improved if your money was managed by a woman.” It is
female, not male, who are the superior investors and that we would all be wealthier and
more financially secure if we learned to invest “like a lady.”

3.1 Introduction

Does gender matter when investing in the equity market? As data quality used in

evaluating individual investors’ trading performance in research is predominantly poor in

comparison to institutional investors, in this paper I utilize a remarkably comprehensive

data set that allows us to provide new and improved insight into the Finnish individual’s

trading behavior over the 17 year period, 1995-2011, on a daily basis. Specifically, I adopt

an approach dubbed the “holding-period-invariant” (HPI) portfolio methodology firstly

introduced by Lu, Swan and Westerholm (2016) to investigate whether gender difference

affect households’ investment decisions.

With limited aims in this study, I only focus on trades between counterparties such as

female investors with male investors, female investors with non-female, i.e., males plus

all institutional investors plus all other categories of investor, and male investors with

non-male, i.e., female and all non-female investors, respectively. I am not concerned with

the performance of their overall stock portfolios. Furthermore, I lack resources from data

providers to access every household’s derivatives accounts, together with their income

information, although I do know age and geographic location,1 as well as gender and

each individual’s daily trades and daily equity portfolio for every day for 17 years. I also

know family names and can identify spouses, including the spouses of designated insider

traders.2 Thus I do not claim to offer a comprehensive treatment of the overall performance

of each investor type but rather emphasize the differences in both knowledge and timing

ability that are reflected in matched counterparty trades over extended time periods.

An extensive academic literature documents that gender matters in a number of different

domains, including consumption, labor market, investment and corporate governance (e.g.

compensation of top executives). In particular, recent finance literature has claimed that

male and female investors differ in terms of risk aversion, overconfidence and mutual trust,
1Hau (2001) document that location matters in generating trading profits.
2I follow the procedures described in Berkman, Koch, and Westerholm (2014) to identify Finnish insider
female and male investors’ account over the period 2000 to 2011.
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with these dimensions impacting financial decision making and performance. For instance,

several studies have documented that female investors seem to be more risk averse than

male investors, hold less volatile portfolios, and expect lower returns (e.g., Sunden and

Surette (1998), Agnew, Balduzzi, and Sunden (2003), Eckel and Grossman (2008), Croson

and Gneezy (2009), Bertrand (2011), as well as Niederle (2014). Male investors invest

more often and more aggressively than female investors when facing financial opportunities

(Deaux and Farris (1977), Barber and Odean (2001), and Dorn and Huberman (2005)).

Other argues that male investors are more overconfident than female investors (e.g., Barber

and Odean (2001), and Niederle and Vesterlund (2007, 2011)), but Dorn and Huberman

(2005) find in a survey of investors matched up with their actual trading accounts that

two proxies for overconfidence fail to explain cross-sectional variation in trade intensity.

Self-reported less risk averse respondents and less experienced investors’ trade a great

deal more. Niessen-Ruenzi and Ruenzi (2015) find evidence that investors are reluctant

to invest in female-managed U.S. equity mutual funds but these flows are not driven by

differences in past performance, or fund characteristics other than gender. Hence they

put down these differences as evidence of prejudice. Bose, Ladley and Li (2016) model

testosterone differences within a trading model.

Recent research into the brain using experimental findings together with brain imaging

by Bruguier, Quartz, and Bossaerts (2010) has found an association between the “theory of

the mind” and trader intuition, including the ability to detect informed traders in the crowd.

“Theory of the mind” refers to an ability to read either benevolence or malevolence, e.g.,

the presence of an informed trading opponent, into patterns in one’s surroundings and is

different from mathematical reasoning skills. Walker (2005) and the literature she cites

finds that females, here 3-to 5-year old children, are more competent at theory of the mind

tasks than are similar males. Rueckert and Naybar (2008) find that females perform better

on a test for empathy than do males while pointing out that empathy is similar in concept

to the “theory of the mind”. Similarly, Derntl et al. (2010) find that females utilise more

emotion-related areas of the brain relative to males. Thus while Bruguier, Quartz, and

Bossaerts (2010) had too small a sample to be able to detect trading differences between

males and females, there is extensive evidence supporting the idea that females are better

at theory of the mind tasks.
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There is also a large literature on exposure to the male steroid hormone, testosterone,

and a second hormone, cortisol, with both hormones associated with highly stressful and

competitive environments such as trading floors. In experiments conducted on a large

(550) cohort of University of Chicago MBAs Sapienza, Zingales, and Maestripieri (2009)

find that higher prenatal exposure to testosterone and higher circulating testosterone are

associated with less aversion to risk. MBA graduates high in testosterone and low in risk

aversion were more likely to choose risky finance careers. Bossaerts et al. (2010) find

that testosterone significantly decreases trust amongst unfamiliar individuals and thus

increases social vigilance which enhances preparation for very competitive environments

such as the trading floor. However, my subjects, being individual traders, do not trade on

a competitive trading floor but rather trade from home where females may be less at a

disadvantage. Cueva et al. (2015) find that naturally occurring cortisol predicts subsequent

risk-taking and price instability in an experimental situation and that administered doses of

both hormones shifts investments toward riskier assets. More recently, Nave et al. (2017)

found that men given doses of testosterone performed more poorly on a test designed to

measure cognitive reflection than a group give a placebo and conclude that testosterone

makes men less likely to question their impulses.

Only recently has the conversation turned to whether there is a “gender advantage” in

investing (Jones (2015)). While portfolio diversification is one of the major elements of

investing, there has been no attempt to create diversity among those who manger money –

either professionally or personally. Thus the current study tests the hypothesis that female

and male investors trading behavior differs in an environment away from the trading floor,

which is important for both academic researchers and practitioners alike.

Compared with previous literature, this paper makes four main contributions. First, it

adds to the exiting literature on differences between female and male investors in a new

setting by utilizing HPI methodology to investigate the effect of gender in equity markets.

HPI methodology contrasts with the conventional Calendar-Time C-T methodology that

figures prominently in the survey by Barber and Odean (2013). The existing literature

is based largely on C-T portfolios, or related methods, which impose specified investor

horizons. At the end of each horizon, be it a day, week, month, or six months, the portfolio

is realized and the entire process begins over again irrespective of, or in contradiction to,

the actual trades that are generally known to the researcher. Thus if an investor buys a share
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when the stock is falling in price and the price continues to fall over the next day, week, or

month, but then rises dramatically prior to the sale at a huge profit, the C-T methodology

characterises that as a loss if the specified turnover period was less than a month. All actual

completed round-trip trades are ignored, even though the researcher possesses the entire

sequence.

To my best knowledge, the present study is the first to perform “apples to apples”

comparisons over relevant time-periods without imposing mandated investors horizons that

have limited or no applicability to these collectively male and female investors. This means

I overcome the problem that two investor-type groups might have similar portfolio alphas

based on factor models assuming a fixed investment horizon but in exceedingly volatile

markets may earn entirely different realized trading profits due to one having better private

market timing ability and information than the other. Since market timing is endogenous

and reliant on both the incentives and information base of the trader, any comparison of

agent-type performance requires a performance measure that both recognizes and rewards

stock-timing ability.

Second, my data sourced from Euroclear Finland Ltd is used as it enables study of the

whole universe of stock exchange trades for one country, regardless of the actual location

of trading around the globe, for example, in Helsinki or in the United States. The data set

includes details of all trades made in Finnish stocks, whether conducted on the Helsinki

stock exchange directly, or elsewhere, from January 1995 through December 2011 over a

seventeen year-period on a daily basis. Such a comprehensive data set has not previously

been used to study the role of gender based all transactions (all 1.016 million investor

accounts) and it is far superior to any other database used in investigating gender difference

in individuals’ trading behavior.

Third, the present study also adds to the existing literature on portfolio performance

benchmark analysis. I utilize the spirit of Grinblatt and Titman (1993)3 to carry out a

random portfolio benchmark to access both the economic and statistical significance of the

trading ability of participants. The conventional approach in asset pricing is to introduce a

market portfolio benchmark but, as Diacogiannis and Feldman (2013) and the associated

3Grinblatt and Titman (1993) propose an innovative method that bypasses the need for a conventional
market benchmark and hence much of the controversy within the asset pricing literature. They compute the
difference between the realized return on a particular portfolio and the expected return they would have
achieved had the portfolio manager been uninformed confirm the statistical significance of these findings at
the 0.001 probability level based on 10,000 Monte Carlo simulations utilizing a random trading direction
benchmark.
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literature cited point out, portfolios are never mean-variant efficient making inferences

difficult within CAPM or similar frameworks (Bossaerts and Plott (2004); Asparouhova,

Bossaerts and Plott (2003); Bossaerts and Yang (2015)). If two investor groups have not

similarly invested in the Fama-French factor portfolios, then Fama-French factor portfolios

are not suitable for serving as a benchmark to compare the participants’ relative trading

performance.

My analysis aims to capture a sufficiently long time period through several complete

market cycles of boom and bust which has not been analyzed in detail by previous research

with a similar focus. This is because that such a comprehensive data set has not been

available to researchers until now. Specifically, to make valid comparisons of long-term

trading performance between investor categories, it requires at least one entire cycle,

otherwise short-term trend followers will normally dominate with contrarian traders falsely

seen to be systematic losers. My analysis include time-windows split into three carefully

selected sub-periods to capture the full business cycle of boom and bust: 1) January 3,

1995 to July 3, 2003, is an extended hi-tech bubble period of a “bull” followed by a “bear”

market. 2) July 4, 2003 to March 6, 2009, is the boom prior to the financial crisis including

the subsequent collapse following the demise of Lehman Brothers, and 3) March 7, 2009 to

December 30, 2011, is the post financial crisis recovery. Finally, I analyze the entire period,

1995 to 2011, inclusive. Thus my period of analysis includes two “bull-bear” sequences

plus the post financial crisis of 2007/2008 environment. I also replicate my analysis using

periods defined as the troughs in the Finnish Consumer Confidence Index (CCI) with quite

similar results.

Lu, Swan and Westerholm (2016) has documented that the so called “home bias” ceases

to be a bias as it defines “home informational superiority”. That is, households located

close to Nokia have a clear trading advantage over both domestic and foreign institutions.

Thus, finally, in the present study, I further explore whether home informational advantage

existed in female investors and male investors, respectively. I pit male investors and female

investors located close to Nokia in a trading battle with male investors and female investors

in the remained of the country, the more geographically advantaged male investors and

female investors prove to be superior. Moreover, female investors located close to Nokia

have a clear and very superior trading advantage over male investors located close to Nokia.

That is, females located in the greater Helsinki region close to Nokia headquarters and the
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headquarters of other major companies seem to have a particular informational advantage

over similarly located males, as well as males located in the remainder of the country.

Berkman, Koch, and Westerholm (2014) demonstrate that the trading accounts of

children in Finland seem to be dominated by guardians that are highly informed and thus

likely to be connected to insider traders. This important finding raises a distinct possibility

that male designated insiders and other male insider traders could likewise be using their

spouse’s accounts to conduct potentially illegal trades that might explain the superiority of

the Helsinki region female traders that I document. To investigate this possibility further, I

use two special pieces of knowledge, the geographic location of every male and female

trader and their family names to match traders to my database of designated corporate

insiders. After removing the spouses of designated insider traders account, I do find the

remaining female traders still dominate males. Berkman, Koch and Westerholm (2014)

focus on the short-term insider information utilized by genuine insider traders. By contrast,

my females are mostly very long-term contrarian traders who lose money for many months

at a time on their bold trades, they could not conceivably be genuine insider traders, or even

represent the spouse of the insider, since almost invariably insiders are privy to short-lived

inside information that needs to be exploited immediately.

Since I find that local investors in the greater Helsinki area near company headquar-

ters, and particularly females, outperform all other groups, the question arises: what

provides this local trader advantage if not due to conventional insider informational access?

Chhaochharia, Kumar, and Niessen-Ruenzi (2012) propose that local investors better

monitor management but this does not explain the relatively poorer trading performance of

males in this region. Branikas, Hong, and Xu (2016) attribute local gains to endogenous

locational choice but that is not what is going on here. What my findings indicate is

that local knowledge that is largely semi-public in nature is more beneficial to females

than to males. For example, during the huge gyrations in the price of Nokia over the

period 1998-2003, locals would have known that it was “business as usual” with this being

particulary useful knowledge to the more contrarian, less susceptible to herding mentality,

females.

As an indication that the long-term performance differences are not trivial, I find that

female investors trading directly with male investors outperform by EUR 195 million in

just one stock alone (Nokia) over a 17-year period. This represents a remarkable internal
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rate of return (IRR) of 43.16 percent p.a. for female investors trading with male investors.

Had female investors simply bought over the entire period with realization only at the end,

the counterfactual “BuyOnly” IRR would have been exceedingly lower with a loss-making

return of -13.04 percent p.a.. This indicates the grossly misleading nature of “buy and

hold” portfolio analyses that ignore the actual timing of trades. Furthermore, female

investors also outperform non-female investors inclusive of institutional investors and other

categories by EUR 1,407 million, generating a similar IRR of 46.28 percent p.a., and male

investors outperform non-male investors by a massive EUR 2,329 million over the same

period with a lower IRR of 43.76 percent p.a. that exceeds the household performance

with the same counterparty.4

One might ask how it is it possible that, simultaneously, females outperform non-

females and males outperform non-males inclusive of females? The answer is that institu-

tional investors, together with “government” and other residual share categories, make up

the majority counterparties to both females and males. Moreover, just as Lu, Swan, and

Westerholm (2016) showed that households, irrespective of gender, outperformed both

domestic and foreign institutions, here I show that both females and males, each consid-

ered as separate categories, outperform their institutional and all residual counterparts

collectively. These are not only novel but also important findings as they indicate that the

superior trading ability of females over males does not detract from the ability of males to

outperform all institutional and residual category investors while females also continue to

outperform all institutional and residual category investors consistent with their overall

superiority. Focusing only on trades between different categories of counterparties, trading

becomes a zero sum game in my analysis. Hence a negative return almost identical in

magnitude5 applies to the counterparties.

The organization of the paper is as follows. Section 3.2 outlines the literature in

the relevant field. Section 3.3 details the methodology employed. Section 3.4 presents

the Finnish data and constructs the main variables. Section 3.5 presents the sample

statistics and empirical results. In Section 3.6 I document female investors trading strategy.

Section 3.7 concludes. The Appendix presents details on HPI portfolio and C-T portfolio

construction and estimation methodology.

4The reason that these numbers for Nokia are so large is not just Nokia’s huge size, but more importantly,
its performance as one of the world’s greatest “bubble” stocks, rising in value by over 50 fold during the
“hi-tech bubble” period prior to its collapse.

5The reason there can be minor differences is because of differential transaction costs.
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3.2 Literature Review

This section contains four approaches in reviewing previous literature: 1) Individ-

ual investors’ investment decisions. Because of the limited availability of datasets for

researchers, previous literature mainly covered individual investors in United States 6, Fin-

land7, Sweden8, Korean9, Chinese Mainland10 and Taiwan11, but ranged from developed

countries to emerging economies; 2) Given the popularity of investigations into individual

investors trading ability, recent studies shed further light on subgroups of individuals.

There is a great curiosity as to whether variations exit within individual investor categories.

I concentrate on gender bias in the present study, but after controlling for age, geographic

characteristics and insider corporate accounts; 3) I also briefly outline the gender effect in

the field of corporate governance. This is another growing popular area to compare any

sex discrepancy in the individuals’ investment decisions; and 4) The use of C-T portfolio

approach in measuring investors’ trading performance.

3.2.1 First approach in the literature: Individual investors’ invest-

ment decisions and trading behavior

Individual investors are increasingly provided with similar opportunities to make

significant investment decisions. In general, individual investors have been assumed less

sophisticated, trading too much, holding onto losers too long, buying stocks with corporate

announcements, trading with stale limit orders, and many other instances of suboptimal

behavior.

Barber and Odean (2000) argue that individual investors’ trading performance was

hazardous to their wealth but do not report an apples-with-apples comparison with insti-

tutional investors. For their discount broker for the early period, 1991-1996, spread plus

commission costs amounted to a sizeable 4 percent on a round-trip basis with a turnover

rate similar to mutual funds. Hence, if there were any under-performance of households

6See e.g., Odean (1999); Barber and Odean (2000); Kaniel, Saar and Titman (2008); Hvidkjaer (2008);
Griffin et al. (2011); Kelley and Tetlock (2013).

7See e.g., Grinblatt and Keloharju (2000); Grinblatt, Keloharju and Linnainmaa (2012); Grant, Mills and
Westerholm (2013); Swan and Westerholm (2016).

8See e.g., Campbell (2006), Calvet, Campbell, and Sodini (2007, 2009); Calvet and Sodini (2014)); Betermier,
Calvet and Sodini (2016).

9See e.g., Choe, Kho, and Stulz (1999); Park, Chung and Kim (2015).
10See e.g., Hong, Jiang, Wang and Zhao (2014).
11See e.g., Barber, Lee, Liu, and Odean (2009); Gao and Lin (2015).
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relative to institutional investors over this period, it was most likely due to higher com-

missions paid by households as spread costs were similar. Grinblatt and Keloharju (2000)

claimed that individual investors in Finland performed poorly compared to institutional

investors, but Lu, Swan and Westerholm (2016) reverse their findings over their data period

with an improved methodology. Furthermore, it has been argued by many researchers that

individual investors tend to realise gains too early and at the same time fail to realise losing

positions. Such a bias is referred as the “disposition effect” and, as I subsequently argue, is

difficult to reconcile with the superior trading performance of Finnish households.

Recent researches have shown that significant categories of individual investors perform

better than institutions in the short run and particularly during periods of high volatility

(Kaniel, Saar and Titman (2008), Griffin (2011), Kelley and Tetlock (2013)) and in the long

run (Grinblatt, Keloharju and Linnainmaa (2012) and Lu, Swan and Westerholm (2016)).

Barber, Odean and Zhu (2009) show that retail order imbalances forecast cross-sectional

US stock returns a year later. Kelley and Tetlock (2013) state that individual investors’

stock order imbalances predict monthly returns through a large sample of individual

trader data for the US. In addition, Finnish individual investors often outperform domestic

Finnish institutions (Grant, Mills and Westerholm (2013)). Lu, Swan and Westerholm

(2016) employ the same Finnish data but covering a longer sample period from 1995

through 2011, showed that contrarian individual investors in Finland outperform both

domestic and foreign institutions. For individual investor group alone, Keppo, Shumway

and Weagley (2015) document that individual investors who successfully time the Finnish

market in the first half of the sample are more likely to successfully time in the second

half.

3.2.2 Second approach in the literature: Gender’s effect on individ-

ual’s investment decisions

According to Bruce (1995), 80-90 percent of females will be responsible for their

finances at some point in their lives. I believe this percentage value will increase gradually,

corresponding to more attention being paid to females’ investment decisions from academic

researchers and industry practitioners. That is because there is a growing body of empirical

literature investigated the gender effect on investment decisions. In general, males seem to

have more financial knowledge and wealth and they are more confident in their investing
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decisions with more risk tolerance. Nonetheless, the evidence on performance and behavior

differences between female and male is mixed.

From the perspective of the theory of value and growth investing, one recent study by

Betermier, Calvet and Sodini (2016) concludes that male investors are more likely to invest

in growth stocks whereas female investors prefer value investing. These baseline patterns

are robust to control for the length of risky asset market participation and other measures

of financial sophistication.

Leung et. al (2015) found that an increasing number of Finnish individual investors

trade using discount-retail brokers. These decisions against the use of professional advice

could be due to cost saving consideration or because they believe their trading ability

through their own knowledge is better than professional broker analysts’ recommendations.

Leung et. al (2015) also conclude that male investors trade more than female investors

and higher wealth or income level is a positive driver within the male investors’ decisions

in choosing Discount-Retail brokers. This could be evidence that risk taking increases

with wealth and those male investors have more confidence in their own decision-making

process when they make their investment decisions.

Beyond the finance literature, previous studies from psychology indicate that females

experience emotions more strongly than do males (Harshman and Paivio (1987)). The

stronger emotional experience can affect the utility of a risk choice. In particular, female

show more intense nervousness and fear than male in anticipation of negative outcomes

(e.g., Brody and Hall (2000)). If negative outcomes are experienced more severely by

females than males, they will naturally be more risk averse when facing a risky situation.

In identical situations, Bolla et. al (2004) has shown that male and females who solve

the same decision-making task involving a gambling task are different, with the males

out-performing, because their brain mechanisms differ. Grossman, Michele and Wood

(1993) point out that female tend to feel fear while male tend to feel anger. They are more

likely to be afraid of losing, relative to male and hence evaluate a given gamble as being

more risky, and will act in a more risk-averse way.

Several explanations have been proposed in indicating different risk attitudes across

genders. The most basic explanation comes with biological roots. Kuhnen and Chiao

(2009), Sapienza et al. (2009), Cesarini and et al. (2010), Cronqvist and Siegel (2014),

and Cronqvist et al. (2015) explore the effect of seasonal affective disorder (SAD) on risk
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attitudes and empirical regularities in financial markets also speak to these differences,

because females are affected by SAD more than males.

There is also an important literature on the effects of testosterone and other steroids on

trader success or otherwise. Coates and Herbert (2008) find that if trader’s profitability

is high on a particular day then their testosterone level is significantly higher on that day.

Moreover, if their testosterone level at 11:00 am was high then the day’s trading profitability

was also a full standard deviation higher. These were very short-lived highly risky trades of

up to 1 billion pounds. The relationship was even stronger for experienced high-frequency

traders. Coates, Gurnell, and Sarnyai (2010), in their survey, point out that higher pre-natal

testosterone is also associated with more profitable short-term, high-intensity trading but

could be reversed for longer holding periods with fewer physical demands.12 My findings

in this paper indicate that females appear to be superior traders when managing their own

funds using an apparent contrarian trading strategy over the longer-term. Here the female’s

low testosterone levels relative to males may be an advantage in this trading environment

that differs so markedly from that pioneered by Coates and Herbert (2008).

3.2.3 Third approach in the literature: Gender’s effect in the field of

corporate governance

Kumar (2010) finds that female stock analysts issue bolder and more accurate forecasts

which he attributes to discouragement towards females entering the profession and thus

to self-selection with only the most talented females entering the field. However, the

main evidence he finds consistent with self-selection based on talent relates to a higher

female relative to male forecast accuracy, the lower is female concentration. A female

innate advantage in forecasting of stock returns is quite consistent with what I find: female

trading superiority utilizing their own money in a non-competitive home environment

with no obvious entry restrictions or discouragement to participation. Equally, both males

and females should consider delegation if they don’t feel sufficiently confident to manage

their own portfolio. Kumar (2010) also finds that, while fewer females enter the analyst

profession, those that do tend to be promoted faster, presumably due to their greater ability.

This is more evidence of innate differences rather than self-selection. Moreover, the far
12See Kamstra, Kramer, and Levi (2003) for the first empirical evidence and Kamstra et al. (2014) for the

first theoretical interpretation of these regularities.
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bolder and hence more contrarian forecasts made by females indicates a feminine distaste

for herding. Similarly, females dominate stock trading largely because of their strongly

contrarian trades. The author also finds that females have a greater propensity to issue

bold positive forecasts, indicative of greater optimism but optimism can be due to more

than self-selection. The abiding problem with Kumar’s (2010) self-selection argument

is not because it is weak, but rather because it is too strong. There is hardly a single

area of professional endeavor in which males are not in the majority. Think of academia,

CEOs, corporate boards, and most professions. Judging by the self-selection argument,

there should be overwhelming evidence of female superiority in all these areas as there

is for female analysts. There is not. Why is it that in both self-trading and as analysts

females make bolder (contrarian) trades and make bolder (contrarian) forecasts? Could

this be due to differences in brain function rather than to self-selection? In both cases

female predictions are superior. In one case they make higher profits for their clients in

the other they make higher profits for themselves. HL Mencken (1918, p.37) noted these

differences between men and women one hundred years ago: “The one character that

distinguishes man from the other higher vertebrate, indeed, is his excessive timorousness,

his easy yielding to alarms, his incapacity for adventure without a crowd behind him.”

Levi, Li and Zhang (2010) show that in the case of female CEOs, the bid premium over

the pre-announcement target share price is much smaller when compared to M&A deals

with male counterparts. Huang and Kisgen (2013) find that acquisitions made by female

CFO firms have significantly higher announcement returns and argues that females appear

to undertake greater scrutiny and exhibit less hubris in acquisition decisions. Additionally,

female CFOs issue debt less frequently, and debt and equity issuances are associated with

higher announcement returns. Gayle, Golan and Miller (2012) find female are paid more

and their pay is tied more closely to the firm’s performance. There is also evidence for

close cooperation between female directors and executives if both are in a minority position

(Matsa and Miller (2011)). Finally, Adams and Ferreira (2009) show that female directors

have a significant impact on board inputs and firm outcomes but do not find evidence of

female superiority.
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3.2.4 Fourth approach in the literature: Calendar-Time (C-T) port-

folio methodology, the choice of performance measurement

There has been a long history of findings based on the C-T portfolio approach and

widely applied to many areas of finance including private investors trading performance,

long-run stock performance, and insider trading and the relative performance of mutual

and hedge funds. The survey by Barber and Odean (2013) provides a summary of this C-T

portfolio and related literature. Using the trading records of 10 thousand accounts from

a discount brokerage house over the seven-year period, 1987-1993, Odean (1999), with

imposed horizons of four months, one year, and two years, examines the difference between

equally-weighted C-T portfolio buy and sell returns to obtain a raw return difference of -23

basis points per month or 2.76 percent p.a.. Their methodology imposes forced uniform

holding periods for all investor categories in the sense that positions are assumed to no

longer be held after the applied set holding period. Apart from the problems induced by

imposing counter-factual realizations, this C-T methodology suffers from an additional

problem in that the buy and sell portfolios record the presence of trades but not their

magnitude. Thus, a value-weighting approach along the lines of the present contribution

possesses advantages over an equal-weighting approach.

3.3 Holding-Period-Invariant Trader Methodology

The conventional wisdom of measuring trading performance in asset-pricing is to

suppose that the individual trade data displays some type of average turnover rate, but there

may be no meaningful turnover rate of fixed duration. For example, over the seventeen

year-period in the Finnish market between January 1995 and 2011, inclusive, female

investors largely sell the leading 28 firms to male investors when stock price is rising and

buy when it is falling. These price movements do not occur based on any mechanical

pattern such as a fixed, in calendar-time, horizon.

I now describe the C-T portfolio approach for two groups of traders: An aggregate

portfolio of buy trades for the group is constructed on a daily basis and then either the

return, or the excess return, is computed over a given horizon such as one month or six

months. Similarly, a portfolio of sells by the same group is constructed with the difference

in return or excess return between the buy and sell portfolios over the same given horizon
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being recorded. Trading prowess is greater the more positive is the net difference in return.

The method is then reapplied from scratch for the next month or six months, depending on

the assumed horizon. These aggregate period-by-period portfolio return differences are

then regressed on a set of market factors with the intercept interpreted as the performance

alpha.

According to HPI methodology that was first implemented in Lu, Swan and Westerholm

(2016), I proceed as follows: (1) I first aggregate all trades made by the investor group,

stock, and day. (2) Since trading skill is most meaningful in comparison between two

agent-types in the same market over identical periods, mark both agents’ portfolio value

to market on the initial day with sufficient holdings to ensure non-negative holdings

in future. (3) Initially include only net buys or sells (the balanced trades between two

agent-types) between the two agent-types since this is the most relevant comparison.13

(4) Since trades made with third-parties without the two agents trading with one another

may simply imply some commonality in belief (and trading direction) that is irrelevant

to the initial comparison, these trades are eliminated. (5) For each signed pairs of two

agents, such as aggregated male investors and aggregated female investors, I compute daily

balanced trades (net buys in common) of agent-type A with type B in every stock and then

accumulate type-A net buys for an individual stock in the trade portfolio until the close of

business on the previous evening to constitute type-A agent’s pre-existing trade portfolio.

Hence the corresponding type-B pre-existing trade portfolio equals the negative type-A

agent’s pre-existing trade portfolio. The sum of the cumulative net buys between type-A

and type-B agents must be zero. (6) For simplicity, I focus on just the current period’s

continuously compounded return. I assume both agents reinvest dividends. Henceforth, the

entire pre-existing trade portfolio of each agent-type is marked to market according to the

closing price at the end of each period. In the absence of transaction costs 14 the cumulative

trade dollar profit/loss of one agent-type, that I dub the holding-period invariant (HPI)

amount, is identical to that of the other after taking account of the sign difference. Since I

assume that both parties face the same riskless time value of money and my focus is on the

difference in post-trade performance, I do not consider the trading return in excess of the
13For example, on the same day, I assume both agent-types trading in stock C. In the first situation: if

agent-type A buys five shares of stock C and agent-type B sells 10 shares of stocks C, then in the HPI
trading portfolio, net buys of agent-type A is 5 with corresponding -5 recorded as net buys for agent-type
B. In the second situation: if both agent-types have the same trade direction, buying or selling, the net
buys for both agent-type is 0.

14In Section 3.5 empirical results, I consider transaction costs.
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riskless rate. (7) Finally, I accumulate each trader profit account over any specified interval

to provide an exact value of the net trading gain to agent-type A and exactly opposite

gain/loss for agent-type B. Moreover, the sum of the trading profits over both parties is

always zero, as it should be. Unlike the C-T methodology, the profit or loss as measured by

HPI captures precisely the timing ability of each party to foresee future price movements

without imposing arbitrary assumptions about endogenous trader horizons on either or

both groups. In this framework, the profitable agent-type with the greatest foresight is the

type that systematically buys (sells) followed by a positive (negative) return and the profits

of the two types on their trade portfolios are always the mirror image of each other. The

details of the mathematical algebra presentations for HPI methodology and C-T approach

are shown in Chapter 2 Section 2.3.

If the comparison is between two agent-types then it would normally be assumed that

each has the same exogenously-given investment horizon which is derived from some

average turnover rate. An obvious weakness in this by now standard approach is that the

holding period is far from constant and will in part reflect the very timing and trading

skills that one wishes to model. Holding periods vary, in part because traders are not

pre-programmed mechanical robots and better informed investors will display superior

timing skills giving rise to endogenous variation in the holding period.

Similarly with Lu, Swan and Westerholm (2016), I utilize the insight of Grinblatt and

Titman (1993) to carry out Monte Carlo simulations to attach the economic and statistical

significance for my results. For any given sequence of daily trades over any given interval

between two types of institutions, here female and male investors, female and non-female

investors, male and non-male investors, respectively, I am able to observe one outcome

corresponding to the realized wealth gain to one party and corresponding loss to the other

on the trade portfolio. However, it is possible that one-investor type achieved a favourable

outcome due to their good luck rather than superior trading skills, no matter how great the

wealth gain to one party at the expense of the other. I perform Monte Carlo simulations

using 10,000 trails and the actual trades in every stock traded on every day but randomize

the trade direction of the two types of investors to compute randomized wealth gains and

corresponding losses that simulate informationless trading. By examining the proportion

of times one investor category either achieves the same or better outcome purely by chance,

I attach statistical probabilities to each actual outcome based on this random benchmark.
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The main advantage of aggregating the entire individual trades of each agent-type

within the C-T methodology is to take into account the cross-sectional correlation of stock

returns that might otherwise bias the statistical significance of agent-type returns if a

pooled cross-section time-series regression methodology were to be utilized (Seasholes

and Zhu (2010)). Since the net buyer and net seller portfolios constructed by employing

C-T methodology with imposed horizons is not aligned with the actual trading (transaction)

data used to form the buyer and seller portfolios, this gives rise to measurement errors that

may bias findings towards one particular participant. Whereas, HPI methodology can be

easily applied to construct net buyer and net seller portfolios by cumulating actual realized

daily profit/loss on a mark-to-market without imposing arbitrary or even contradictory

holding periods and turnover rates on the aggregate trades of each agent-type.

3.4 Data

3.4.1 Source of investor-level transactions

My main data set combines data on Finnish individual investors’ transactions with

data on market returns from Compustat Global. The original transaction data contains

all transactions in Finnish stocks during the sample period (1995–2011 inclusive) from

Euroclear Finland Ltd. The book entry system holds the official record of the shareholdings

and all trades and consistent of information on investor identity (gender, age, geographic

location, some educational attainments), date, stock, transaction type, price and volume. I

extend the datasets used in Seru, Shumway and Stoffman (2010), Grinblatt and Keloharju

(2000, 2001a, 2001b) and Kaustia and Knüpfer (2002) to cover 17 years of trading from

January 1, 1995 to December 31, 2011. For each transaction, I am provided the number of

shares, the transaction price, a security identifier, investor identifier code and information

about the investor. Each investor account has been assigned an anonymous number for

privacy. Hence, it is possible to construct the precise composition and analyse a particular

investor trading portfolio at any given date.

The vital advantage of this data set is that it allows the classification of all transactions

by the investor type. Hence, the book entry system records the compulsory registration

for every investor on the NASDAQ OMX Helsinki (OMXH) and allocates a unique

investor type identification code of each investor. All Trades can be sorted by investor
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type and portfolios can be constructed based on each unique identified code. My interest

of this study only focuses on the subset of transactions by individual investors (retail

household investors). More importantly, for each account the gender and age information

are available from the Finnish trading system. Furthermore, the information about the

geographic characteristics of each individual investor is available from their post code.

Table 3.1 summarizes my basic household data over the 17 years of my study. On

average, there are 493,272 household accounts of which only about 42 percent are active

each year with one or more trades. Over the full period of the data, the value of these

accounts has approximately doubled, with a commencement value of around EUR 16

billion. However, at the height of the Nokia bubble period in 1998 the value temporarily

rose to a staggering EUR 63 billion. While the mean household portfolio value is about

EUR 60.7 thousand over the entire period, the median value is far lower at only EUR 4.3

thousand, showing that the distribution of shareholder wealth is highly skewed. Over the

period the mean number of stocks per household account has risen from only 1.9 to 3.4 with

the median value remaining at one stock for most of the period, while recently increasing

to a modest two stocks per household account. Consequently, with some exceptions

pertaining to a small number of wealthy households possessing hundreds of stocks, there

is little evidence from my data set of any desire by the typical Finnish household investor

to diversify and hence they appear willing to bear risk. Finally, and perhaps surprisingly,

female-headed accounts make up a sizeable 34 percent of the total.
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Figure 3.1 Finland Consumer Confidence Indicator (CCI) as an exogenous variable re-
flecting economic environments – Monthly

To describe entire boom-and-bust cycles, I split up my data period into three sub-

periods: the high-tech boom and collapse period (01/03/1995–07/03/2003); the pre-GFC

boom to the Lehman Brothers collapse (07/04/2003–03/06/2009); and the post-GFC

period (03/07/2009–12/30/2011). I also analyze the entire 17 year period for which data

is available (01/03/1995–12/30/2011).15 As a robustness check, I also employ Finland

Consumer Confidence Indicator (CCI) as the endogenous variable to reflect the economic

environment from 1995 to 2011. That is because the CCI has been widely accepted as an

important indicator of the macroeconomic business cycle. I extract monthly CCI from the

Bank of Finland and break down the period into three sub-periods from trough to trough,

i.e, January 1995 to November 2001; December 2001 to December 2008; January 2009

to December 2011. The Figure 3.1 displays monthly CCI time series back to November,

1995.16

15I perform various verifications to demonstrate that the raw data set collected from Euroclear Finland Ltd.
is robust with respect to my results.

16The earliest day I am able to observe for monthly CCI is November 1995.
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3.4.2 Data steps

From my data set, I compute the daily buys and sells undertaken by every male, female,

non-male, and non-female household individually in every market that conducts trades

in Finnish stocks over the 17 years of my daily data. On eliminating on a daily basis

trades between male and female households, between male and non-male investors (i.e.,

females and all institutional investors), and between female and non-female investors (i.e.,

males and all institutional investors), I am left with the daily net buys and sells of the three

groups: (i) male and female; (ii) male and non-male, and (iii) female and non-female.

While many trades between these three groups can be matched at the level of individual

trades, this is not possible for all trades. However, since I have the entire population of

trades by male, female, non-male, and non-female investors, the initial holdings of my four

groups are inferred from backward induction by the requirement that the holdings of each

group cannot be negative, given the daily sequences of matched buys and sells for each

participant group and the marking to market of each investor group’s entire portfolio on the

last day of each event period as well as on the last day of the data set. Table 3.2 summarizes

my three samples of HPI portfolio trades (1995–2011) and the overall traded value of

my three paired investor groups, male with female, male with non-male and female with

non-female investors, respectively.
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I pick 28 leading Finnish firms based on three criteria. The first one is the leading

firms from the sample of approximately 30 firms that survive and have an average market

capitalization larger than 100 million EUR, sorted by average traded value per day during

the entire sample period. The second one is the ranked top 50 of the proportion made up

of male households’ trade and their value traded from 1995 to 2011. The third criterion is

that the number of trading days for the stock should be at least 250 trading days. I then

combine these three ranking filters with a limit of 28 firms. My method implies a “look

ahead” bias in the choice of the 28 stocks to analyze but counts against my findings in that

my stock sample is precisely chosen on the grounds that male investors chose to trade these

relatively large stocks due to a self-selection process in which this investor class chose

these stocks in which they expected to outperform.17 I need to choose the sample stocks

traded more actively by male to capture the sizeable HPI trades in each pair of trading

group.18 It is not meaningful to examine the HPI trading performance between female and

male for the stocks that male did not trade much over the examined sample period. Details

concerning these stocks are presented in Table C.1.1

3.5 Results

I focus on the largest Finnish stock, Nokia, within the group of 28 major Finnish firms

and presents trading profits and losses of each agent type and their counterparts in Tables

3.3 Panel A to Panel B and Tables 3.4 Panel A to Panel D.

17I am grateful to Michael Brennan for alerting us to this potential problem.
18I have discussed the stock selection issues in depth in Chapter 2.
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First, I compute the daily net trade flows in Nokia between various agent-types, male

and female, male and non-male, female and non-female. Then, I apply my HPI portfolio

approach in equation (2.1) and equation (2.2) shown in Chapter 2 to net trade flows of

each trading group. I compute HPI trading portfolio between male and female, male and

non-male, and female and non-female in Table 3.3 Panel A to Panel B, respectively. By

extending the trading performance comparison analysis between Finnish households and

institutional investors in Chapter 2, I further explore whether gender difference exist in

the individual investor category when they direct trade with either foreign nominees and

domestic institutional investors. Hence, I construct four new independent HPI trading pair

groups, i.e., male versus foreign nominees and female versus foreign nominees, and male

versus domestic institutions and female versus domestic institutions. The corresponding

trading performance results are shown in Table 3.4 Panel A and Panel B, respectively.

These tables, together with remaining tables, show the results after taking into account

transaction costs. However, the differences arising from transactions costs are not at all

significant. To account for transaction costs I apply the same rules discussed in Lu, Swan

and Westerholm (2016). I do not impose a bid-ask spread transaction cost component. In

addition, I assume both male and female investor orders are not affected by market impact

as their order size is typically below average trade size. Hence I apply a brokerage fee

of 0.5 percent or 50 basis points for both male and female investors and a lower 20 basis

points for institutional investors. Thus, in the following sections, I show male investors

outperform non-male investors and female investors outperform non-female investors

before transaction costs.

Figure 3.2 (a) to (b) show a time-series variation in the proportion of buy and sell trades

(traded value in EUR) in Nokia and 27 stocks (exclusive of Nokia) that are initiated by

male investors and female investors from January 1995 through December 2011. Figure 3.2

(a) shows that the proportion of trade value (in EUR) in Nokia initiated by male investors

has increased while the proportion of trades initiated by female investors has declined

during the sample period, reflecting increasing ownership by male investors. Figure 3.2 (b)

displays the similar trend for the entire period in other 27 major stocks. These results are

in line with the increasing male investor ownership in the U.S. (Barber and Odean (2001)).

With the interest in per male and per female investor trading preference over the entire
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sample period, I compute the average monthly euro traded by male and female investors

for the 28 stocks.

I aggregate my daily absolute value of buys and sells per stock-day into monthly

observations (i.e., per month of male and female investors). I then compute the average

traded value per male and per female investor by (1) calculating monthly traded value (in

euro) of each stock and dividing by total number of male and female investors within the

same month of each stock.19 Figure 3.2 (c) clearly shows that, on average, male investors

trade much more than do individual female investors from 1995 to 2011. Particularly,

during each financial crisis period, male investors significantly increase their trading

activities relative to normal market environments. Furthermore, the gap between male

investors’ and female investors’ average trading value tend to increase associated with

each recession. The gap reached its peak in September 2007.

Figure 3.3 presents the daily cumulative net purchases of Nokia by male and female

investors over entire sample period while Figure 3.4 displays the cumulative profits and

losses for male and female investors correspondingly. For both graphs, the daily Nokia

closing price time series is shown on the right-hand side axis. It can be seen that male

investors’ cumulative daily profit almost perfectly tracks the Nokia stock price from 1995

to 2011. This is because male investors perfectly follow the trend in the price of Nokia

from 1995 to 2011 and is thus positive-feedback traders with females being contrarian or

negative feedback traders. Figure 3.3 to 3.7 plot the cumulative daily profits and losses for

male and female investors in Nokia covering four periods of analysis.

3.5.1 Entire Period: January 3, 1995 to December 30, 2011

Figure 3.3 shows that, since approximately 2008, when the price of Nokia began to fall,

female investors have been net buyers of Nokia from male investors but over much of the

earlier period, female investors have been net sellers, especially when the Nokia price was

rising. Nokia, having risen rapidly in value from a little over EUR 1 to about EUR 63 in

April 2000, fell to about EUR 3.5 by the end of 2011. It is especially in this latter period

that Figure 3.4 and Table 3.3 Panel A show that after transaction costs, female investors

collectively made significant trading gains at the expense of male investors, totaling EUR

194.64 million even after deducting the “loss” of EUR 0.39 million over the last two years

19My data set contains information related to numbers of male and female investors per stock per day.
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(a) Proportion of trading value in Nokia, Male and Female.
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Figure 3.2 Summary of Trading Activity for Male and Female investors

of the 17-year period that would have largely been recovered when Nokia sold its phone

interests to Microsoft.

3.5.2 Period 1: January 3, 1995 to July 3, 2003

Female investors did not commence significant trading with male investors until January

1999. Since the price of Nokia reached its peak around March 2000, female investors

continued to sell for another two years before commencing modest purchases. Over this

period, Figure 3.5 shows they continued to reap large gains at the expense of male investors,

ending up with significant accumulated profits of EUR 96.37 million at the expense of

male investors at the end of the high-tech bubble period on their net trade portfolio, as

shown by Table 3.3 Panel A. Since female investors gain largely due to superior trade

timing ability, as is fully reflected in the HPI methodology, the imposition of mechanical

investment horizons, as in the C-T methodology, severely adversely affects the measured

trading performance of female investors.
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Figure 3.3 Daily cumulative net purchases for Female and Male (in 100,000’s), January 3,
1995 to December 30, 2011 - Entire Period
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Figure 3.4 Cumulative daily Profits and Losses for Female and Male on Nokia and Nokia’s
Closing Price, January 3, 1995 to December 30, 2011 - Entire Period
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Figure 3.5 Cumulative daily Profits and Losses for Female and Male on Nokia and Nokia’s
Closing Price, January 3, 1995 to July 3, 2003 - the High-Tech Bubble Period

3.5.3 Period 2: July 4, 2003 to March 6, 2009

In the time interval between post hi-tech boom period and the GFC collapse, female

investors purchased the leading stock, Nokia, from male investors until December 2005,

after which they continued to sell for the next two years until December 2007 when they

commenced purchasing again. Their cumulative trades are almost precisely the mirror

image of Nokia’s price movements over this period. However, its counterparty, male

investors presented as trend followers, almost exactly match Nokia price movements in the

opposition over this period. Hence, female investors take buying actions when Nokia price

fell off, i.e., when its price is failing and they hold on to their existing inventory, and sell

out their shares of Nokia when it is a recent winner, i.e., when its price is rising. Much of

the extensive literature on the “disposition effect” surveyed by Shefrin and Statman (1985)

might infer that female investors in Nokia are subject to this psychological problem when

in fact they appear to be successful traders or speculators despite this supposed problem. It

would seem that informed contrarian trading, which involves buying and hanging on to

losers until they come good, is mistaken for the “disposition effect”. In fact, Grinblatt and
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Keloharju (2001) utilize two years of my more extensive 17 years of Finnish trading data to

show that Finnish investors seem reluctant to sell stocks once they have incurred a sizeable

loss. However, as Grinblatt and Keloharju (2001, p.590) point out, this disposition effect

“could just as easily be interpreted as contrarian behavior with respect to past returns”.

These very intuitive female investors in Finland exhibit an apparent contrarian strategy far

more so than any other group and do in a highly profitable manner.

Figure 3.6 shows that female investors made significant accumulated losses as they

heavily sold Nokia until it reached its peak but more than recouped these losses once

the full force of the GFC collapse was evident. In fact, Table 3.3 Panel A shows that

households significantly profited by EUR 25.66 million net of transaction costs, at the

expense of male investors, by the end of the GFC bubble period.
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Figure 3.6 Cumulative daily Profits and Losses for Female and Male on Nokia and Nokia’s
Closing Price, July 4, 2003, to March 6, 2009

3.5.4 Period 3: March 9, 2009 to December 30, 2011

Over this entire period, female investors act as trend followers until March 2010 and

then employ a contrarian trading strategy of buying when Nokia’s price is dropping and
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selling when its price is rising up to March 2011. Since then, female investors changed

their trading behavior to match up with Nokia price movements to the end of period. Figure

3.7 and Table 3.3 Panel A show that, within this data period, this acquisition strategy is

yet to pay off with a significant accumulated loss of EUR 0.15 million but events past the

cut-off date suggest that this has nonetheless proved to be a winning strategy.

One may have the suspicion that the apparent distinct informational advantage of

female investors occurred simply because of “luck.” Perhaps female investors rebalanced

their portfolio to gain diversification benefits by buying Nokia, and the remarkable fact

that Nokia became global stock was just luck. This represents an implausible scenario,

as Finnish female investors typically held only one stock for most of my sample period,

with little indication of seeking diversification benefits within my data set. I test the “luck”

hypothesis by computing the internal rate of return (IRR) to female investors by simply

buying and never selling until the end. The “BuyOnly” IRR yields a return of minus 13.04

percent instead of the plus 43.16 percent of their actual IRR over the entire period (see

below). The failure of this “buy and hold” methodology to approximate the actual IRR is

not surprising, as such a “BuyOnly” IRR methodology represents an extreme form of the

C-T methodology, with the female investors actual sales ignored other than the notional

sales at the end of the period.

3.5.5 Extension to 28 major Finnish stocks

In Table 3.3 Panel B I extend my analysis of Nokia for my four investor groups and

three time periods plus the entire sample period to my main sample of 28 major Finnish

stocks, inclusive of and excluding Nokia. My findings are very similar to my earlier

results for Nokia alone. Female investors outperform both male and non-female investors.

Male investors also outperform non-male investors, with the latter group dominated by

institutional investors. However, the magnitude of the additional trading profit earned

by including an additional 27 major Finnish stocks is not great because these remaining

stocks are much smaller than Nokia’s and were not subject to the same extreme valuation

fluctuations. These tables also report the profit measured after transaction cost per euro

traded. For female investors’ direct trades with male investors and non-female investors

inclusive of Nokia, these profit rates range from 22.41 percent to 37.5 percent but are much

lower if Nokia is excluded.
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Figure 3.7 Cumulative daily Profits and Losses for Female and Male on Nokia and Nokia’s
Closing Price, March 9, 2009, to December 30, 2011

In the context of my analysis in Chapter 2, I further separately compare the HPI

trading performance between each gender group and institutional investors, i.e., foreign

nominees and domestic institutions, respectively, to understand whether gender effect

plays significant roles when male and female investor in direct trades with institutional

investors.20 The results are presented in Table 3.4 Panel A and Panel B. The table confirms

that females are far superior investors, whether trading directly against either males or

against Foreign Nominees, or against domestic institutional investors. Overall, Finnish

male investors are dominated by Finnish domestic institutions and Finnish female investors.

Finnish female investors are ranked as the top superior traders among the entire Finnish

investor category over the entire 17-year examined time period.

20I thank Ron Kaniel for suggesting to extend my analysis to compare the trading performance between male
investors and domestic institutions and between female investors and domestic institutions.
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3.5.6 Conventional investment performance proxy: Internal rate of

return (IRR)

In consequence of the significant dollar profits made by female investors in trading

with male investors, I apply a robustness check to perform the same analysis discussed in

Lu, Swan, and Westerholm (2016), i.e., internal rate of return (IRR) calculations. Without

imposing any horizon assumptions other than the start and end dates of the projects to

evaluate the trading ability of female investors, male investors, non-female investors and

non-male investors, respectively. I begin with computing each agent-type initial HPI

trading portfolio value and marked to market on day 0 as its own initial investment outlay.

Next, I take the daily value of stock purchases as additional investment outlay, with sales

representing cash benefit over each one-day period from January 3, 1995 to December

31, 2011. On the final day, the value of the portfolio is marked to market as the cash

realization.

Table 3.5 displays the IRR results of each matched pairs of trading parties for Nokia

alone, 28 major stocks inclusive of Nokia and 27 stocks exclusive of Nokia over the entire

seventeen years period, respectively. Column (1) shows female investors’ trading with

male investors’ HPI investment portfolio in Nokia alone yields a unique 43.14 percent

annualized continuous compounded internal rate of return, compared with a -43.14 percent

international rate of return made by male investors over the seventeen years period. The

counterfactual female investors “BuyOnly” IRR is massively lower at -13.04 percent

p.a., showing that it is necessary to include the exact timing of asset sales, as wells as

purchases, as the regular IRR method does. The “BuyOnly” IRR is but a crude extension

of the conventional “buy and hold” C-T methodology, with my findings indicating that it

severely distorts performance measurement. Column (2) and Column (3) extend the IRR

calculations to the full sample of a portfolio of the 28 (27) designated stocks, with the

entire portfolio treated in the same way as the IRR for a “single” stock. In the interests of

space, I only report the entire sample period results. The IRR earned by female investors

in trading with male investors in the 28 stocks yield a lower 21.44 percent p.a., which is

about half the magnitude for Nokia alone. The rest of columns apply the same procedures

of IRR calculations to other two pairs of trading parties, i.e., male investors with non-male

investors and female investors with non-female investors. It is indisputable that both male

investors and female investors in trading with their counterparty in Nokia alone yield a
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positive IRR with 43.76 percent p.a. and 46.28 percent p.a., respectively. These IRRs

deliver the same conclusions as previous profits made in dollar analysis. In addition,

female investor earned higher IRR than male investors’ which is in accordance with results

produced in Table 3.3 Panel A that female investors outperform male investors over the

entire seventeen years period.
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3.6 Female Investors’ Investment Strategy

The HPI portfolio methodology is elegant in aggregating a vast number of daily

trades across all individual investors (i.e., female and male investors) and stocks into one

return time series without imposing a portfolio turnover rate on each trading party group.

Nevertheless, the interpretation of results would benefit from knowing the female investors’

trading strategy. Could Finnish female investors’ superior trading ability in stock market

be due simply to chance or “luck” rather than to trading on the basis of information that is

superior to that of their counterparties in this study?

3.6.1 Testing the model of informed trading following Lu, Swan and

Westerholm (2016)

In this section I pose the question: does sufficient information exist in the daily price

history to explain the collective trading success of female investors in the pairing for which

they are successful?21

I follow the model of informed trading introduced by Lu, Swan, and Westerholm (2016).

It has been used to analyze Finnish households’ (as one investor group including male

and female investors) exceedingly high returns in trading with either Finnish domestic

or foreign institutional investors from 1995 through 2011. Since this model imposes

no limitation in applying the method to different investor categories, I follow the same

procedures in seeking to understand whether private informational variations exist between

individual investors due to gender bias. The details are shown in Appendix B. I turn to the

empirical estimation of investment equation (B.1.7) in Appendix B using Ordinary Least

Squares (OLS), while estimating the Cochrane–Orcutt–Durbin–Waston values to check for

autocorrelation. Interestingly, I am not able to deliver a statistically significant lambda,

which represents the geometric informational decay rate for female investors. Thus, from

the model of informed trading alone (Lu, Swan, and Westerholm, 2016), female investors

do not display the ability to take advantage of their private signal of expected fundamental

value to maximize their expected CARA exponential utility function of their wealth.

One of the limiting updating rules discussed in Lu, Swan and Westerholm (2016) is

that, if λ→ 0, the signal moves according to the observed price and the random error
21I also perform weekly and monthly observations to estimate the same model as daily price history. There

is no significant difference departing from daily observations’ results.
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term such that the trader gains no informational advantage and cannot be expected to

systematically earn trading profits from exploiting any trend-following motivation in their

male counterparties. In my estimated OLS regression22, the daily price decay rate λ, for

female investors trading with male investors, no matter in Nokia alone or the other 27

major Finnish stocks (exclusive of Nokia), it is not statistically significantly different from

zero. In Lu, Swan, and Westerholm (2016), systematic buying and selling sequences

generated by the trend-following propensity of foreign investors could be translated into

the sizeable trading profits of household investors, but this is not the case here for male

investors. Lu, Swan, and Westerholm (2016) have demonstrated a trading advantage for

individual investors (i.e., female investors and male investors) over both domestic and

foreign institutional investors. Collectively, then, female and male investors receive an

informed signal of future price that results in their adopting a contrarian trading strategy

against other classes of institutional investor in the market. However, I do not obtain a

statistically significant lambda by applying the model to the trading parties within the

individual gender groups. This lack of a significant lambda means that both groups seem

to have rational expectations, and one cannot explain the superior performance of females

by the receipt of this signal.

3.6.2 Testing the determinants of Female investors’ trading behavior

If both female and male investors seem to have “rational expectations,” then it would

seem that Finnish female investors’ superior performance cannot be explained by the

stock’s price history alone. I would like to explore the determinants of Finnish female

investors’ superior trading behavior. This has not yet been explored in the literature. The

most relevant studies come from Kaniel et al. (2008) and Barber and Odean (2008) in

evaluating individual investors as a whole group, including male and female investors.

Kaniel et al. (2008) employed the weekly net dollar volume bought by individual investors

in the NYSE audit trail data and found they tend to buy stocks following declines and sell

stocks following price increases. Barber and Odean (2008) use retail brokerage data and

conclude that individual investors are net buyers of “attention-grabbing” stocks23 Based

on these findings, I estimate the following stock fixed effect regression specification for

22I also estimate the Cochrane–Orcutt–Durbin–Watson values to check for autocorrelation.
23They identified “attention-grabbing stocks” based on three criteria (exclusively): (1) stocks have news; (2)

stocks are experiencing high abnormal trading volume; (3) stocks have extreme one-day return.



112 The Gender Face-Off: Do Females Traders Come Out On-Top

female investors’ HPI weekly net purchases in trading with male investors24,

NetBuysi,t = ai,0+b1LagDi f Pr iceMAi,t,d+Volatilityi,t+FemaleNumberi,t+LagNetBuysi,t+ei,t

(3.1)

The stock-level fixed effects control for stock-level differences, such as stock size, and

allow us to focus on the time series and female investors’ view in the comparison of the

current stock price and moving average of 2-week, 4-week, 8-week, 12-week, 26-week,

and 52-week, respectively. I estimate equation (3.1) for female investors alone because

the estimated coefficients of male investors will be exactly the same magnitude but with

opposite signs in the HPI portfolio approach. For simplicity, I omit the subscripts. The

dependent variable NetBuy is the weekly net purchases traded in common by female

investors’ HPI trading portfolio with male investors over one week. Since both female

and male investors face the same number of shares outstanding for the same stock on the

same day, I do not consider scaling net buys on shares outstanding. LagDi f PriceMA is

the lagged one-week value of the contemporaneous price minus the moving average over

different week intervals, ranging from two weeks to one year. I compute the simple moving

average by adding the closing price of the stock for a number of weeks and then dividing

this total by the number of weeks. Short-term averages respond quickly to changes in the

underlying price, while long-term averages are slow to react. I prefer to detect whether

female investors act differently in short-term time intervals or longer-term periods. I

apply this fairly simple and natural moving average methodology, which has been widely

employed by both academia and practitioners in examining technical trading strategies.

The only variable needed for moving average analysis is the stock price history, which can

be easily constructed. Volatility is the realized volatility defined by absolute weekly return

on the current week25 FemaleNumber is the total numbers of female investors for each

week. LagNetBuys is the one-week lagged value of NetBuys, which I introduce to control

for persistence in trading direction.

Panel A of Table 3.6 lists their definitions. Following my previous findings, through Fig-

ure 3.3 to 3.7, my hypothesis is that female investors will buy stocks if the contemporaneous

price is less than the moving average but make a selling decision if the contemporaneous

24I also test equation (3.1) by adding the stock industry control variable. The results still hold.
25Swan (2017) provided the justification for using volatility as a risk measure.
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price is over the moving average. I expect the coefficient b1 to be statistically significant

with a negative sign.
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Panel B of Table 3.6 presents the regression estimates and the t-statistics based on

standard errors clustered by date to control for cross-sectional correlation. Columns (1) to

(5) provide estimates based on moving averages with different time intervals, from two

weeks to one year. The lagged one week of the difference between contemporaneous price

and moving averages are negatively statistically significant at a 1 percent level, except for

the very short-term two-week moving average. That is, female investors have a tendency

to sell stocks on days in which their prices are greater than the average of past prices over

the previous one-month to one-year time interval, respectively. Similarly, they purchase

these stocks if the current prices are less than the moving averages over time-interval from

4-week up to one-year. Hence, female investors’ behavior suggests that they identify a

stock’s fundamental value by its past average stock price, but the fundamental value here

is their “private fundamental value” rather than the more conventional definition. They

believe that either under-priced or over-priced stocks will move back to their historical

average due to mean reversion under the efficient market hypothesis. Either the short- or

long-term moving average of past stock price provides a signal of fundamental value to

female investors. The coefficients of LagDi f PriceMA are range from -225 to -89 from

short-term to long-term moving average time window. That is, female investors prefer

to estimate their own “fundamental value” based on the more recent stock price moving

average.

Furthermore, if they were more risk-averse than male investors, they would not trade

too much in anticipation of any existing mispricing opportunity in the market. While in

general male investors may adopt a contrarian trading strategy for the same mispricing

stock when trading with institutions, since females appear to be contrarian traders, their

counterparty must, by definition, be positive-feedback in nature. For the control variables,

except lagged net purchases (which is statistically significantly negatively correlated with

current net buys), female investors’ net buys are significantly affected by neither the

current realized volatility nor the total numbers of female investors anticipated to be in

the market. In all likelihood, these estimation problems stem from aggregating very short

daily investment periods into weekly intervals in order to eliminate many non-trading and
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thus directionless trading days. The adjusted R-squared for each estimate regression is

approximately 2.2 percent.26

3.6.3 Testing the risk preference of Female investors’ trading behav-

ior

Prior studies offer mixed results on gender bias in risk taking. A large experimental

literature argues that females are intrinsically different from males. Jianakoplos and

Bernasek (1998) report that single females show more risk aversion in investment decision-

making than single males, resulting in a lower level of wealth. Barber and Odean (2001)

claim that overconfident male investors prefer to hold riskier portfolios than do female

investors. Croson and Gneezy (2004) show that women are intrinsically different from men

and identify robust differences in risk preferences. When evaluating the gender difference

on an actively managed HPI trading portfolio, i.e., female investors directly trade with

male investors, one may also question whether female investors prefer to buy less risky

stocks and sell more risky stocks. Hence, by the definition of the HPI portfolio approach,

male investors who act as the counterparty are in favor of riskier stocks and reduce their

HPI portfolio exposure in less risky stocks, this directly gives us a testable hypothesis that

female investors prefer to hold lower beta stocks due to being less risk-seeking.

Talpsepp (2013) examines risk preference according to gender difference by testing the

stock beta in relation to Estonian male investors’ trading behavior. I now follow their spirit

to estimate stock risk using monthly beta from 1995 to 2011. My monthly Finnish stock

estimated beta is based on Fama–Macbeth (1973) with a rolling five years monthly stock

excess returns against Finnish market excess returns. I estimate the following two stock

fixed effect regressions specification for female investors’ HPI monthly net purchases in

trading with male investors:

S ellDummyi,t = ai,0+LagBetai,t +Betai,t +Volatilityi,t +FemaleNumberi,t + ei,t (3.2)

BuyDummyi,t = ai,0+LagBetai,t +Betai,t +Volatilityi,t +FemaleNumberi,t + ei,t (3.3)

26For the robustness check, I also estimate daily-horizon regression using moving average with 30-day,
60-day, 90-day, 120-day and 365-day, respectively. All estimations confirm the statistically significant
contrarian behavior of female investors but with lower adjusted R-squared.
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The stock-level fixed effects control for stock-level differences, such as stock size, and

allow us to focus on the time series and female investors’ view in the comparison of the

current stock beta and lagged one month stock beta. I estimate equations (3.2) and (3.3)

female investors alone because the estimated coefficients of male investors will be exactly

the same magnitude but with opposite signs in the HPI portfolio approach. For simplicity,

I omit the subscripts in the following disscussion. The dependent variable S ellDummy in

equation (3.2) is 1 if monthly female net buys is positive and 0 otherwise. The BuyDummy

in equation (3.3) equals 1 if monthly female net buys is negative and 0 otherwise. Since

both female and male investors face the same number of shares outstanding for the same

stock on the same day, hence I do not consider scaling net buys on shares outstanding.

LagBeta is the lagged one month value of the monthly stock beta, which I introduce to

control for persistence in trading direction. Volatility is the realized volatility defined by

absolute weekly return on the current week. FemaleNumber is the total numbers of female

investors for each week.

Table 3.7 reports the estimation results for equation (3.2) in column (1) and equation

(3.3) in column (2). Finnish female investors’ investment decisions do not significantly

depends on the monthly stock beta variations. In other words, based on the beta estimation

for stock risk analysis, both Finnish male and female investors show their investment

decision making are not contributed by stock risk factor over the entire sample period,

1995 to 2011. This is in line with the experiment study undertaken by Harrison, Lau, and

Rutstrom (2007) that documents no effect of sex on risk attitudes for individual investors

in Denmark.

3.6.4 Householder informational advantage

Lu, Swan and Westerholm (2016) have confirmed that Finnish household trade on their

basis of local information that is not necessarily “inside information”, i.e., one possibility

is so called “home informational superiority”.27 Is it possible that households who live

close to Helsinki area are de facto insider traders as Nokia and other leading companies

are headquarter there? The associated company employees could deliver price sensitive

information to neighbouring households. However, this is not plausible as an explanation

27Coval and Moskowitz (2001) document evidence of local informational advantages while Hong, Kubik
and Stein (2005) find that word of mouth is used to share information by mutual fund managers in close
geographic proximity.
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Table 3.7 Female risk taking behavior in direct trading with male investors

I estimate Fama-MacBeth (1973) regression to evaluate female investors’ trading preference in
relation with stock beta. The dependent variable is monthly HPI female net purchase with male
investors. adjusted for serial correlation using the methodology described in Pontiff (1996). ***
represents statistically significant at 0.001 probability level. ** represents statistically significant at
0.01 probability level.* represents statistically significant at 0.1 probability level.

Variables Sell dummy Buy dummy

(1) (2)

LagBeta -0.017 0.023
(0.342) (0.463)

Beta 0.022 -0.024
(0.467) (0.515)

Volatility -0.0941 0.03
(0.955) (0.381)

Numbers of Females 0 0
(0.852) (0.851)

Constant 0.404*** 0.602***
(6.223) (9.501)

Observations 2,099 2,099
R-squared 0.03 0.033
Number of date 124 124
Firm FE Yes Yes
Adj. R-squared 0.018 0.021
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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for why female traders outperform male in the long-term since, being contrarian, females

lose out to males trading on short-term and potentially inside information. Branikas, Hong

and Xu (2016) claim the households’ location choices contribute to their invested portfolio

choices. However, in this study, Finnish households did not decide to be born in Finland

and hence the scope for endogenous locational choice is not great. For the same Finnish

households investors sample examined in Lu, Swan and Westerholm (2016), I now turn

to investigate whether “local information” assists female investors outperform their male

investor counterparts.

Since my database28 is sufficiently rich to include a postcode identifier for every trader,

I allocate male and female traders separately into two regions, those investors in the

greater Helsinki area and those investors located elsewhere in Finland. Table 3.8 tests the

hypothesis that female investors and male investors located close to Nokia headquarters

possess better information on which to trade than do female and male investors elsewhere

in the country. Panel A of Table 3.8 shows the cumulative profits for each trading group in

millions of Euros, is split into four periods spanning the 17 years of the database based

on the intervals specified by the lowest points in the Finnish Consumer Confidence Index

(CCI) displayed in Figure 3.1 and Panel B presents the four periods analysis based on

the stock price index. In Panel A, columns (1) and (2) show that Helsinki male investors

profited by non-Helsinki male investors EUR 121.93 million and column (3) to column (4)

indicate Helsinki female investors also outperform non-Helsinki female investors by EUR

52.72 million over the 17 years of my data in 28 large Finnish stocks inclusive of Nokia.

Not surprisingly, the majority of the profits were made in Nokia alone.

In the remaining columns, I pit the two identified female investor groups and two

identified male investors, i.e., Helsinki female (male) investors and the remainder, Helsinki

female investors against Helsinki male investors and Non-Helsinki female investors against

non-Helsinki male investors respectively, to test the hypothesis that Finnish female investors

are collectively better informed than Finnish male investors even when not in receipt of

insider information due to the close proximity of Nokia headquarters. Columns (5) and (6)

present evidence the Helsinki female investors remain superior traders when pitted against

their Helsinki male investors’ rivals with a profit of 120.13 million and for the remaining

female investors also profited by EUR 102.10 million with non-Helsinki male investors

28My database includes the local postcode addresses of the over one million Finnish trading accounts,
including male investors, female investors and domestic institutional investors.
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based on the 28 major Finnish stocks inclusive of Nokia. Nevertheless, non-Helsinki

female investors has lost approximately EUR 0.53 million on non-Nokia stocks with

its counterparty non-Helsinki male investors but gained EUR 6.97 million for Helsinki

female investors in direct trading with Helsinki male investor on non-Nokia stocks in total.

Hence, I conclude that Finnish female investors overall appear to have better access to

information than do either Helsinki male investors or non-Helsinki male investors. Since a

more informed investor group will on average buy low and sell high, they will appear to be

contrarian when that might not be their strategy at all. For example, in Brennan and Cao’s

(1996, p.174) partially revealing rational expectations equilibrium informed traders will

appear to be contrarian.
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In Table 3.8 I find that particularly females located in the greater Helsinki area seem to

have a very sizeable trading superiority over males. This superiority raises the possibility

that males who are insiders might use the account of their spouse to better hide potentially

illegal insider trades. But this neglects the fact my approach is quite distinguished from

Berhman, Koch and Westerholm (2014). What they document is child guardians make

short-term insider trades while my framework examines female investors’ long-term trading

profitability. I obtain the family name identities of Finnish insiders and match them against

my database of males and females. I treat both the male and female trading accounts at

the address of an insider as insider accounts. Matched against non-insiders, these account

holders are superior traders and thus insider spouse accounts could be responsible for

some (potentially all) of the high profits of females trading with males. Hence in Table

3.929 I present the profits of non-insider female accounts when trading with males to show

that females are still far superior. In Panel A, columns (1) and (2) show that non-insider

female investors who live far away from Helsinki outperform non-insider male investors

who live far away far away from Helsinki by EUR 101.05 million and Columns (3) and

(4) non-insider Helsinki female investors profited by non-insider Helsinki male investors

by EUR 119.54 million over the 12 years from 2000 through 2011 of my data in 28

large Finnish stocks inclusive of Nokia. The majority profits were generated from Nokia

alone. In addition, non-insider Helsinki female investors present superior trading ability

over other non-insider female investors by claiming more profits by approximate EUR

18 million in the comparison with the corresponding male counterparty. Hence potential

insider trading does not seem to account for all of the high profitability of female traders

but it does account for some. The absence of statistical significance is the results of the

sample sizes. The key challenge here is the data sample dropped significantly relative to

the original data sample due to each new filter introduced, according to my Monte Carlo

simulations in particular when sample sizes become tiny.

29In Finland, insider trading laws has passed in 1989 and first enforced in 1993. (Bhattacharya and Daouk
(2002), and Berkman and Westerholm (2014)).”
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3.6.5 Robustness Check

In this section, I pit my male investors and female investors’ group into four independent

subgroups by their age category. I assign every male or female investor who is over or

equal to 50 to the 50+ “Aged” group and the remaining males or females are classified as

the “Young” group. My interest is to examine whether the superiority of female traders

over male could be due, at least in part, to a difference in female brain function relative

to male or can simply be explained by the smaller proportion of active female traders

and thus by self-selection from a population of identical ability, as was argued by Kumar

(2010) for female analysts that he found dominated males.30 Stanworth and Jones (2008)

review the current evidence of clinical effects of testosterone treatment within an aging

male population and document the effect of changes in testosterone levels with aging.

They find on average the total testosterone levels fall 1.6 percent per year whilst free and

bioavailable levels fall by 2 to 3 percent per year. In addition, twenty percent of males aged

over 60 have total testosterone levels below the normal range and a sizeable 50 percent in

those aged over 80. If testosterone is beneficial for male trader performance as evidenced

by Coates and Herbert (2008), then young males should dominate aged males in trader

performance and aged females should perform as well as young females since testosterone

levels are low to begin with. Self-selection in the form of the departure of less successful

male traders from the market could lead to aged males dominating young males, depending

on the effect of the testosterone decline, and aged females dominating young females for

the same reason.

Panel A of Table 3.1031 reports the ratio of HPI trading profits to total traded value

for all 28 stocks for direct trades between the two male, and between the two female,

groups while Panel B reports the comparative trading performance of the different groups

of male and female trader. It can be seen from Panel A that young males have a very

slight advantage over aged males and that aged females have approximately a 2 percent

profit per dollar traded advantage over young females. These findings are consistent with

males suffering a decline in their testosterone level advantage as they age being offset by

the withdrawal of less successful male traders to achieve a negligible net-effect, and the

withdrawal of less successful female traders with ageing leading to quite a sizeable trading

30From Table 2.2 it can be seen that males traded with the residual by 5.1 times as much in value terms as
did females.

31I also perform the same procedures based on the CCI sub-periods analysis but retain the similar results.



130 The Gender Face-Off: Do Females Traders Come Out On-Top

advantage for aged females. Panel B shows that both aged and young females sizeably

dominate their male counterpart peers with aged females gaining in excess of a 20 percent

profit per dollar traded advantage over young males and young females gaining only a 16

percent profit advantage over young males. Putting all these findings together, it would

appear that female traders augment their considerable trading advantage over males by a

process of withdrawal and self-selection as they age and this withdrawal of less-talented

females is not matched by a similar improvement in males. The absence of statistical

significance here is similar with the results shown in In Table 3.8. The key challenge here

is the data sample dropped significantly relative to the original data sample due to each

new filter introduced, according to my Monte Carlo simulations in particular when sample

sizes become tiny.

These findings also suggest that variations in testosterone levels as males age does not

play a very important part in explaining variations in their trading performance as they age

and most likely does not account for the far superior trading performance of the women

in my sample. Thus I am left with differences between male and female brains at birth

and a role for self-selection by females according to trading ability, but not by males, as

explanations for the relative trading superiority of females. If self-selection is the story, it

is puzzling as to why female traders are consistently contrarian and, since there can be no

discrimination against self-trading by female-headed households, why only females and

not males seem to self-select. These findings would tend to indicate a difference in brain

functioning between the genders.

Hence, I employ age as an exogenous variable to explain the relative performance

of the different age and gender categories. However, if masculinity in the form of high

testosterone levels also contributes to under-performance, I should see older males also

performing better due to declining testosterone levels, as well as to self-selection. Thus the

first hypothesis is that aged males should be less disadvantaged against aged females than

young males are against young females while the null hypothesis of no role for “maleness”

states that young females should dominate young males and aged females dominate aged

males by approximately equal amounts.
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3.7 Conclusion

In the present study I am the first to apply my HPI portfolio approach (Lu, Swan

and Westerholm (2016)) to examine whether gender difference affect trading portfolio

performance in stock markets. HPI methodology challenges the conventional C-T portfolio

approach that had its origins in important contributions made by Jaffe (1974) and Mandelker

(1974) over forty years. Furthermore, I adopt an extensive seventeen-year window of

matched daily trade by male and female investors based on daily portfolio of all Finnish

individual investors in Nokia and 27 other major Finnish stocks.

The conventional C-T portfolio unnecessarily assumes that all investors mechanically

turn over their entire portfolio at a specified interval corresponding to an assumed horizon

in a manner which is entirely inconsistent with actual trading data. Since informed but

contrarian traders will never trade in such a mechanical and irrational manner, they are

typically disadvantaged in any such comparison. By contrast, HPI methodology has

the ability to correctly indicate the direction of the trading profit change and is able to

recognize the endogenous nature of investment timing decisions made by the near million

male and female investors in my data set.

I show that the direct trade portfolio of female with male investors in Nokia results

in a gain to female investors of EUR 194.67 million over the seventeen years of my data

set. This represents a striking internal rate of continuously compounded return of 43.16

percent p.a.. If the C-T “Buy and Hold” equivalent of the IRR, that I dub the “BuyOnly”

IRR, is employed instead the return falls to minus 13.04 percent p.a., indicating severe

methodological error. Furthermore, I examine the trading pairs of male in direct trading

with non-male investors and female in direct trading with non-female investors. Both male

and female investors in Nokia alone gained a larger reward of EUR 2,329 million and EUR

1,407 million, respectively, or an IRR of 43.76 percent p.a. and 46.28 percent p.a., in their

trades with counter parties, 1995-2011. Females earn a sizeable 37.5 percent profit rate per

dollar trade with the residual whereas males earn only 12.3 percent.

The trading advantage of female investors over both male investors and non-female

investors is unlikely to be due purely chance. In order to elucidate informational issues I

first follow the model of informed trading (Lu, Swan and Westerholm, 2016) to construct a

simple Koyck distributed lag model describing the nature of the daily private signal received

by female investors in direct trading with male investors. The estimation results have shown
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that female investors’ Lambda is not significantly different from zero. In other words, recall

the findings in Lu, Swan and Westerholm (2016), Finnish individual investors acting as

informed traders outperform both domestic institutional investors and foreign institutional

investors. With the same data set and identical time interval employed as in Lu, Swan and

Westerholm (2016), it is difficult to find a statistically significant information advantage

represented by Lambda for female investors over male investors within the same household

investor group. Hence if both male and female investors have rational expectations, then

female investors have a gain 43.16 percent IRR at the expense of male investors could

be due to so called “home informational superiority” in gaining access to and processing

local information that is typically not time-specific and thus does not represent insider-

trading. With the data availability on postcode address, I am thus able to show female

investors located geographically near Nokia headquarters dominate more distant female

investors and also outperform both Helsinki and non-Helsinki male investors. The both

Helsinki female investors and male investors over non-Helsinki female investors and male

investors suggest that there remains an overall “home-bias” informational advantage which

is most likely due to the better processing of data. For example, the female trader who

discerns that it is “business as usual” in Nokia when Nokia’s price is rising by 5,000

percent and falling by 98 percent will adopt a contrarian strategy. With respect to the risk

taking attitudes of female investors, my regression estimation results suggest that there

are no statistically significant risk preference biases relating to female and male investors’

investment decisions.

According to the limits to arbitrage (Shleifer and Vishny (1997)) theory, male investors’

may be overconfident and risk-taking relative to females but I find find no evidence of this

in my analysis of male and female traders. However, I do find that as females age, less

talented traders withdraw from market making aged females superior to young females, as

well as to males of all ages. I see no comparable improvement in males as they age and

declining testosterone levels with age seem to make little difference.

In order to understand the determinants of female investors’ superior trading ability in

matched trade portfolios with male investors, I choose a simple and natural methodology,

i.e. simple moving average on past stock prices with weekly-interval. There is a vast

literature using moving average to construct trading signals over past decades. Here my

hypothesis is that female investors extract information from average stock price over
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different time-interval to identify mispricing opportunities in the market. I conclude that

female investors prefer to buy underpriced stocks and sell overpriced stocks – compared

with moving average prices. Furthermore, this short-term moving average estimation plays

more important role than does long-term up to one year.

Could the superior trading ability of females relative to males be due simply to self-

selection, perhaps arising from discrimination? After all, fewer females register as traders

relative to males, and of the registered portfolio holders, females are less likely to trade

their portfolios. The male trading volume with all other classes of investor other than

female is five times that of female trading with all other classes apart from males. This

self-selection hypothesis remains unconvincing. There would seem to be few barriers

to females trading their own portfolios in the privacy of their own home and away from

the pressures of work and especially in female-headed households. It is not as if one

must seek a high-pressure job in a male-dominated, testosterone charged, environment

in the workplace where there may be active discrimination. Since typically both males

and females manage very small portfolios consisting of only a few stocks and successful

contrarian strategies require a sizeable wait for the stock price to turn around, opportunities

to make successful trades may be few and far between. Weaker female traders also seem to

withdraw as they age, unlike similar males. Hence the limited trading activity. The parallels

between female analysts who make bold and highly predictive stock recommendations, as

in Kumar(2010), and females trading from home using their own funds and making bold

contrarian trades that take a long time to pay-off, are strong. Both sets of findings may

indicate innate female brain functioning that differs from that of males. These differences

in brain functioning may also help to explain the puzzling low participation of women in

self-trading.

In matched trade portfolio between female investors directly trade with male investors,

their net purchases occur when the contemporaneous price falls and vice versa. They also

moderately anticipate a mispricing opportunity, such as the Global Financial Crisis period,

rather than undertaking too much trading activity (buying or selling) and thus bearing more

risk. My findings are, in general, consistent with females making choices quite differently

from males and utilizing different areas of the brain based on “theory of the mind” and

pattern recognition that enables females to enjoy greater trading intuition.





Chapter 4

Trading Performance of Hedge Funds

vs. Other Institutions
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4.1 Introduction

The hedge fund industry has continued to grow at a phenomenal pace. The total assets

under management of the hedge fund industry increased from $38 billion in 1990 to over

$3.03 trillion in the first month of 2015.1 According to a 2015 Deutsche Bank report,

although two-thirds of hedge fund investors reported that returns lagged their expectations,

hedge fund industry assets were still expected to increase and exceed $3.03 trillion by

2015.2

Do hedge fund investors have the required skills that would allow them to systematically

earn superior net returns on their investments? This fundamental question has been

attracting substantial attention from academics and industry practitioners. Many Wall

Street analysts acknowledge that, on average, hedge fund managers have better trading

skills and are more sophisticated than mutual fund managers. This means that hedge fund

managers have a significant ability to exploit market inefficiencies to outperform their

benchmarks, presumably by virtue of skill, knowledge, and insight. A number of studies

provide evidence that hedge fund managers seem to possess superior trading skill.3 By

contrast, Griffin and Xu (2009) raise serious questions about the perceived skills of hedge

fund managers, pointing out that they demonstrate little ability to precisely time sectors or

pick stocks styles and that their trades may have contributed to market instability.

Principal–agent models (e.g., Ross (1973), Holmstrom (1982)) characterize the rela-

tionship between investors and fund managers. Fund managers should align their incentives

with investors’ objectives to reduce perk consumption and avoid incurring unnecessary

risks that reduce investor returns. Hedge funds differ from mutual funds in several im-

portant ways. First, hedge funds are lightly regulated and offer limited transparency and

disclosure. Second, the performance-based incentive fees charged by hedge funds will help

align the interests of manager and investors. Finally, investors who invest in hedge funds

must follow specific lock up periods and withdrawal notice rules to make redemptions.

This procedure can limit their portfolio liquidity relative to that of mutual funds investors.

Due to the differences between the structures of the hedge fund and mutual fund industries,

1https://www.evestment.com/resources/research-reports/2015-research-reports/global-hedge-fund-asset-
flows-report—january-2015.

2https://www.linkedin.com/pulse/top-hedge-fund-industry-trends-2015-don-a-steinbrugge-cfa
3Studies that show on average hedge funds produce net-of-fee alphas around 3 percent to 5 percent, including
Kosowski, Naik, and Teo (2007) and Agarwal, Daniel, and Naik (2009), and Ibbotson, Chen, and Zhu
(2011).

http://www.evestment.com/resources/research-reports/2015-research-reports/global-hedge-fund-asset-flows-report%E2%80%94january-2015
http://www.evestment.com/resources/research-reports/2015-research-reports/global-hedge-fund-asset-flows-report%E2%80%94january-2015
http://www.evestment.com/resources/research-reports/2015-research-reports/global-hedge-fund-asset-flows-report%E2%80%94january-2015
http://www.linkedin.com/pulse/top-hedge-fund-industry-trends-2015-don-a-steinbrugge-cfa
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hedge funds generally emphasize incentive contracts and ownership structure to mitigate

principal–agent problems, whereas market forces and government regulation help mutual

fund managers to alleviate their principal–agent issues with investors. These potential

institutional differences have important implications for investors’ allocation of money

across different funds as well as the way money flows and how incentives or management

fees determine future fund performance.

The question of whether hedge fund managers are informed and whether they can

deliver superior performance is also at the core of the analysis of the hedge fund industry

(Fung and Hsieh (1997), Ackermann, McEnally, and Ravenscraft (1999), Agarwal and Naik

(2004), Getmansky, Lo, and Makarov (2004), Agarwal, Daniel, and Naik (2009, 2011),

and Aragon and Nanda (2012)). With the increased involvement of hedge funds in the

public equity market, many investors hold stocks owned and traded by hedge funds. These

investors are either favorably or adversely affected by the higher or lower price efficiency

of hedge funds trading. If hedge funds are informed on average, then the information in

stocks prices guides hedge fund investment decisions. It is thus not surprising to find that

changes in hedge fund flows are linked to stock price efficiency: more efficient stock prices

improve investor welfare by facilitating hedging and risk sharing (Dow and Rahi, 2003)

and also guide stocks in making better investment decisions.

In this study, I find strong empirical evidence that hedge fund managers outperform

“other institutions”4 when utilizing the collective daily trade portfolios of institutional

investors in the U.S. equity market. By observing more than 10 percent of the institutional

equity5 trading volume of the market, I can determine who trades on a contrarian basis

and which investors are on the other side of the contrarian trading strategy. My main

findings are based on the HPI methodology (Lu, Swan and Westerholm (2016)), which

precisely computes cumulative daily trading profits and losses regardless of the horizon

and stock turnover rates of aggregated investor-types on the mutual trade portfolio by tying

together the two investor-types. This methodology contrasts with the conventional C-T

methodology, which is discussed extensively in the survey by Barber and Odean (2013).

4I classify plan sponsors as “other institutional investors” as well. However, the main group of “other
institutional investors” comprises so-called “mutual funds” in the analysis.

5Russell (2016) has discussed the concern that ANcerno does not represent the population of all hedge funds
with equity trading and indicated that, compared to 13F hedge funds, ANcerno hedge funds are significantly
larger, which is consistent with Puckett and Yan (2011). This comparison eliminates any concerns about my
results due to sample size.
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I compare “apples to apples” over the relevant time periods without imposing investor

horizons or implied stock turnover rates that have limited or no applicability to these

collective investor-types. I therefore cope with the dilemma whereby two investor-type

groups might have similar portfolio alphas based on factor models assuming a fixed

investment horizon but that, in exceedingly volatile markets, may earn entirely different

realized trading profits if one has better private market timing ability and information.

Since market timing is endogenous rather than mechanical and exogenous and is also

reliant on both the incentives and information base of the trader, any comparison of

agent-type performance requires a performance measure that both recognizes and rewards

stock-timing ability.

Moreover, rather than being dependent on some particular, and perhaps unrepresenta-

tive, “discount broker”, my study contributes to the current debate on hedge funds using

actual institutional trades to evaluate the trading performance. I solve the difficulty in

conventional analysis whereby clients often have accounts with multiple brokers, making

findings problematic.6 Furthermore, I overcome the limitations of quarterly institutional

holding data7 by using a proprietary database of institutional trades provided by ANcerno

Ltd.8 The ANcerno data are uniquely suited for answering questions related to trading

skill, since they identify the exact date and execution price of each transaction and allow

us to distinguish the trades of each institution (and funds within these institutions) both in

the cross-section and over time.

My analysis of data from ANcerno includes a time-window split into three sub-periods.9

The first period spans January 4, 1999 to October 9, 2002, which is an extended high-tech

bubble period10 of a “bull” followed by a “bear” market. The second period, October 10,

2002 to March 9, 2009, is the boom prior to the financial crisis, including the subsequent

collapse following the demise of Lehman Brothers. The third period, March 10, 2009 to

6Aiken, Clifford, and Ellis (2013) argue that most of the net-of-fee alphas generated by hedge funds stems
from selection biases in the commercial database.

7Because institutional trading data are not publicly available, previous studies that examine trading perfor-
mance have employed changes in quarterly institutional holdings based on 13F filings data to proxy for
trading activity. However, changes in quarterly holdings do not capture intraquarter transactions. These
studies commonly assume that all trades occur at the end of the quarter when, in fact, they could occur at
any time within the quarter. This may limit the researchers’ ability to identify superior trading ability if
trades are motivated by short-lived private information, as profitable trading opportunities dissipate quickly
(Kothari and Warner (2001), Puckett and Yan (2011)).

8Griffin and Xu (2009) find little evidence that hedge funds outperform by examining equity trades or
holdings.

9I split my sub-periods followed the peaks and troughs of the S&P Index from 1999 to 2009 for each cycle.
10Due to data availability, I am not able to examine the whole ‘bubble period’ starting from 1997.
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December 31, 2009, is the post-financial crisis recovery period. Finally, I evaluate the

entire period from 1999 to 2009 inclusive.

I split the sample into several “bubble” (i.e., cyclical periods) to make valid comparisons

between hedge funds and “other institutional investors”. Since hedge funds are contrarian,

hedge funds will invariably perform worse during any given up-swing or down-swing.

Valid comparisons require an entire cycle in order to eliminate any effects caused by

dominated short-term trend followers.

4.2 Literature Review

Hedge funds have rapidly expanded since 1997. The seminal literature on hedge funds

was Fung and Hsieh (1997) and Ackermann et al. (1999). Since then, the literature on the

hedge fund industry has expanded quickly. A large body of empirical research focuses on

hedge fund performance and persistence in hedge fund performance.

There are two approaches to evaluating hedge fund performance. 1) Some studies,

such as Ackermann et al. (1999), Brown et al. (1999), Liang (1999), Amin and Kat

(2003b), Liang (2001, 2003), and Agarwal and Naik (2004), compare the performance

of hedge funds with equity and other indices. Their findings are mixed. Brown et al.

(1999) and Liang (1999) conclude that hedge funds are able to outperform these indices.

However, Ackermann et al. (1999) and Agarwal and Naik (2004) are more cautious in

their conclusions. The evidence that performance does not persist is widely regarded to

imply that superior performance is attributable to luck rather than to differential ability

across managers. If this implication is correct, as many researchers (e.g., Malkiel (1995),

Ross, Westerfield, and Jaffe (2002)) maintain, it could also be interpreted as evidence of

market efficiency. This would be troubling from an economic point of view: if all superior

performance is due to luck, there should be no reason to reward hedge fund managers

through higher fees. Together, these findings have led researchers to raise questions about

the measurement of performance in the funds industry. Have I measured or compared fund

performances using precise methods? Is the non-persistence performance result due in part

to differences in the way fund performance has been evaluated? 2) Other studies compare

the performance of hedge funds with that of mutual funds. In this context, Ackermann et al.

(1999) use a large sample covering both U.S. and offshore funds with monthly frequency,
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finding that hedge funds persistently achieve performance superior to that of mutual funds

and providing a potential explanation for the outperformance of hedge funds by linking

one of the key hedge fund characteristics - incentive fees — to performance. McCrary

(2002) states that hedge funds have higher returns, both in absolute terms and relative to

the aggregate returns on stock and bonds. Due to diversification, hedge funds have a low

correlation to stock and bond indices and therefore also carry lower risk than traditional

assets (McCrary, 2002). All hedge funds are under active management; when a recession

occurs, this confers the advantage of being able to react faster than mutual funds, which

have a passive management strategy.

The most popular methodology for examining fund performance is the C-T approach,

which analyses the risk-adjusted performance of fund managers using a two-step procedure.

Since the seminal work of Jaffe (1974) and Mandelker (1974), it has been applied in

many different areas of empirical finance, such as research on the performance of private

investors (e.g., Barber and Odean (2000, 2001, 2002); Seasholes and Zhu (2005, 2007);

Ivkovic, Sialm, and Weisbenner (2008); Kumar and Lee (2006), studies on the long-term

performance of stocks (e.g., Brav and Gompers (1997); Fama (1998); Mitchell and Stafford

(2000)), research on insider trading (e.g., Jaffe (1974); Jeng, Metrick, and Zeckhauser

(2003)), and analyses of the performance of mutual and hedge funds (Kacperczyk, Sialm,

and Zheng (2008); Fung, Hsieh, Naik, and Ramadorai (2008)). The survey by Barber and

Odean (2013) provides an excellent summary of C-T and the related literature.

The noisy, partially revealing, rational expectations equilibrium models of Hellwig

(1980) and Wang (1993) provide a platform for examining the effect of asymmetric

information on both stock prices and trading behavior. These noisy rational models derive

from a theory of equilibrium price information in which only some traders receive an

informed signal and stock prices are not fully revealing of information.

4.3 Holding-Period-Invariant Trader Methodology

The C-T approach has been widely applied to many areas of finance including private

investors’ trading performance, long-run stock performance, insider trading, and the

relative performance of mutual and hedge funds. Applying the C-T portfolio approach

requires two steps to match groups of traders. (1) An aggregate portfolio of buy-trades
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for the group is constructed on a daily basis, and either the return or the excess return

is then computed over a given horizon, such as one month or one year. (2) Similarly, a

portfolio of sell-trades by the same group is constructed with the difference in return or

excess return between the buy and sell portfolios over the same given horizon recorded.

Trading prowess is greater the more positive the net difference in return is. The method is

then reapplied from scratch for the next month or year, depending on the assumed horizon.

These aggregate period-by-period portfolio return differences are then regressed on a set of

market factors with the intercept interpreted as the performance alpha.

If the comparison is between two agent-types, then it would normally be assumed

that each has the same exogenously given investment horizon, derived from an average

turnover rate. An obvious weakness of this standard approach is that the holding period

is far from constant and will partially reflect the very timing and trading skills that one

wishes to model. Holding periods vary, in part, because traders are not pre-programmed

mechanical robots, and better informed investors will display superior timing skills, giving

rise to endogenous variation in the holding period.

Following the methodology firstly conducted in Lu, Swan and Westerholm (2016),11 I

proceed thusly. Since trading skill is most meaningfully revealed in comparison between

two agent-types in the same market over identical periods, I mark both agents’ portfolio

value to market on the initial day with sufficient holdings to ensure non-negative holdings

in the future. Initially, I include only net buys or sells between the two agent-types since

this is the most relevant comparison. Trades made with third-parties without the two agents

trading with one another may simply imply some commonality in belief (and trading

direction) that is irrelevant to the initial comparison.

How best to choose the appropriate benchmark to assess both the economic and

statistical significance of the trading ability of participants? Several studies have pointed

out that biases are involved in the conventional approach to asset pricing, which is to

introduce a market portfolio benchmark. They find that portfolios are never mean-variant

efficient (Diacogiannis and Feldman, 2013). Grinblat and Titman (1993) propose an

innovative method that computes the difference between the realized return on a particular

portfolio and the expected return they would have achieved had the portfolio manager been

uninformed.
11Details of this method are described in Chapter 2 Section 2.3
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I utilize this insight (Grinblat and Titman (1993)) and carry out Monte Carlo simulations

to examine my problem. As in Lu, Swan, and Westerholm (2016), for any given sequence

of daily trades over any given interval between two types of institutions (here, “other

institutions” and hedge fund families), I am able to observe one outcome corresponding to

the realized wealth gain for one party and the corresponding loss to the other on the trade

portfolio. However, one investor type may achieve a favorable outcome due to their good

luck rather than superior trading skills, no matter how great the wealth gain to one party at

the expense of the other. I thus perform Monte Carol simulations using 10 thousand trails

and actual trades in every stock traded on every day and randomize the trade direction of

the two types of investors to compute randomized wealth gains and corresponding losses,

simulating informationless trading. By examining the proportion of times in which one

investor category achieves either the same or better outcome purely by chance, I attach

statistical probabilities to each actual outcome based on this random benchmark.

The main advantage of aggregating each of the entire trades of each agent-type within

the C-T methodology is that it takes into account the cross-sectional correlation of stock

returns that might otherwise bias the statistical significance of agent-type returns if a pooled

cross-section time-series regression methodology were utilized (Seasholes and Zhu (2010)).

As the net buyer and net seller portfolios constructed by employing C-T methodology with

an imposed horizon are not aligned with the actual trading transaction data used to form

the buyer and seller portfolios, this gives rise to measurement errors that may bias the

findings toward one particular participant. However, the HPI methodology can be easily

applied to construct net buyer and net seller portfolios by cumulating the actual realized

daily profit/loss on a mark-to-market without imposing arbitrary or even contradictory

holding periods and turnover rates on the aggregate trades of each agent-type.

The conventional wisdom in measuring trading performance in asset pricing is to

suppose that the individual trade data display some type of average turnover rate. While

these actual individual trades represent trades with each agent-type, as well as between

agent type and at the level of the aggregate type, there may be no meaningful turnover rate

of fixed duration. For example, over the 11-year period in the U.S. between January 1999

and 2009 (inclusive), hedge funds mainly sell the leading 205 stocks to “other institutions”

when the stock price is rising and buy when it is falling, with these price movements likely

due to the order imbalance of “other institutional investors”. These price movements do
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not occur based on any mechanical pattern. Furthermore, my findings suggest that the

hedge fund trading pattern is based on fundamental information as to whether stock is

either under- or over-priced and is thus endogenous.

4.4 Data

4.4.1 Source of investor-level transactions

My data source is ANcerno Ltd,12 a widely recognized consulting stock that works with

institutional investors to monitor their execution costs, The ANcerno data contain detailed

transaction information for all equity transactions executed by each client. ANcerno reports

trade date, the stock trade with trade direction (buys or sells), the number of shares traded,

the execution price, the price at the time the trade was placed, the commissions paid,

and identity codes for the institution making the trade. ANcerno clients include money

managers (such as Massachusetts Financial Services, Fidelity and Putnam Investments) and

plan sponsors (such as CALPERS, the Commonwealth of Virginia, and United Airlines). I

also collect returns, share price, and shares outstanding from the Center for Research in

Securities Prices (CRSP).

ANcerno data use three identifier variables for each institution: an institution type

identifier, a client identifier, and a manager identifier. The institution identifier indicates

whether the clients are plan sponsors or money managers. The client identifier is a

permanent numeric identifier without the names of clients and refers to the plan sponsors

or money managers that subscribe to ANcerno. The permanent numeric manager code

displays the management company executing the trades.13 ANcerno provides a reference

file corresponding to money management companies (e.g., manager 40 = Bear Stearns

Asset Management). However, I am not able to identify funds that belong to the same

money management company.

According to ANcerno’s supplemental notes,14 a management company can subscribe

to ANcerno in two ways. 1) If the management company invests on behalf of a plan

12Previous studies that use ANcerno data include Anand et al. (2012), Anand et al. (2013), Green and Jame
(2011), Green et al. (2013), Jegadeesh and Tang (2010), and Puckett and Yan (2011).

13ANcerno reports a manager code value of -1 or 0 to represent the unidentified money management stock
(or the client). These observations are excluded from my sample.

14I offer special thanks to Russell Jame for providing this valuable information, and more importantly,
helping me identify hedge fund management companies.



146 Trading Performance of Hedge Funds vs. Other Institutions

sponsor that subscribes to ANcerno, ANcerno will account the corresponding trades for

the plan sponsor. 2) Alternatively, if the money management company directly reports

their trades to ANcerno, ANcerno will include all of their trades on behalf of this money

management company. I follow Russell (2016) in identifying hedge fund management

companies. Details are provided in Appendix D.

Table 4.1 provides summary statistics for my basic ANcerno data over 11 years. The

sample consists of 79 hedge fund management companies that manage money for 333

different ANcerno clients and 556 mutual fund management companies that manage

money for 684 different ANcerno clients. There are 513 different client–manager pairs for

hedge fund managers and 3,598 different client-manager pairs for mutual fund managers.

Hereafter, following the fund definitions used in Russell (2016), I will generally define

a fund based on a manager–client pair. Hence, I classify a fund management company’s

trades on behalf of two different clients as two separate funds, whereas it may or may

not reflect the trading of the same fund’s product. In my sample, 20 out of 79 hedge

fund managers and 143 out of the 556 mutual fund managers directly hire ANcerno,

respectively. Thus, my results are skewed toward hedge fund managers and mutual fund

managers trading on behalf of plan sponsors. Due to the similarity in fund characteristics

between mutual funds and plan sponsors, I treat mutual funds and plan sponsors as one

trading group (i.e., “other institutions”) as the counterparty of hedge fund managers in my

HPI trading portfolio performance analysis.

Table 4.1 Panel B displays the number of funds that appear in the sample each year

from 1999 to 2009. There are 228 hedge funds and 1,687 other institutional funds in 1999.

The number of funds is relatively stable until around 2007, after which the sample steadily

decreases.
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To describe entire cycles of boom and bust, I split up my entire data period into three

sub-periods based on S&P 500 Index daily close price time-series: the high-tech boom and

collapse period,15 (01/04/1999-10/09/2002); the pre-GFC boom to the Lehman Brothers

collapse (10/10/2002–03/09/2009); and the post-GFC period (03/10/2009–12/31/2009). I

analyze the entire 11-year period for which data are available (01/04/1999–12/31/2009).

4.4.2 Data steps

From my data set, I compute the daily buys and sells undertaken by every hedge fund

and "other institution" over the 11 years my daily data covers. On eliminating all daily

trades between all hedge funds in my sample and between all “other institutions” in my

sample, I am left with the daily net buys and sells of the two groups: "hedge funds"

and “other institutions”. While many trades between these two groups can be matched

at the level of individual trades, this is not possible for all trades. I solve for the unique

allocation of trades that equates daily buys and sells between each of the two groups.

For example, on the same trading day for the same stock C, the first scenario is: if the

net buys16 of agent-type A (i.e., hedge funds) in stock C is three shares and the net buys

of agent-type B (i.e., “other institutions”) is minus ten shares, then in the HPI trading

portfolio framework, the HPI net buys of agent-type A is recorded as three shares with

corresponding minus three shares recorded as the HPI net buys for agent-type B and vice

versa. As discussed in Section 4.3, I include only net buys or sells (i.e., the three shares

traded by agent-type A and agent-type B in stock C) between the two agent-types since

this is the most relevant comparison. Trades made with third-parties, i.e., the remaining

seven shares sold by agent-type B with other investor groups in the market may simply

imply some commonality in belief (and trading direction) that is irrelevant to the initial

comparison.

According to Puckett and Yan (2011), ANcerno’s institutional clients account for

approximately 10 percent of all institutional trading volume. ANcerno’s institutional

trading data covers a representative set of institutional investors and has been used by

15The high-tech boom and collapse period starts at the beginning of 1997. However, my earliest data starts
from January 4, 1999.

16The net buys is defined as the aggregated daily buys minus the aggregated daily sells.
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many studies to investigate institutional trading behavior.17 Researchers may be concerned

that the ANcerno data do not include non-equity trading, such as 13F holdings, However,

Russell (2016) identified over 90 percent of the funds in the ANcerno sample as long/short

or equity market neutral funds, indicating that the primary investment approach of most

institutional investors is equity trading. Furthermore, Russell (2016) claims that the

ANcerno data sample displays a number of advantages over commercial databases and

13F quarterly holdings.18

Table 4.2 summarizes my sample of HPI portfolio daily trades (1999–2009) and the

overall traded value in U.S. dollars of my two investor groups: hedge fund managers and

“other institutions”.

Table 4.2 Summary Statistics of daily HPI Portfolio Trades and Trading Value in USD by
Hedge Funds direct trade with Other Institutions from 1999 to 2009.

Value

HPI trades Mean 15,897.63***
Median 0
Maximum 3,165,0594
Standard Deviation 109,205.16
t-value 102.84
Number observations 498,873

HPI traded value Mean 412,843.57***
Median 0
Maximum 764,362,053
Standard Deviation 2,736,407.7
t-value 106.56
Number observations 498,873

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

I select 205 leading stocks traded in the U.S. equity market based on three criteria. The

first is being ranked among the top 1000 of stocks comprising “other institutions”’ trade

and trade value from 1999 to 2009. The second is being a leading stock from among the

sample of approximately 12000 surviving stocks, sorted by average traded value per day

during the sample period. Finally, I further restrict my sample by only considering stocks

17See, for example, Chemmanur et al.(2009), Goldstein et al.(2011), Anand, Irvine, Puckett, and Venkatara-
man (2012, 2013), Ben-Rephael and Israelsen (2014), Brown, Wei and Wermers (2013) and Russell
(2016).

18Russell (2016) clearly introduces two benefits of ANcerno data relative to commercial databases and
quarterly holdings related to my analysis. (1) ANcerno sample contains all equity trades, inclusive of
short-sales, confidential fillings, and intra-quarter round-trip trades. (2) ANcerno data do not suffer from
many of the biases resulting from commercial databases (Fung and Hsieh, 2009).
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with more than 250 trading days (appropriately one year) between hedge funds and “other

institutions” in the HPI trading portfolio. I then combine these three ranking filters with a

limit of 205 stocks. My method implies a “look ahead” bias in the choice of the 205 stocks.

This counts against my findings, in that my stock sample is chosen on the basis that “other

institutions” chose to trade these relatively large stocks due to a self-selection process in

which this investor class selects stocks through which they expect to outperform.

4.5 Results

I focus on the 205 leading stocks and present aggregated trading profits and losses of

each agent type and their counterparties in Tables 4.3.
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Once the net trade flows in each stock between hedge funds and “other institutions”

have been analyzed, the HPI methodology introduced in Chapter 2 Section 2.3 is applied

to trades between hedge funds and “other institutions”.

Table 4.3 shows the results when trading commissions are considered.19 I do not adjust

the institutional transaction costs for the bid–ask spread or market impact, as these metrics

are difficult to measure reliably across a large sample of transactions and over a long

time period. In addition, as my two groups are institutional investors, similar transaction

cost rules should apply to both because they both trade through U.S. stock exchanges. In

today’s highly liquid automated market, transaction costs are a relatively small factor that

is unlikely to explain the results.

Figure 4.1 to 4.3 graph the aggregated cumulated daily profit and loss for hedge funds

and “other institutions” in the 205 leading stocks over each subperiod, respectively. Figure

4.4 shows the aggregated daily net purchases of 205 stocks by hedge funds and “other

institutions” over my entire sample period while Figure 4.5 presents the cumulative profit

and loss for hedge funds and “other institutions” over the entire period. It can be seen

that “other institutions”’ cumulative daily profits almost perfectly track the S&P 500 daily

price over the entire period, because “other institutions” almost follow the trend in S&P

500 prices over the period, consistent with the noisy rational expectations literature (e.g.,

Brennan and Cao (1996)), in which foreign investors are relatively uninformed.

4.5.1 Period 1: January 4, 1999 to October 9, 2002

Hedge fund managers did not commence significant trading with “other institutions”

until halfway through the period in March 2000, when the S&P 500 Index had almost

reached its peak. Hedge fund managers continued to purchase until July 2011 before

commencing modest sells. Over this period, Figure 4.1 shows that hedge fund managers lost

significantly with respect to their trades in the leading 205 stocks with “other institutions”

until November 2000 but more than made up for these losses during most of the first two

years, to continue rising to its peak of USD 2,033.5 million gain for hedge fund managers

in June 2011. However, hedge funds lost significantly with respect to their trades in the

leading 205 stocks with “other institutions” over the last year, to finish at a USD 587.93

19The ANcerno data set reports commissions per trade per day per client. I compute end-of-the-day
institutional investors’ commissions by simply summing up their daily trades’ commissions.
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million loss and a corresponding profit for “other institutions” of 567.57 million, as shown

in Table 4.3, where profits and losses is measured net of trading commissions20 provided

from ANcerno.
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Figure 4.1 Cumulative daily Profits and Losses for Other Institutions and Hedge Funds on
ANcerno Stocks of Average Market Capitalization, January 4, 1999 to October 9, 2002

4.5.2 Period 2: October 10, 2002 to March 9, 2003

In the post high-tech boom period prior to the GFC collapse, hedge fund managers

made modest purchases and sold stocks until January 2004, after which they continued to

sell until March 2009. Their cumulative trades are almost precisely the mirror image of

S&P 500 Index price movements until February 2008, while, of course, “other institutions”’

cumulative trades almost exactly match S&P 500 Index price movements in the opposite

direction. Thus, hedge fund managers buy a leading 205 stock when it is a recent loser (i.e.,

its price is falling), and they hold on to their existing inventory, and they sell leading 205

20If one trading party paid daily total commissions for an HPI trading portfolio for a stock and its counterparty
paid commissions more than those, then the counterparty’s total paid commissions would be subtracted
from the dollar returns of both parties’ daily HPI trading portfolios. The HPI trading commission is
adjusted according to the daily HPI dollar transactions with respect to each trading party reported in
ANcerno.
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stock when it is a recent winner (i.e., when its price is rising). Hedge fund managers appear

to be successful traders or speculators. Figure 4.2 shows that hedge fund managers made

significant accumulated profits as they heavily sold leading 205 stocks until their reached

their peak but more than recouped these losses once the full force of the GFC collapse was

evident. In fact, Table 4.3 shows that hedge fund managers significantly profited by USD

3,968.65 million net of transaction costs at the expense of “other institutions” by the end

of the GFC bubble period.
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Figure 4.2 Cumulative daily Profits and Losses for Other Institutions and Hedge Funds on
ANcerno Stocks of Average Market Capitalization, October 9, 2002 to March 9, 2009

4.5.3 Period 3: March 10, 2009 to December 31, 2009

Hedge fund managers continued to sell to “other institutions” over this entire period

while the S&P 500 Index continued to increase in price. Figure 4.3 and Table 4.3 show

that, within this data period, this acquisition strategy is yet to pay off with a significant

accumulated loss of 49.04 million but events past the cut-off date suggest that this has

nonetheless proved to be a winning strategy.
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Figure 4.3 Cumulative daily Profits and Losses for Other Institutions and Hedge Funds on
ANcerno Stocks of Average Market Capitalization, March 10, 2009 to December 31, 2009

4.5.4 Entire Period: January 4, 1999 to December 31, 2009

Figure 4.4 shows that hedge fund managers have been net sellers of leading 205 stocks

from “other institutions” when the S&P 500 index was increasing in price and vice versa

until December 2008. However, hedge fund managers seem to have undertaken a trend-

following strategy over much of the latest period. Figure 4.5 and Table 4.3 shows that,

after trading commissions, hedge fund managers made significant trading gains at the

expense of “other institutions” that totaling USD 3,028.26 million for “other institutions”,

the 908 million differences being due to differential trading commissions. Hence, trading

commissions, while not a deciding factor, affecting the profits of hedge fund managers

more than for “other institutions”.
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Figure 4.4 Daily cumulative net purchases for Other Institutions and Hedge Funds, January
4, 1999, to December 31, 2009
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Figure 4.5 Cumulative daily Profits and Losses for Other Institutions and Hedge Funds on
ANcerno Stocks of Average Market Capitalization, January 4, 1999, to December 31, 2009
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4.5.5 Conventional investment performance proxy: Internal rate of

return (IRR)

As a robustness check, I perform internal rate of return (IRR) calculations without

imposing any horizon assumptions other than the start and end dates of the projects to

evaluate hedge fund managers’ and “other institutions”’ trading ability. IRR takes an NPV

“investment view” of expected financial results. This essentially means that the magnitudes

and timing of cash flow returns are compared to cash flow costs. IRR analysis begins

with a cash flow stream, the series of net cash flow figures required for the investment

with a positive realization of the portfolio at the end. I compute the HPI portfolio’s

initial values of each agent-type, as described above, and marked to market on day 0

as its own initial investment outlay. I then take the daily value of stock purchases as

additional investment outlay, with sales representing a cash benefit over each one-day

period from January 4, 1999 to December 31, 2009. On the final day, the value of the

portfolio is marked to market as the cash realization, following the same procedures for

IRR calculations used in Lu, Swan and Westerholm (2016). Details are shown in Chapter

2 Section 2.5. Table 4.4 shows the IRR results for the full sample of a weighted average

portfolio by the mean trading volume of the 175 designated stocks21 over the entire 11-year

period. The hedge funds’ HPI investment portfolio yields a unique 8.36 percent annualized

continuous compounded internal rate of return, compared with a negative 8.36 percent

internal rate of return made by “other institutions” over the entire sample period. The

counterfactual hedge funds “BuyOnly” IRR is lower, at -9.71 percent p.a., indicating

that it is necessary to include the exact timing of asset sales, as well as purchases, as the

regular IRR method does. The "BuyOnly" IRR is but a crude extension of the conventional

“buy and hold” C-T methodology, with my findings indicating that it severely distorts

performance measurement. To save space, only the entire sample period’s results are

shown.

The equal weighed average IRR earned by hedge fund managers in trading with

“other institutions” for the full sample of the 175 stocks over the entire 11-year period is

statistically significant with 9 percent p.a.. The final row in Table 4.3 above shows that this

21There are 30 stocks without valid IRR results from SAS IRR functional computation. I exclude these 30
stocks from the IRR sample analysis in Table 4.4.
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Table 4.4 Summary of Continuously Compounded Internal Rate of Return (IRR) of daily
Hedge Funds HPI Trading for ANcerno stocks from 1999 to 2009, respectively.

Category Value

Weighted Average by Trading Volume Mean IRR_HPI 8.36%
IRR_BuyOnly -9.71 %

Number observations IRR_HPI 175
IRR_BuyOnly 175

Equal Weighted Mean IRR_HPI 9 %***
IRR_BuyOnly -8 %***

t-value IRR_HPI 2.88
IRR_BuyOnly -3.47

Number observations IRR_HPI 175
IRR_BuyOnly 175

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

return corresponds to a trading profit rate on trades of 0.21 percent. Thus, relatively small

trading profit rates translate into quite high IRR, given the magnitude of trading.

4.6 Hedge Fund Managers’ Investment Strategy

4.6.1 Model of informed trading following Lu, Swan and Wester-

holm (2016)

The high dollar return earned by hedge funds trading with “other institutions” over the

11-year period suggests that they trade on the basis of information. Could the trading suc-

cess of hedge fund managers have occurred because they were able to extract information

from the daily price history? Clearly, this would be impossible in a fully efficient market

in which both hedge funds and their counterparties have rational expectations.

Following the model of informed trading demonstrated in Lu, Swan, and Westerholm

(2016), I assume that hedge fund managers in their paired relationships with “other

institutions” receive a private and noisy signal of the stock’s fundamental (i.e., “true”)

value at time t, denoted pT
t , and that this estimate is not observable by the hedge funds’

counterparties. If this valuation is identical to the current observed stock price, pt, then the

relatively informed party does not trade, st = 0, as in my framework, it is informational

advantage rather than, say, risk sharing, is the major trading motivation. This observed

price is set in global markets and is taken as exogenously given by hedge fund traders.
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Alternatively, if pT
t > pt then st > 0 and a purchase is made with the counterparty making

an identical sale. Then again, if pT
t < pt a sale is made, st < 0, with the counterparty

making an identical purchase.

How does the relatively informed hedge fund manager receive this noisy signal as the

expected true price? A highly plausible and simple assumption is that informed hedge

fund traders learn iteratively by observing a private signal of the geometric informational

decay rate or probability, 0 < λ ≤ 1, on the informed trader’s current valuation signal, pT
t−1,

i.e., λpT
t−1, while assigning the residual or remaining information, 1−λ , to the current

observed price, i.e., (1−λ) pt. I go on to show that, given my 11 years of daily matched

pairs of trades between the various counterparties and the entire price histories (which are

public), econometricians can recover the private signals received by the most informed of

each matched trading pair type. It would not have been possible for “other institutions”

to extract such signal information, even had they the incentive to do so, as the paired

daily stock investment sign and magnitude data are not publicly available. Details on

implementing this method are provided in Appendix B.

4.6.2 Testing the model of informed trading

I use Ordinary Lease Squares (OLS) to perform the empirical estimation and check

autocorrelation using the Cochrane Orcutt Durbin Watson values. Table 4.5 columns (1)

to column (4) show the summary descriptive statistics for the hedge funds’ HPI trading

portfolio with “other institutions” in the 205 leading stocks from January 1999 to December

2009. Of these buys and sells, on average, a positive and significant 11.92 percent are in

the direction opposite to the contemporaneous price movement, and 11.54 percent are in

the same direction; on 76.54 percent of days, there was no direct trade between hedge

funds and “other institutions”. Unsurprisingly, the informed trading group, hedge funds,

did not have a majority of contrarian trades when viewed narrowly with a one-day horizon.

Table 4.6 displays two sets of regression results and implied parameter values found

by estimating equation (B.1.7) using the daily data in column (1) and weekly data in

column (2) for hedge fund managers’ trade volume in 205 leading stocks for January 1999

to December, 2009,22 with “other institutions” as the dependent variable. All parameter

22Each sub-period result offers the same conclusion as that offered for the entire period—that, on average,
hedge funds do not show significant contrarian trading behavior on a daily interval.
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Table 4.5 HPI Daily Trading Strategy Summary for aggregated 205 leading stocks, January
1999 - December 2009

Statistics Contrarian Positive Feedback

Purchase
following a

negative
return

Selling
following a

positive
return

Purchase
following a

positive
return

Selling
following a

negative
return

(1) (2) (3) (4)
Mean 6.03 %*** 5.89 %*** 5.43 %*** 6.11 %***
Median 5.67 % 5.33 % 5.07 % 5.70 %
Standard Deviation 0.0238 0.0283 0.023 0.0212
Minimum 2.10 % 1.50 % 1.55 % 2.25 %
Maximum 12.20 % 16.54 % 12.28 % 11.78 %
t-value 29.82 36.3 33.85 41.34
Number of Stocks 205 205 205 205

Sum of Means 11.92 % 11.54 %
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

values are statistically significant at the 1 percent level, and the Durban Watson values

indicate no evidence of serial correlation. In column (1), the implied intercept, α0, is

small, statistically significant, and positive at 0.25, while the overall discount parameter,

α, is very close to 1, at 0.995. The daily price decay rate, λ, for hedge fund managers

trading with “other institutions” is not only highly statistically significant and higher than

its no-information value of 0 at 0.1786, or 17.86 percent per day, but also lower than the

rational expectations efficient markets hypothesis predicted value of 1, as noted above.

The investment sensitivity parameter β is also very statistically significant and large in

magnitude at 13,532.

In all likelihood, the estimation problem stems from the very short daily investment

period, giving rise to many non-trading and thus directionless trading days. Column (2)

presents the weekly rather than daily trading interval, resulting in an improved model fit

and a similar estimated value for the information decay rate, Lambda. This is probably

because the longer daily investment period does not contribute more for information. In

other words, the informational home bias is not as great.

For the parameter values estimated in Table 4.7, I simulate the projected private signal

of expected fundamental value for my trading pair, hedge fund managers and “other

institutions”, in order to compute the percentage differences between the projected ‘true’

and actual prices. The findings provided in Table 4.7 shows the summary statistics for the
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Table 4.6 Model Explaining the Weekly Hedge Funds Purchases from Other Institutions,
January 1999 - December, 2009.
This table presents results from daily and weekly regressions on ANcerno stocks. Standard errors
employ the Newey-West (1987) correction for autocorrelation in the time series of the averaged
regression coefficients. Average coefficients and Newey-West (1987) standard errors with lags
equal to 4, i.e., approximate one month horizon are presented.

Variable: Stock Purchases

Hedge Funds with Other Institutions
Daily Weekly

(1) (2)

Intercept -2,779*** 13,570***
(t-value) (2.85) (2.78)
Closing price -2,600.16*** -4,248.63***
(t-value) (3.26) (3.01)
Lag closing price 2,416.97*** -3,401.52***
(t-value) (3.19) (2.89)
Lag net hedge funds purchase 0.17861*** 0.17904***
(t-value) (27.47) (20.92)
Number observations 544,644 114,849
R Square 0.0445 0.0563

Implied values
Lambda measure of market efficiency 0.17861 0.17904
Intercept -0.25002 0.87003
Alpha coefficient 0.98352 0.94568
Beta investment sensitivity 13,532 18,998

Absolute t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 4.7 Summary of Trading Model Simulation Utilizing the Percentage of the Difference
between Weekly Informed Investor Expected Fundamental Value and Actual Price deflated
by Actual Price for ANcerno stock of each quintile, respectively.

Descriptive Statistics - Weekly

Hedge Funds directly trades with Other Institutions
Mean -3.00 %***
Median -1 %
Skewness 1.16
Standard Deviation 0.22
t-value 34.54
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

set of investigated U.S. stocks, with a mean of the projected ‘true’ prices is statistically

significantly lower than the actual averaged price by about 3 percent for the trading pair,

hedge fund managers, and “other institutions”.

Based on an efficient markets rational expectation benchmark, the informed trader’s

decay rate of information in the stock price would be 100 percent, not the estimated 17.9

percent per week that I find. Thus, the profitable trader groups I analyze act as if they

receive a private signal based on information extracted from past stock prices in order to

formulate their investment strategy, which I demonstrate to be “contrarian” in nature, with

the purchase of “losers” and the sale of “winners.”

4.7 Conclusion

I follow the HPI portfolio approach in Lu, Swan, and Westerholm (2016) and apply

it to the granularity of transaction data to better understand institutional investors’ equity

trading skill. This is in contrast to the conventional C-T portfolio methodology that

had its origins in important contributions made by Jaffe (1974) and Mandelker (1974)

approximately 40 years ago. I also adopt an extensive 11-year window of matched daily

trades organized by investor trading pair comprising hedge fund managers and “other

institutions”. Many studies strongly advocate the C-T portfolio approach, as it examines

cross-sectional correlations of stock returns rather than assuming that individual investors’

decisions are independent. Hence, it can aggregate individual trades to the level of a single

investor-type. However, this method unnecessarily assumes that all investors mechanically

turn over their entire portfolio at a specified interval corresponding to an assumed horizon.
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By contrast, the HPI methodology is free of this error and bias, enabling it to recognize

the endogenous nature of investment timing decisions made by hedge funds and their

counterparties in my data set.

I find that the direct trade portfolio of hedge funds with “other institutions” in 205

major stocks in the ANcerno data sample results in a gain to hedge fund managers of USD

3,028.26 million over the 11 years of my data set. This represents an average internal rate

of continuously compounded return of 8.36 percent p.a.. weighted by trading volume. If

the C-T “Buy and Hold” equivalent of the IRR, which I dub the “BuyOnly” IRR is used

instead, the return falls to minus 9.71 percent p.a., indicating severe methodological error.

The trading advantage of hedge fund managers over “other institutions” is unlikely to be

due purely to luck. It appears dependent on principal–agent incentive issues, with the

concomitant better risk–reward incentives possessed by hedge funds and an ability to better

exploit “inside” information.

To understand these informational and incentives issues, I construct a simple Koyck

distributed lag model describing the nature of the daily private signal received by the in-

formed group in each trading pair. This private signal sets the daily and weekly differential

between the fundamental value derived from the private signal and the observed price.

Assuming that informed investors maximize their expected CARA utility of wealth, I

estimate weekly informational decay rates of 17.9 percent for hedge fund trades in the 205

leading stocks with “other institutions”. The noisy, partially revealing rational expectations

model of Brennan and Cao (1996) is nested by my specification. However, my estimated

informational decay rates are much lower than the “rational expectations efficient market”

conjecture of 100 percent. Hence, I can safely empirically reject the rational expectations

model based on my method and data.

My findings indicate that informed traders (i.e., hedge fund managers), who trade

on fundamentals—unlike “other institutions”, who appear to be largely trend follow-

ers—receive a private signal that can be extracted from past informed trades and price

movements that inform their current investment decisions. Net purchases occur when the

contemporaneous price falls and vice versa, indicating that informed traders are contrarian,

while the noisy rational expectations literature helps explain why “other institutions”,

lacking private information and suffering agency issues, appear to be trend followers and

relatively informed traders appear to be contrarian.
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166 Conclusion

This dissertation studies delegated investment managers and retail investors’ trading

behavior in the Finnish and U.S. equity markets. In particular, this dissertation first

introduces a new HPI portfolio approach and deliberately conducts an “apples-to-apples”

comparison using matched trades over relevant periods without imposing mandated investor

horizons in the pairs of trading groups to evaluate trading performance, as in previous

research, to ascertain whether behavior bias, informed trading, and home bias exist in the

different investor categories.

First, in Chapter 2, I investigate retail investors, domestic institutional investors, and

foreign investor nominees by employing a well-established database from Euroclear

Finland Ltd that includes all transactions in the share depository for all 1.061 million

investor accounts with holdings in 232 unique common stocks listed on the Nasdaq OMX

Helsinki Exchange, which includes Nokia and 32 other major Finnish stocks. By assessing

the weakness of the C-T traditional portfolio approach used in research on the performance

of investors, my new HPI methodology captures precisely the timing ability of each trading

party to foresee future price movements without imposing arbitrary portfolio turnover

assumptions about endogenous trader horizons on either group. In this framework, I find

that Finnish households gain a profit of EUR 4,923 million in the HPI portfolio with foreign

institutional investors as their exclusive counterparties from 1995 to 2011. I also show

that households located near the headquarter of the corresponding company display far

superior trading ability compared to foreign investors and domestic institutional investors.

In Chapter 3, I further investigate whether gender significantly affects the Finnish equity

market using feasibility data support sourced from Euroclear Finland. My aim was to

understand whether differences exist in male and female investors’ trading behavior using

my proposed HPI portfolio approach to overcome the problem that two investor groups

might have similar portfolio alphas based on factor models, assuming a fixed investment

horizon, but in exceedingly volatile markets. By allowing the two endogenous factors of

market timing ability and information bias in the HPI framework, I show that the direct

trade portfolio of female and male Finnish investors in 28 major Finish stocks results in a

gain to female investors of EUR 194.67 million over the seventeen years of my data set.

Furthermore, I show that female Finnish investors prefer to buy underpriced stocks and

sell overpriced stocks relative to both fast and slow moving average prices.
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Finally, I shift my focus to compare the trading performance within hedge fund money

managers and “other institutional investors” as an investment manager category in Chapter

4. Rather than depending on some unrepresentative broker data, I source my data set from

a widely recognized consulting firm that works with institutional investors to monitor their

execution costs. More importantly, I apply my new HPI portfolio approach to use matched

trades over the same period for a paired trading group without assuming a fixed investment

horizon. My empirical results strongly demonstrate that hedge fund managers gain USD

3,028.26 million from 1999 to 2009 in direct trade with “other institutional investors”. This

represents an average internal rate of continuously compounded return of 8.36 percent p.a.

weighted by trading volume. I also show that hedge fund managers appeared as informed

traders by receiving a private signal, which I extract from past informed trades and price

movements. They prefer to trade on fundamentals rather than following trends.

With the limited aims in this dissertation, I focus only on trades between counterparties

such as households with institutional investors, female investors with male investors, and

hedge fund managers with “other institutional investors”. This study does not address the

performance of their overall stock portfolios. Furthermore, I was not able to access data for

every investor’s derivatives accounts and income information, although I do have data for

Finnish households’ ages, geographic locations, gender, and each individual’s daily trades

and daily equity portfolio covering 17 years. The data also identified family names and I

could identify spouses, including the spouses of designated insider traders. Thus, I do not

claim to offer a comprehensive treatment of the overall performance of each investor type,

but rather emphasize the differences in both knowledge and timing ability that are reflected

in matched counterparty trades over extended periods.

Future studies in this research area could concentrate on the role of households’ trading

behavior in the overall financial market rather than emphasizing institutional money

managers. In practice, both private information and agency considerations do affect

investment performance. A future study may be able to document the determinants of

households’ superior trading ability and their risk-taking behavior. Future studies could

also apply the HPI portfolio approach to a similar type of trading performance comparison

for pairs of agent groups since market timing is endogenous rather than mechanical and

exogenous, and relies on both the trader’s incentives and information base.
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A Additional Robustness Analysis -

Chapter 1

Portfolio holdings vs. Shares outstanding

Could my finding that, in the long-term households outperform foreign delegated

money managers, be due to errors in the data? One necessary consistency check is to

ensure that neither households nor foreign nominees hold negative balances. Since short-

selling requires borrowed script and is inherently expensive it would be surprising if any

one investor class had negative holdings. I undertake a comparison between daily shares

outstanding computed from Compustat Global and portfolio holdings in each agent-class,

respectively. An inspection of the comparison in Figure A.1.1 shows that the sum of each

class of portfolio holdings relative to shares outstanding is less than 100 percent throughout

the entire period.

Non-negative portfolio holdings of each agent

Furthermore, for each trading party’s portfolio holdings over the entire seventeen years,

I need to verify that neither of these party’s portfolio holdings become negative on any

trading day. I adjust for share splits and issues transfers. I also track other issues of

shares based on changes in the number of shares outstanding (dividend re-investment,

executive option exercises and bonus issues). Figure A.1.2 clearly displays both households

and foreign nominees’ portfolio positions stay positive throughout entire period. My

verification ensures that the raw data smyce is sufficiently rigorous to investigate trading

performance in each agent by employing my HPI method and to ensure that my findings

are not a consequence of faulty or inconsistent data.
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Summary of 32 Selected Sample Stocks - Chapter 1
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B Householder Investment Strategy

A model of informed trading

The exceedingly high returns earned by households trading with either domestic

or foreign institutional investors over the 17-year period, or for that matter, domestic

institutions with foreign, suggests that they trade on the basis of information. In this

section I pose the question: does sufficient information exist in the daily price history to

explain the collective trading success of both households and domestic institutions in the

pairings for which they are successful? I find that such information is contained in stock

price movements and my model is able to successfully recover this informative signal in

regression analysis. I believe that this is the first time that this has been done.

Individual households in their paired relationships with either domestic or foreign

institutions and, similarly, individual domestic institutions paired with foreign, receive a

private and noisy signal of the stock’s fundamental, i.e., ‘True’, value at time t, denoted

pT
t , with this estimate not observable by either the household’s counterparties, domestic or

foreign, nor the local institution’s counterparty, foreign institutions. This household or local

institutional advantage could be due to local knowledge possessed by both households and

local institutions and the household’s particular advantage which is the absence of agency

issues and thus better motivation. If this valuation is identical to the current observed stock

price, pt, in the absence of asymmetric information then the relatively informed party does

not trade, st = 0, as in my framework informational advantage rather than, say, risk sharing,

is the major trading motivation. This observed price is set in global markets and is taken

as exogenously given by individual Finnish households and domestic institutional traders.

Alternatively, if pT
t > pt then st > 0 and a purchase is made with the counterparty making

an identical sale. Then again, if pT
t < pt a sale is made, st < 0, with the counterparty

making an identical purchase.
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How does the relatively informed domestic trader receive this noisy signal about the

expected true price? A highly plausible and, for that matter, simple assumption is that

individual informed traders learn iteratively by observing a private signal of the geometric

informational decay rate or probability, 0< λ≤ 1, on the informed trader’s current valuation

signal, pT
t−1, i.e., λpT

t−1, while assigning the residual or remaining information, 1−λ, to

the current observed price, i.e., (1−λ) pt. I go on to show that given my 17 years of daily

matched pairs of trades between the various counterparties and the entire price histories

which themselves are public, it is possible for us as econometricians to recover the private

signals received by the most informed of each matched trading pair type. It would not

have been possible for the biggest counterparty losers, namely foreign delegated money

managers, to extract such signal information as the paired daily stock investment sign and

magnitude data is not publicly available, even had they the incentive to do so.

To implement this method, suppose the imperfect signal of the ‘true’ valuation depends

on current and past prices according to an intercept term, α0, a multiplicative constant

discount term, 1 ≥ α > 0, and decays each period at the constant geometric rate 0 < λ ≤ 1,

as given by Koyck’s (1954) distributed lag signal equation:

pT
t = α0+α (1−λ)

(
pt +λpt−1+λ

2 pt−2+ · · ·
)
+ ε̃t, (B.1.1)

where ε̃t is normally and independently distributed with mean 0 and varianceσ2
ε. Express-

ing the lagged value of the same signal by:

pT
t−1 = α0+α (1−λ)

(
pt−1+λpt−2+λ

2 pt−3+ · · ·
)
+εt−1, (B.1.2)

evaluating pT
t −λpT

t−1, and rearranging, yields the private valuation:

pT
t = (1−λ) (α0+αpt)+λpT

t−1+ ε̃t −λε̃t−1. (B.1.3)

If the α value is approximately 1 and the intercept α0 approximately zero, as turns out to be

the case, then this Koyck updating expression for the private fundamental value achieves

my objective of placing a geometric weight of (1−λ) on contemporaneous stock price and

λ on the lagged fundamental value.
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There are two limiting updating rules. First, if λ→ 0, the signal moves according

to the observed current price and the random error term, as in an efficient market with

rational expectations, such that the trader gains no informational advantage from observing

the magnitude and direction of past trades and past prices and cannot be expected to

systematically earn trading profits from such information. Second, if λ→ 1, updating

is random with the best estimate of tomorrow’s private valuation being today’s private

valuation, with no weight placed on the current price. Hence there is no random walk in

prices.

The informed investor takes advantage of his private signal of expected fundamental

value, pT
t , to choose his risky stock investment of st at date t to maximize his expected

CARA exponential utility function of his wealth gain from trading:

st = arg max
st

E
[
−exp

(
−

wt

r

)]
,

= arg max
st

[
xt−1+ st

(
pT

t − pt
)
−

1
2
σ2

r
(st)2

]
,

=
r
σ2

(
pT

t − pt
)
≡ β

(
pT

t − pt
)
,

(B.1.4)

where exp denotes the exponential value, E [wt] = xt−1 + st
(
pT

t − pt
)

is the informed in-

vestor’s expected wealth gain from trading, xt−1 represents his existing cash reserve, r

represents his risk tolerance, i.e., inverse of his CARA constant absolute risk aversion co-

efficient, σ2 the variance of the normally distributed risky asset return, and the slope of the

investment demand function with constant slope is β ≡ r
σ2 > 0. Since my CARA/Normal

setup resembles that of Kyle’s (1989) linear model, it is not surprising that my derived

asset investment demand function is also linear.

Given that the investor receives an informative signal, it is possible to retrieve this

signal from the previous period’s investment decision. Lagging the investment function

given by equation (B.1.4) by one period and solving for the unknown value of the lagged

private valuation yields a term that depends on both the previous investment and stock

price:

pT
t−1 =

st−1

β
+ pt−1. (B.1.5)



192 B Householder Investment Strategy

Substituting equation (B.1.5) back into the private signal updating expression, equation

(B.1.3), yields an expression for the contemporaneous private signal:

pT
t = (1−λ)α0+α (1−λ) pt +λ

(
st−1

β
+ pt−1

)
+ ε̃t −λε̃t−1. (B.1.6)

Writing the informed investor’s expected profit per share as πt ≡ pT
t − pt, and solving for the

investment demand schedule, equation (B.1.4) expressed in terms of observables, yields:

st = β {(1−λ)α0− [1−α (1−λ)] pt +λpt−1}+λst−1+εt −λεt−1, (B.1.7)

an expression for the optimal trade size and direction for the informed investor as a function

of observable values consisting of the contemporaneous and lagged stock prices and the

exogenously given trade size and direction in the previous period represented by st−1.

The magnitude of this informed trade motivated by the private signal is not perfectly

observable by other market participants, as in Kyle (1985). Thus the trade magnitude st in

period t evolves according to the simple equation that depends on the price change in the

current period and choice of investment made in the previous period. It represents an es-

timable regression equation if the magnitudes of these informed trades with counterparties

are observable to the econometrician.

Conditional on the previous period’s investment choice, this investment regression

equation predicts that the informed group will relatively disinvest in the event of a positive

return, i.e.,st −λst−1 < 0, if [1−α (1−λ)] pt −λpt−1 > 0, as the estimated respective price

coefficients for pt and pt−1, [1−α (1−λ)] and λ, are both positive. That is, the informed

group must be contraries, as is also the case with partially revealing rational expectations

(e.g., Brennan and Cao (1996)).

In the limiting case in which the informed signal and contemporaneous price are the

same then prices follow a random walk. If the discount factor, α = 1 then the informed

trader does not trade as no valuable information is received. Moreover, in the limiting case

in which the private valuation pT
t follows a random walk, the informational decay rate,

λ = 1, transaction price contains no information, and the change in the investment outlay is

given by:

∆st ≡ st − st−1 = −β (pt − pt−1) ≡ −β∆pt, (B.1.8)
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as the only new information and trade motivation is reflected in the price update. Once

again, the investment policy is contrarian in nature with a negative relationship between

the change in investment and the change in prices. More importantly, it is identical to

Brennan and Cao’s (1996, p.174, equation 15) partially revealing rational expectations

equilibrium. It thus enables us to interpret the coefficient β as the product of the investor’s

risk tolerance r (inverse CARA coefficient) as investors are assumed to have constant

absolute risk aversion (CARA) preferences and, the difference in the value of the private

informational signal between in the informed and uninformed participant. Hence, in the

limiting case, the interpretation of mys and the Brennan and Cao (1996) model are the

same. Since I find evidence that the λ coefficient is significantly greater than zero but less

than 1, this nested rational expectations model is empirically rejected by the data, as is the

uninformative random walk in transaction prices when λ = 0.

Testing the model of informed trading

I now turn to the empirical estimation of investment equation (B.1.7) using Ordinary

Least Squares (OLS), while estimating the Cochrane Orcutt Durbin Watson values to check

for autocorrelation. Table B.1.1 column (1) summaries the 4,292 daily household trades in

Nokia with foreign institutional investors over the period, January 1995 to December 2011.

Of these buys and sells, 47.09 percent are in the opposite direction to the contemporaneous

price movement, 15.89 percent are in the same direction and on 37 percent of days there

was no trade. Similarly, column (2) summarizes daily household trades in 33 major Finnish

stocks including Nokia, with foreign institutional investors and column (3) the same except

excluding Nokia. Similarly, columns (4) to (6) summarize household trades with domestic

institutional investors. Unsurprisingly, the only informed trading group not to have a

majority of contrarian trades when viewed narrowly with a one-day horizon is domestic

institutional investors when they trade with foreign nominees.
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Table 5 Panel A, displays three sets of regression results and implied parameter values

found by estimating equation (B.1.7) using the daily household trade volume in Nokia

over the period, January 1995 to December, 2011, with foreign nominees as the dependent

variable in column (1), households with domestic institutions in column (3), and domestic

institutions with foreign nominees in column (5). All parameter values are statistically

significant at the 1 percent level and the Durbin Watson values indicate no evidence of serial

correlation. In column (1) the implied intercept, α0, is both small, statistically significant,

and positive at 0.0670 and the overall discount parameter, α, is very close to 1 at 0.9950.

The daily price decay rate, λ, for households trading with foreign nominees is not only

highly statistically significant and high in comparison with its no-information value of 0

at 0.2364 or 23.64 percent per day but also low compared with the rational expectations

efficient markets hypothesis predicted value of 1, as noted above. The investment sensitivity

parameter β is also highly statistically significant and large in magnitude at 613,541. For

the matched trading pairs summarized in columns (3) and (5) the estimated Lambda

information decay rate is lower at 7.57 and 16.68 percent respectively, indicating a greater

departure from the partially revealing rational expectations equilibrium. Moreover, the

explanatory power of these two models is lower.

In all likelihood, these estimation problems stem from the very short daily investment

period, giving rise to many non-trading and thus directionless trading days. Columns (2),

(4) and (6), present the a weekly rather than daily trading interval, resulting in far better

model fits and naturally, a sizably larger estimated values for the information decay rate,

Lambda, especially in the column (6) trades between domestic and foreign institutions. The

information decay rate on a weekly basis rises to approximately 40 percent and R-Squared

is also much higher at 21 percent.

The weekly-horizon regression results for all 33 major Finnish stocks are presented

in columns (1), columns (3) and column (5) of Table 5 Panel B and excluding Nokia,

in columns (2), (4) and (6), but the results are not quite as good as for Nokia alone.

For example, the estimated Lambda value for domestic institutions trading with foreign

nominees is only about half the magnitude of Nokia alone and the explanatory power is far

lower. This is probably because I do not see the vastly dominant role of foreign nominees

in these smaller stocks together with the same sizeable swings in valuation as with Nokia.

In other words, the informational home bias is not as great.
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For the parameter values estimated in Table 5 I simulate the projected private signal

of expected fundamental value, pT
t , for each of my trading pairs, households and foreign

nominees, households and domestic institutions, and domestic institutions and foreign

nominees, in order to compute the percentage differences between the projected ‘true’ and

actual prices. The findings provided in Table B.1.3, column (1) to column (3) show that

the projected ‘true’ price of Nokia is substantially lower than the actual price by about six

percent for the trading pair, domestic institutions and foreign nominees and about 4 percent

higher for households and foreign nominees. However, columns (4) to columns (9) of

Table B.1.3 indicate that the differences are mostly slight for the set of investigated Finnish

stocks with the highest discrepancy of about 3 percent for the trading pair, households and

domestic institutions.
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Based on an efficient markets rational expectations benchmark, the informed trader’s

decay rate of information in the stock price would be 100 percent, not the estimated 20 to

40 percent per week that I find. Thus the profitable trader groups I analyze act as if they

receive a private signal based on extracted information from the contemporary and previous

period’s stock price and the previous period’s order-flow (trade direction and magnitude)

in order to formulate their investment strategy which I demonstrate to be ‘contrarian’ in

nature with the purchase of ‘losers’ and the sale of ‘winners’. Thus I have demonstrated

that autocorrelation in both actual prices and order-flow contains sufficient information on

which to base a successful trading strategy. This is especially so for households located

close to Nokia headquarters as they seem to receive the best signal of future shareholder

value.



C Additional Robustness Analysis -

Chapter 2

Summary of 28 Selected Sample Stocks - Chapter 2
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Identifying Hedge Fund Management Companies

According to Russell (2016) methodology, use the Form ADV to identify 534 hedge

fund managers out of 653 managers within in ANcerno sample. Following Brunnermeier

and Nagel (2004) and Griffin and Xu (2009), a manager could be classified as a hedge fund

if more than half of its investors are categorized as high net worth individuals or pooled

investment vehicles in item 5.D. In addition, the manager needs charge a performance-

based fee (item 5.E). However, this approach incorrectly includes some funds with no

hedge fund operations. Then go to visit each company’s website and eliminate any firms

that do not report any hedge funds on their website. This filter eliminates private equity

firms (e.g., New Harbor Capital), real estate firms (e.g., ERE Rosen), and investment

advisors who have high net worth investors but do not offer hedge fund products (e.g.,

Denver Investment Advisors). The large banks (e.g., Bank of America) are exclude as

well. After these filters, the sample includes 55 hedge fund management companies.

An additional concern is that Form ADV fails to capture many hedge funds. Thus need

examine the Form ADV of Institutional Investor’s Top 100 Hedge Funds and find that the

Form ADV approach correctly classifies 78 of the 100 hedge funds.11 Of the 22 remaining

funds, the majority list pensions and profit sharing plans as part of their investor base (see,

e.g., Bridgewater Associates). To capture additional hedge funds that do not meet the Form

ADV criteria, further step needed to investigate a list of roughly 1000 13F-filing hedge

funds provided by Morningstar. According to Morningstar, the list is self-reported by the

money management company, and typically reflects whether the management company

is predominantly a hedge fund manager. 27 management companies appeared on the
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Morningstar list of hedge funds, but failed to meet the Form ADV hedge fund criteria.

Of the 27 hedge funds, 24 charged performance-based fees and had over 50% of their

investors as high net worth individuals, pooled investment vehicles, or pensions and profit

sharing plans. For the other three funds, Form ADV was unavailable, but inspection of the

company’s website indicated significant hedge fund operations. Based on this information,

all 27 companies are identified as hedge funds. The final sample thus consists of 82 hedge

fund management companies.
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