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Abstract

The Investment Management Industry constitutes a very important element of the global econ-

omy, essentially serving as intermediary in the process of channeling resources from surplus

entities to de�cit ones, having an incentive-compatible mechanism to allocate assets most e�-

ciently. Along the past decades, profound transformations have been observed across the sector,

of which at least two of them are eminent: (1) Change in investment paradigm , i.e. a move-

ment from the well established long-only active management, towards an increasing allocation

to passive funds, with a special in
uence of the disruption ignited by \factor investing/smart

beta"; and (2) Technology advancements , enabling to o�er cheaper, versatile and more

sophisticated products/services such as smart beta quantitative funds, high-frequency trading,

hybrid active management, and robo-advisors.

We proposed an analytical framework to evaluate the industry from the perspective of both

portfolio management and e�cient market theories, seeking to explain the rationale of the

foregoing transformations, and their implications to the sector's landscape. Furthermore, state-

of-art academic papers, consulting �rms' reports, as well as public information extracted from

asset management companies were employed to back-up our analyses and conclusions.

We �nally concluded that the industry is, in fact, moving towards the direction of an equilibrium

point between passive and active, because, despite the rise of passive management, we still

observe a signi�cant competitive advantages in alpha-generation by some alternative investment

funds (we focus more on the analysis of hedge funds), what suggests their sustainability over

the long-run. Moreover, we observe an increase in the [already high] industry concentration

levels, which might have strong implications to antitrust regulations in the foreseeable future.

Keywords: Asset management; Portfolio management; Investment; Passive management; Ac-

tive management; Technology; Algorithmic trading; Innovation; Smart Beta; Factor investing;

Quantitative Finance; Market e�ciency;

6





List of Figures

1.1. Anso� matrix for Asset Management Industry [33]. . . . . . . . . . . . . . . . . . 11

1.2. Gap between Active Alpha and Smart Beta [74]. . . . . . . . . . . . . . . . . . . 13

2.1. Fat Tails phenomenon [23]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2. E�cient frontier for a combination of two indexes [26] . . . . . . . . . . . . . . . 20

2.3. E�ciency frontier [26] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4. Investment Opportunity set [26] . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.5. Optimal Risky Portfolio [26] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.6. Utility enhancement through combination of risk free and market portfolio [95] . 22

2.7. Capital Market Line [26] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.8. E�ect of diversi�cation on portfolio total risk [52] . . . . . . . . . . . . . . . . . . 25

2.9. Measuring beta through linear regression [26] . . . . . . . . . . . . . . . . . . . . 26

2.10. Event Study Process [26] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.11. Returns to Market-Adjusted SMB and HML Strategies [4] . . . . . . . . . . . . . 32

2.12. Superior Returns of Momentum with respect to value and size [4] . . . . . . . . . 34

3.1. Global AuM growth from 2007 to 2017 [67] . . . . . . . . . . . . . . . . . . . . . 38

3.2. Total assets under management and allocation to public equity by di�erent types

of institutional investors (in trillion US$, 2011) [24] . . . . . . . . . . . . . . . . . 38

3.3. Equity attribution models evolution overtime. . . . . . . . . . . . . . . . . . . . . 41

3.4. Distribution of returns (zero-sum game) [61] . . . . . . . . . . . . . . . . . . . . . 43

3.5. Distribution of returns (zero-sum game) [61] . . . . . . . . . . . . . . . . . . . . . 43

3.6. The odds of success: returns of surviving mutual funds 1970-2001 [61] . . . . . . 44

3.7. ETFs global market survey [35] . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.8. Expense Ratio for Active and Passive Investment funds. [55] . . . . . . . . . . . 46

3.9. Systematic Factors for Bond ETFs [46] . . . . . . . . . . . . . . . . . . . . . . . . 46

3.10. Fintechs areas of in
uence [7] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.11. Betterment average expense ratio versus industry average [11] . . . . . . . . . . . 55

4.1. Decomposition of Investment Return overtime [51] . . . . . . . . . . . . . . . . . 58

4.2. Smart Beta vs. Factors in US since 2000 [73] . . . . . . . . . . . . . . . . . . . . 59

4.3. Stages of the economic cycle. [51] . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.4. Berkshire Hathaway's Public Stocks and Bu�ett-Style Portfolio. [71] . . . . . . . 62

4.5. Momentum factor excess returns over the last two decades [72] . . . . . . . . . . 66

4.6. Momentum Factor Combinations [72] . . . . . . . . . . . . . . . . . . . . . . . . . 66

8



4.7. Momentum with Volatility Filters [72] . . . . . . . . . . . . . . . . . . . . . . . . 67

B.1. Example of technical analysis pattern head and shoulders [75] . . . . . . . . . . . 82

C.1. Average �rst day IPO return over last 40 years) [78] . . . . . . . . . . . . . . . . 85

9



List of Tables

2.1. Forms of Market E�ciency [26] . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.1. Factor Investing [15] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

5.1. Considerations driving interest in Smart Beta. [38] . . . . . . . . . . . . . . . . . 69

10



1. Introduction

1.1. Inspiration

Deloitte (2019) [33] de�nes the outlook for investment management industry over the next years

as a \mix of opportunity and challenge". This industry essentially refers to the business of pro-

fessional agents managing portfolios of investments on behalf of clients, having the primary

role to properly diversify and allocate risk within the available asset classes, geographies and

maturities, in order to ful�ll clients needs in terms of investment timeframe, liquidity, and risk

tolerance. Driven by changes in customer preferences (mostly millennials) towards digital chan-

nels, new regulatory environment, and dominance of tech-savvy �rms, managers are struggling

to survive and adapt to this new trends, looking for growth opportunities and a broader product

mix to compensate the margins and fee pressures (Fig. 1.1).

Figure 1.1.: Anso� matrix for Asset Management Industry [33].

Aberdeen Standard Investments (2018) [1] identi�es �ve catalyst of signi�cant changes within

this industry related to the principal topic of this study - the increasing demand for passive

investments, in special factor investing, in order to ful�ll investors preferences.

1. In e�cient markets, a low return potential exists for active management, which by turn

pressures the costs side of asset managers . Hence, smart beta o�ers a di�erent

value-for-money scheme that might �t customers needs;



2. Thus, a new paradigm is becoming increasingly stronger as investors demand is shifting

towards a new \return per cost" utility function, together with an increasing supply and

sophistication for smart beta solutions , that o�ers a wide array of factors to invest

(such as value, momentum, etc.), as well as it can ful�ll investor's emerging preferences

not strictly related to achieve directly highest return but rather to satisfy, for instance,

thematic areas such as ESG or activist investment.

3. \Data Revolution" has and still is promoting profound shaking in the status quo, mak-

ing traditional incumbents fear disruption from new technology based entrants across

various industries. Hence, technological innovations such as big data, internet of things

(IoT), arti�cial intelligence and machine learning are enabling smart beta to deliver in-

creasingly scalable and cost-e�cient solutions .

4. A movement from pure passive to smart beta products is being catalysed by the fact that

investors are realizing thethe inherent 
aws of traditional market cap-weighted

indexes of overweighting stocks that are often likely to be overpriced, while underweighting

stocks that may be underpriced, hence demand of alternative weighting and rebalancing

schemes are increasing as a suitable substitute.

5. A new post-crisis regulatory framework, pressuring asset managers to implement more

transparent, fee-scrutinized and simpler solutions.

1.2. Thesis objectives

We propose a study about the current state of investment management industry through a mix

of theoretical and practical approach. Indeed, we review both market e�ciency and portfolio

management theories to give the foundation for the elements underlying passive versus active

management. Then, we analyze material data provided by experts about recent market trends,

having as our ultimate goal to address the following hypothesis, in accordance to Rajamony

and Woodgate (2016) [74],

\Smart beta strategies are very likely to achieve inferior risk adjusted returns than

active alpha, because passive rule-based management lacks a depth analysis of data,

alpha construction, modeling, and other value adding aspects of discretionary man-

agement (Fig. 1.2). However, we want to explore the hypothesis that features such

as (1) Lower expense ratio; (2) High degree of market e�ciency; and (3) Tech-

nology advancements supporting quantitative strategies sophistication contributes

to position smart beta as a strong substitute, resulting in a structural change in

the investment management industry, leading to a landscape with smaller potential

market share for active managers and fees compression."
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Figure 1.2.: Gap between Active Alpha and Smart Beta [74].
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2. Literature Review

2.1. Portfolio Management Theory

2.1.1. Introduction

Although the terms trading and investing are oftentimes misinterpreted as interchangeable, in

fact these two activities are so di�erent that require distinct skills, in order to follow completely

di�erent analytical frameworks, to ultimately buy/sell securities in a distinct timeframe.

Indeed, atrader is a player seeking to pro�t with short-term transactions, to which is way more

relevant to evaluate metrics related to the market sentiment, price charts and volume data, and

especially to perform a timely and e�ectively execution. On the other hand, an investor is rather

a strategist, who seeks to forecast trends that might a�ect the macro scenario, the industry as

a whole, or even a �rm-related trend, in order to quantify how these trends could impact the

di�erent business models through valuation techniques. Hence, investors build wealth gradually

over time, buying, holding and rebalancing a portfolio of stocks usually for longer periods.

In fact, investing is not just about selecting the best individual securities, but rather having a

solid strategy for managing a portfolio under a speci�c mandate. This chapter will outline the

aspects of the art and the science of making decisions about investment such as whether to take

on equity vs. debt, domestic vs. international, growth vs. value, in which proportion, and how

to properly craft a strong portfolio strategy.

2.1.2. Portfolio of two risky assets

Let two distinct assets (A and B) be bundled together in a portfolio, in which (Ra) denotes the

pair of monthly simple return on security A and volatility of these returns such as � 2
a = var(Ra),

analogously, (Rb;b) denote the pair of monthly returns on security B and its related volatility

such as� 2
b = var(Rb) and the joint parameters are � AB = cov(Ra; Rb) and %AB = � AB

� a � b
.

Moreover, for a rational investor it is assumed that a trade-o� relationship holds between risk

and return, such that it is possible to de�ne a utility function U=f(Return, Risk) that is upward

sloping in respect to return and downward sloping with respect to the risk, both of which must

still be properly de�ned. A simpli�ed example of an utility function that satis�es the de�nition

above is Eq. (2.1) , in which for that speci�c case return is measured by the expected return,

14



while risk is explicitly measured by the variance of those returns.

U = E(R) �
1
2

� A� 2 (2.1)

The bene�t of de�ning utility is to allow an explicit and technical explanation about the op-

posing relationship between risk and return, as well to discuss the di�erent types of investors

inclination towards risk depending on factor's A magnitude (the higher it is, the more averse

to risk, according to the model). The overall conclusion is summarized by themean-variance

dominance theorem: For two assets A and B, A dominates B under two possible conditions,

either (1) if � A � � B and � A < � B or (2) if � A > � B and � A � � B .

Thus, let a manager with limited wealth ( W0) decide to allocate between securities A and B,

therefore having to choose a pair fraction (X a; X b) representing the weights of the portfolio, so

that the sum of weights is strictly 100% allowing also for short positions, i.e. negative weights

might be addressed as long as the sum is 100%. Hence, the overall portfolio return is given

by the random variable Rp given by the linear combination of the returns of each individual

security properly weighted (Eq. (2.2)).

Rp = X aRa + X bRb = X aRa + (1 � X a)Rb (2.2)

Assuming securities individual returns to be normally distributed, the portfolio return is there-

fore normally distributed as well, then we only need to de�ne the standard deviation (volatility)

to be able to model the return function, because the higher degree moments (i.e. kurtosis and

skewness) are assumed to follow the ones of a gaussian distribution. Thus, resulting volatility

of the portfolio is derived using Eq. (2.3).

� 2
p = X 2

a � a + X 2
b � b + 2%XaX b� a� b (2.3)

In fact, risk managers are keen antagonists of the suitability of normal distribution (normality

assumption) to discuss mean-variance themes, according to Stoyanov et. al., (2011) [90]. The

rationale behind it is that normality introduces an oversimpli�cation, unabling to capture the

occurrence of extreme events such as big crisis (also known as black swans) due to mainly two

factors, which worth being evaluated.

1. Autoregressive behavior: Volatility tends to be clustered, which is better modeled as

an autoregressive function using widely known models such as ARCH, GARCH and their

variations.

2. Fat Tails: Reinforcing the clustered volatility threat for risk management purposes, fat

tails are an additional point of attention. Basically, fat tails are the higher probability

of extreme events (outliers) to happen than what is predicted by the normal curve, as

depicted in Fig. 2.1.

15



Figure 2.1.: Fat Tails phenomenon [23].

Despite the problems associated with normality assumption, all simpli�cations proposed by

Markowitz (1952) [63] under Modern Portfolio Theory (MPT) works well to portfolio manage-

ment in general. Indeed, MPT has a profound historical relevance because poses as the �rst

theory to explain and guide in a systematic way the decision making process under an asset

management perspective.

Although the de�nition of risk and return may be intuitive to people in general, it is important

to properly address precise de�nitions and metrics to them in order avoid misconception and

to be able to sustain further more complex models.

2.1.3. Portfolio Return

According to Reilly and Brown (2011) [76], on the return side, it is straightforward that �nancial

assets compensate investors through either (1) capital appreciation, i.e. when pricePt-1 moves

to Pt , or (2) period income, i.e. interest, dividend, or any analogous remuneration. Hence, a

simple de�nition of return computed for single period is the Holding Period Return (HPR),

which is computed as shown in Eq. (2.4) if the security is assumed to be a stock that pays-out

just dividends.

HPR =
Pt � Pt-1

Pt-1
+

D t

Pt-1
(2.4)

For multiple periods returns, the sole computation of each HPR is not suitable, because it just

considers two periods \beginning"and \end", but does not tell what happens \in-between". De-

spite the fact that the arithmetic mean is useful for purposes of computing descriptive statistics

and even for building forecasting models about future returns, the most accurate measure of

past returns is given by the geometric average (Eq. (2.5)), also known as time-weighted return,
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because it results in the overall growth of portfolio value over the multi-period time-frame.

�RGi = T
q

(1 + Ri1) � (1 + Ri2) � ::: � (1 + Ri,t-1 ) � (1 + Ri,t )) � 1 = T

vu
u
t

TY

t=1

(1 + Rit ) � 1 (2.5)

An even more complete de�nition of return is achieved by considering that an investor facing a

multi-period investment may inject or extract money in-between. In this situation a \money-

weighted return" is the proper measure of return, obtained by the computation of the internal

rate of return (IRR) of the investments, as shown by Eq.(2.6).

TX

t=0

CFt

(1 + IRR )t = 0 (2.6)

Finally, to complete the discussion about returns, it is important to have comparability between

the returns, so that four factors are relevant:

Single vs. Composite: Returns may either be referring to a speci�c asset, or to a class of

assets (i.e. a portfolio). For instance Eq. (2.7) describes a return referring to a portfolio

rather than a single security.

Rp =
NX

i =1

wi Ri ;
NX

i =1

wi = 1 (2.7)

Return time basis: In order to preserve comparability, it is important that results are

displayed in a comparable time period, otherwise a conversion is required. For instance,

to convert from any Holding Period Return (HPR) to annual basis, one must �nd the time

period \n" in years of HPR in order to compute Eq. (2.8).

AnnualHPR = HPR
1
n (2.8)

Real vs. Nominal: Nominal returns can be broken down into a compound of real risk-free

return component, an in
ation component and a risk premium, as shown in Eq. (2.9).

Although nominal returns are the ones more straightforwardly computed by investors,

this kind of breakdown reveals the most interesting elements underlying the performance

of an asset.

(1 + r ) = (1 + r rF ) � (1 + � ) � (1 + RP ) (2.9)

2.1.4. Portfolio Risk

Risks are originated from distinct sources of exposure, Reilly and Brown (2011) [76] identify at

least �ve relevant categories. The rationale of understanding risk sources is to properly address

17



speci�c hedging and diversi�cation levels.

1. Business risk : Uncertainty with respect to cash 
ows caused by the dynamics of the

business sector, which can be broken down into sales risk and operational risk. Accord-

ing to Kenton (2019) [53] this is in
uenced by several factors such as:(1) Consumer

preferences , demand, and sales volume, i.e. customer sentiment towards the product

o�ering with respect to direct competitors' and substitutes; (2) Price per unit and

input costs , ultimately explained by economic concepts such as elasticity of demand

and operational leverage (i.e. with respect to the proportion between �xed and variable

costs); and (3) Competition , an idiosyncratic factor a�ecting business within a sector,

on one hand pressuring margins, but on the other encouraging di�erentiation, e�ciency

and innovation as ways to survive.

2. Financial risk: Debt funding introduces an additional risk depth to �rms' risk manage-

ment. Although debt may be used to fund expansions, acquisitions or other actions to

enhance competitive positioning, the operational pro�ts earned must then be su�cient to

repay the debt schedule, not to mention that 
uctuations in demand end up a�ecting the

bottom line in a magni�ed proportion.

3. Liquidity risk: Uncertainty with respect to the availability of a secondary market liqui-

date securities at a fair price. It is relevant either for exiting strategies and for solvency

purposes, when the need of converting securities into cash becomes latent. For instance,

a piece of art may be valuable, but it may take time until one �nds a counterparty willing

to pay its fair value.

4. Exchange rate risk: Even though foreign exchange markets are very liquid and e�cient,

there is a risk associated to returns quoted in foreign currencies. For example, an American

investor willing to buy Japanese stocks may have a weaker return than expected if US

dollar appreciates in relation to Japanese Yen. This e�ect becomes more impactful if the

american investor holds expenses binded to US dollars.

5. Political risk or country risk: Uncertainty around government actions are probably

the most unpredictable and most impactful sources of risks for the short-run. Enforcement

in favor of antitrust laws, tax bene�ts, monetary policy, trade wars, and so many actions

may a�ect the results of speci�c business, whole industries, and even whole economy.

This risk source, according to an article posted by Societ�e Generale (2019) [88], is very

sensitive to business cycle swings, such that those �rms that move in accordance are

classi�ed as cyclical, whereas defensive are those less a�ected by those swings, i.e. that

has low correlation to economic activity.

When measuring risk, though, it is impossible to attribute quantitative measures for each source.

Indeed, the most straightforward measure of risk is the variance of returns (Eq. (2.10)), which
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is an aggregate parameter re
ecting the volatility of returns.

� 2 =
P T

t=1 (Rt � � )2

T
(2.10)

A more practical measure for volatility is the sample variance (Eq. (2.11)), which is closer to a

real world in which metrics for whole population are likely to be either impossible or too much

time consuming to obtain, so that s2 is the best estimator in terms of e�ciency, biasness, and

consistency.

s2 =
P T

t=1 (Rt � �R)2

T � 1
(2.11)

In contrast to return function, portfolio variance is not simply the weight average of single

variances, but rather described by Eq. (2.12), which has two noteworthy parts: (1) on the left

side after the equality, the quadratic terms re
ect each individual risk composition, while

(2) on the right side after the equality, the cross terms re
ect the interaction among those

securities.

� 2
p =

NX

i =1

w2
i � 2

i +
NX

i;j =1
i 6= j

wi wj pij � i � j (2.12)

These cross terms are essential from a diversi�cation standpoint, because the overall volatility

tends to be more sensitive to cross relationships ("n2" terms) than to quadratic ones (\n" terms).

Then, a lower correlation between individual assets, ultimately smoothes the covariances (or

even turn them negative), having a stabilizer e�ect in portfolio returns. This is achieved by

bundling into the portfolio securities with uncorrelated risks exposures, such as the �ve sources

previously explained.

2.1.5. E�ciency Frontier

Let a couple of low correlated indexes be part of a portfolio: S&P 500 and Emerging market

indexes, such as depicted in Fig. 2.2 by CFA Institute (2018) [26], whose correlation according

to the author is 0.093. Analyzing qualitatively, this low correlation likely re
ects the fact that

all �ve categories of risk sources listed previously are likely to be divergent between US and

emerging markets, such as business risk (i.e. due to di�erent mix of industries in developed and

emerging countries), political risk (i.e. due to diverse political stability), and so on.
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Figure 2.2.: E�cient frontier for a combination of two indexes [26]

This result is noteworthy due to formation of the global minimum-variance portfolio (Fig.

2.3) whose standard deviation is minimal with respect to any combination of risky assets con-

sidered in the analysis. Furthermore, the loci of non-dominated portfolios in the mean-standard

deviation space callede�ciency frontier (e.g. points A and D are part of the e�ciency

frontier, while C is not and X is unattainable, because lies outside the e�ciency frontier.).

Figure 2.3.: E�ciency frontier [26]

The e�ect of adding further assets into portfolio expands the so called investment opportunity

set, as shown in Fig. 2.4, that results in even more combinations of asset weights for each

component of the portfolio (note that a \zero allocation weight" is allowed, i.e. wi=0%, so the

addition of an asset either expands to a dominant e�cient frontier or, at least, maintains the

current con�guration).
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Figure 2.4.: Investment Opportunity set [26]

2.1.6. Capital Allocation Line

The expansion of the investment set by adding a "risk free asset" brings an extra degree of

complexity to the whole analysis. Indeed, because risk free securities are those whose variance of

returns are null by de�nition, the minimum variance portfolio can be reduced until zero variance,

when the allocation is 100% composed by risk-free assets, which in practice are properly proxied

by a developed country government bond (especially US treasury bonds). Those sovereign

backed securities are virtually riskless, because of the good credit rating of these countries,

reinforced by their control over the monetary policy, which virtually eliminates the risk of

default. Nonetheless, in order to be more precise, the residual default can be further re�ned by

the combination of a developed country sovereign debt security plus its associated credit default

swap (CDS), which is usually as low as 20 40 bps.

Illustrated in Fig. 2.5, a risk free asset lies on y-axis because of null variance, and assuming

an arbitrage1 free relationship for this security, it is modelled as a single dot, representing an

unique return for investing in risk-free basis.

1Explaining the de�nition proposed by Jarrow et. al. (1995) [49], arbitrage is de�ned as any set of transactions
that produces riskless pro�ts, i.e. a non-negative cash 
ow at any probabilistic temporal state, and positive
in at least one state. For instance, let a risk free bond be trading in two di�erent markets so that the risk
free yield is higher in market A, than it is in market B. Hence, a well informed market agent could borrow
money in market A and lend the amount obtained at market B rates, achieving a pro�t without bearing any
risk during the process.
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Figure 2.5.: Optimal Risky Portfolio [26]

By constructing a basket of complementary weightings of (1) risk free asset and (2) a portfolio

of risky assets, the mean-varianceloci generated is known as Capital Allocation Line (CAL).

The higher is the slope of this line, the better is the remuneration per risk exposure. Moreover

the highest slope is achieved by the line passing through pointsRf and P (tangent to e�cient

frontier, as shown in Fig. 2.6), being namedoptimal capital allocation line . This is a

noteworthy result, because allows investors to achieve mean-variance dominant portfolios to

those lying on e�cient frontier (e.g. Y is dominant with respect to X), raising the overall

utility (as shown by Fig. 2.6), i.e. reaching a superior indi�erence curve, not achievable only

with risky assets on the portfolio.

Figure 2.6.: Utility enhancement through combination of risk free and market portfolio [95]
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2.1.7. Sharpe Ratio

The Sharpe ratio, developed by William F. Sharpe, is the �rst risk measure presented in this

section and the most basic measure of risk adjusted return, obtained through the computation

of the excess return over risk free rate, normalized by portfolio returns volatility, as presented

in Eq. (2.13). It is important to stress that the sharpe ratio is a suitable metric for evaluating

risk-return for a normal distribution of returns, however might be misleading for investment

schemes with high tail-risk (i.e. with a higher frequency of outliers).

SharpeRatio =
Rp � Rf

� p
(2.13)

2.1.8. Capital Asset Pricing Model (CAPM)

Interestingly enough, the Sharpe ratio is the actual slope of the capital allocation line, and

for the optimal allocation line case, i.e. whose mean-variance e�ciency is optimal, the Sharpe

Ratio is maximized. Thus, according to Ang (2014) [4], under this theory any rational individual

could simplify an investment decision-making framework into two parts: (1) an assessment of

risk aversion in terms of volatility tolerance, then (2) an allocation of capital between risk-free

asset and mean-variance e�cient (MVE) portfolio, in a proportion consistent to risk tolerance.

Hence, ultimately assuming that investors have the same set of means, volatilities and cor-

relations on their scenario expectations, then under equilibrium condition all investors would

rationally hold the same MVE portfolio, named the market portfolio (M), and as presented in

Fig. 2.7, the CAL passing through M is called Capital Market Line (CML).

Figure 2.7.: Capital Market Line [26]
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Thus, let P be a portfolio derived from the combination of w1% risk free asset and the remaining

in market portfolio, whose risk and return is modelled in terms of the weightings, so that the

analytical expressions are described by Eq. (2.14) and Eq. (2.15).

E (Rp) = w1Rf + (1 � w1) � E (Rm ) (2.14)

� p = (1 � w1)� m (2.15)

It is noteworthy the fact that the overall portfolio weights can be eliminated, in order to derive a

broad risk-return model associated to CAPM theory (Eq. (2.16)), that has the market portfolio's

sharpe ratio as slope, meaning that a portfolio of securities remunerates investors according to

(1) the rate of return on riskless assets, (2) the risk exposure of the portfolio, (3) the sharpe

ratio of the overall market (in practice, proxied by a broad index such as S&P 500).

E (Rp) = Rf + (
E(Rm ) � Rf

� m
) � � p (2.16)

Although there is extensive evidence on CAPM's incapacity to really explain all sources of

expected return of a portfolio (Ang, 2014) [4], CAPM applies the concept of market risk to

parsimoniously model returns, being widely used by practitioners around the world (KPMG,

2018) [54] . Finally, it worths to stress that in fact CAPM assumptions are actually broader

than exposed in this section, and even though we tried to capture their essence (i.e. with

respect to rational investors having homogeneous expectations and so on) properly along the

argumentation, we present a broader set assumptions underlying CAPM theory according to

CFA Institute (2018) [26] in appendix A.

2.1.9. Diversi�cation of risk

It is intuitive that businesses within a common market are exposed to many similar risk factors,

i.e. systematic risks, inherent to the market as whole, hence not diversi�able, since variables

such as interest rate, in
ation, economic cycles, political friction, natural disasters, etc. should

a�ect all market's securities returns, albeit not in equal proportion.

Idiosyncratic risk factors, on the other hand, are those speci�c to a particular asset or indus-

try, therefore should have an isolated impact, such as an e�ect of a fail on a drug test for a

pharmaceutical company, or the increase in the international demand for iron ore. Those non-

systematic risk factors become diluted when pooled into a well diversi�ed portfolio, because,

in theory, the correlation of non-systematic risk among di�erent individual assets are assumed

to be negligible in aggregate, which ultimately implies that diversi�cation contributes to

decrease the overall amount of nonsystematic (idiosyncratic) risk of a portfolio.

In practical terms, a portfolio composed by 30 di�erent assets is diversi�ed enough to cover a

safe level of non-systematic variance as shown in Fig. 2.8.
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Figure 2.8.: E�ect of diversi�cation on portfolio total risk [52]

By segmenting sources of risk into systematic and non-systematic, security pricing problem can

be better addressed. Given that one can mitigate idiosyncratic risk by pooling risky assets,

nonsystematic risk should not be rewarded under arbitrage-free markets, i.e. if non-systematic

risk was rewarded, arbitrageurs would have incentive engage into riskless pro�t actions that

would ultimately lead to zero remuneration for non-systematic risk bearing.

2.1.10. Return Generating Models

The return generating model derived by CAPM complies with the rationale that return should

be compensated by only systematic risk exposure. Rearranging terms of Eq. (2.17), its evident

that the expected return over risk-free rate for a particular portfolio ( E (Rp)� Rf ) is proportional

to the market's portfolio excess return over risk free rate, adjusted by the ratio of volatilities

( � i
� m

), which is the so calledbeta , a measure of sensitiveness of an asset returns performance

with respect to market risk .

E (Ri ) � Rf = (
� i

� m
) � [E (Rm ) � Rf ] = (

� i � m

� m
) � [E (Rm ) � Rf ] (2.17)

Financial practitioners measure beta by regressing a particular security's historical returns

against a market index such as S&P 500. Although a straightforward procedure at a �rst

glance, this process requires a great dose of diligence on sampling and interpreting outcomes,

because (1) beta is not a static measure across time, therefore the analysis may be misleading

by a oversized time-frame, but also (2) a undersized time-frame misleads interpretation due to

"noise" and outliers e�ects.
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Figure 2.9.: Measuring beta through linear regression [26]

2.1.11. Treynor Ratio

Jack Treynor, one of the contributors to CAPM development, adapted sharpe ratio to re
ect

better the dependence of return expectations on systematic risk only as shown in Eq. (2.18),

not captured by sharpe ratio.

T reynorRatio =
rp � r f

� p
(2.18)

Treynor ratio is obtained by the ratio between the portfolio's excess return over risk free ratio,

divided by the beta of the whole portfolio, which is simply obtained by the weighted average of

individual assets beta, as proven below in the set of Eq. (2.19), Eq. (2.20) and Eq. (2.21).

E (R1) = Rf + � 1[E (Rm ) � Rf ] (2.19)

E(R2) = Rf + � 2[E (Rm ) � Rf ] (2.20)

E(Rp) = w1E(R1) + w2E(R2) = w1Rf + w1� 1[E (Rm ) � Rf ]

+ w2Rf + w2� 2[E (Rm ) � Rf ] = Rf + ( w1� 1 + w2� 2)[E (Rm ) � Rf ] (2.21)

2.1.12. Jensen's Alpha

The last measure of risk, called Jensen's Alpha, actually computes the abnormal return mea-

sured in a risk-adjusted basis (Eq. (2.22)), interpreted as the absolute excess return over the
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beta exposure.

� = Rp � Rf � � p(Rm � Rf ) (2.22)

This is an outstanding KPI to evaluate portfolio management performance, because it clearly

segregates the component of return attributed to active management. By passive management,

for instance, one expects to be compensated only bybeta factor, while under active manage-

ment, through discretionary stock picking and timing, surplus returns in risk adjusted basis are

expected to occur, also known asalpha .

2.1.13. Arbitrage Pricing Theory

According to Ross (1980) [79], CAPM proposes a single factor and single period model that

aggregates all the risk factors into a market risk factor, under the assumption that investors

have homogeneous expectations, and market equilibrium ultimately leads to a MVE market

portfolio. Despite CAPM satisfactory results, Arbitrage Pricing Theory (APT), introduced by

Stephen Ross (1976) [80], idealized a model under less binding assumptions, requiring only that

every market equilibrium is consistent with the absence of arbitrage pro�t opportunities, in line

with competitive and frictionless markets. The result is stated in Eq. (2.23), i.e. the expected

returns are a linear combination of return factors, whose nature are not de�ned by this theory

- for instance in Eq. (2.24), the �rst factor is attributed to market risk, so that CAPM turns

out to be a special case of APT.

E(Ri ) � Rf =
kX

j =1

� ij E(Fj ) (2.23)

kX

j =1

� ij E(Fj ) = � i1[E (Rm ) � Rf ]
kX

j =2

� ij E(Fj ) (2.24)

According to Berry et. al. (1988) [10], though, every legitimate factor must possess at least the

following three properties:

\(1) At the beginning of every period, the factor must be completely unpredictable

to the market; (2) Each APT factor must have a pervasive in
uence on stock returns;

(3) Relevant factors must in
uence expected return; i.e., they must have non-zero

prices."

Essentially the properties above determines that risk factors remunerate investors because they

(1) are non-trivial, i.e. not be predictable from past information, (2) re
ect systematic risk, and

(3) have an empirically proved in
uence on expected return, assessed by econometric models.

Empirical test for risk factors involve analyzing through statistical regression each factor (Fj )

and its related sensitivity related (� ij ), similarly to the CAPM's beta factor. One major caveat,

though, is that the selection of factors must have meaningful grounds, otherwise the results of
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regression analysis may assess factors statistical signi�cance due to mere spurious regression.

In a nutshell, this process matches signi�cant sensitivities (in statistical terms) for signi�cant

risk factors (in economic terms).

Even though a number of factors may be identi�ed, Berry et. al. (1988) [10] claims that �ve

systematic risk factors have been shown to have signi�cant in
uence over expected returns:

(1) risk over default premiums; (2) risk over the term structure of interest rates; (3) risk of

unanticipated in
ation or de
ation; (4) risk that long term expected growth rate of pro�ts for

the economy will change; and (5) residual market risk, or anything else needed to explain market

risk. According to their studies rigorous statistical testing con�rmed that

\There is virtually zero probability that the �ve risk factors identi�ed above add

no new information over and above that already embodied in the S&P 500 [Proxy

used by the author to refer to market risk]."

2.1.14. Fama & French three factor model

According to Kula et al (2017) [55] the big caveat of APT model for practitioners is the lack

disclosure of a proper set of factors to re
ect systematic risk. Not surprisingly, some years after

the discovery of APT, Fama and French (1993) [36] proposed a three-factor return generating

model for stocks based on (1) MKT: Market risk factor; (2) SMB, which stands for "Small

[market cap] Minus Big", a size factor, measured by market capitalization, which has an in
uence

on returns in the sense that small caps tend to outperform large caps; and �nally (3) HML,

standing for "High [market to book ratio] Minus Low", which refers to the observed fact that

portfolio of growth stocks tends to underperform one of value stocks, i.e. stocks characterized

by a lower than average valuation multiple such as price-to-book value, price-per-earnings,

Enterprise Value per EBITDA. The model is mathematically described in Eq. (2.25).

E (Rit ) = � i + � i,MKT MKT t + � i,SMB SMB t + � i,HML HML t (2.25)

Mike Carhart (1997) [22] added momentum as a fourth factor (UMD in Eq. (2.26) stands for

"Up Minus Down"), measured by the trailing eleven months returns (with a lag of one month).

In this sense, "winners" were stocks whose recent historical return were above average - indeed,

Carhart's methodology attributed an equal weight to a portfolio composed by the top 30%

performers during the period analyzed.

E(Rit ) = � i + � i,MKT MKT t + � i,SMB SMB t + � i,HML HML t + � i,UMD UMD t (2.26)

The author observed the net operational performance of a total of 1892 mutual funds from

years 1962 to 1993 corrected by survivor bias, in which 30% thereof were eliminated by the

end of the period. Interestingly enough, the study concludes that CAPM does not capture

properly the relative di�erence between the bests and worsts mutual funds, whose betas are
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not so di�erent. Thus the CAPM alpha reproduce as much dispersion as the simple returns,

i.e. abnormal returns vary from about -5.4% to 2.2% per annum. Moreover, the top 10 decile

portfolios appear to hold signi�cantly more small and momentum stocks than the bottom decile.

2.2. E�cient Markets Theory

2.2.1. Introduction

CFA Institute (2018) [26] de�nes an e�cient market as the one in which asset prices re
ect all

past and present information both (1) Rationally , i.e. consistent to a maximization of one's

utility function; and (2) Quickly , i.e. within a time-frame of similar magnitude of the time

needed to execute the trades to exploit the price ine�ciencies. Thus, under e�cient markets,

both borrowers and lenders are better-o�, because prices are informative and transparent, which

ultimately means that market prices are allocative e�cient, in the sense that they re
ect the

intrinsic value of the underlying. In essence, Fama (1970) [62], who initially developed this

e�ciency concept, argues that one cannot consistently outperform the market portfolio in an

e�cient market (i.e. achieve abnormal returns), because prices only react to unexpected or

"surprise" elements (as it is embedded under APT model assumptions). Furthemore, the author

identi�es three degrees of e�ciency, according to the market's response to distinct levels of data,

as described in (Table 2.1).

Market prices re
ect:

Forms of market

e�ciency

Market

data

Public

information

Private

information

Weak form of market e�ciency X

Semi-weak form of market e�ciency X X

Strong form of market e�ciency X X X

Table 2.1.: Forms of Market E�ciency [26]

1. Weak form of market e�ciency: securities prices re
ect all past market data, which

refers to all historical price and trading volume information. Therefore, investors cannot

pro�t by analyzing past prices or patterns thereof.

2. Semi-weak form of market e�ciency: Securities prices re
ect all publicly known and

available information. Semi-weak markets are supposed to react ("price-in") once any

�nancial statement data (such as earnings releases, dividend payouts, changes in man-

agement) or �nancial market data (such as closing price or volume traded) are released,

so that an investor cannot achieve abnormal returns by relying on an informative basis

(except if it is private, which is forbidden due to regulations against insider trading).

3. Strong of market e�ciency: On top of weak and semi-weak forms, the stronger degree

further considers the impossibility of pro�ting by private information (also known as
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insider trading). Clearly, this kind of e�ciency is not likely to be observable in real world

since regulations strongly prohibits activities such as insider trading and front-running,

so unless market agents are succeeding to break rules, there strong market e�ciency form

cannot be observable in any market.

2.2.2. Determinants of e�ciency

In order to reach higher e�ciency levels, markets must develop at least three basic elements:(1)

number of market participants , i.e. the more agents monitoring prices and news releases

contributes to grow a network of well informed players. It may be noted that the de�nition of

market participants comprises algorithmic trading robots. (2) information availability and

�nancial disclosure , i.e. in order to information be present into analyst's models, it has to

reach the market by e�ective and reliable channels. Due to strong disclosure regulations for

public companies, pressure towards convergence of accounting standards, and well developed real

and internet based media channels, market agents are able receive information in a readily and

e�cient manner. (3) Less limits to trading , in order to let the process of arbitrage to work

frictionlessly. Indeed, arbitrageurs are incentivized to pro�t on market ine�ciencies, leading

ultimately to the elimination of price discrepancies towards a market equilibrium. Therefore,

elements such as high transaction costs, regulation against arbitrage pro�t, or even limits on

short selling end up undermining market e�ciency mechanisms.

2.2.3. Test for E�cient Markets Hypothesis (EMH)

In order to test e�ciency based on empirical data, the process to be adopted is named "event

study", described in Fig. 2.10.

Figure 2.10.: Event Study Process [26]
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For instance, in a event of a quarterly result release, this method proposes to gather data within

a time frame that encompasses a time span before and after that information release, in order

to analyze the degree and velocity of price incorporation due to the event. This is assessed by

the comparison between the actual results and those predicted by a statistical model whose

inputs are ex-ante the release. Finally, the results are tested under the null hypothesis of

no abnormal returns, so that if there is signi�cant discrepancy, market e�ciency may be rejected.

E�cient Market Hypothesis is one of the most controversial topics in �nance, especially because

this process is susceptible to biases such as data mining, data snooping, sample selection, sur-

vivorship bias, look ahead bias and time period bias. It is out of the scope of this work explain

all the details related to them, but in essence, biases are result of one's subjective judgement,

that in
uences the search and conclusions of a given research. Moreover, as explained by Titan

(2015) [92],

\Testing for market e�ciency is di�cult and there is a high possibility that,

because of changes in market conditions, new theoretical model should be developed

to take into consideration all changes."

No wonder that the bottom line of this fact is that the number of articles corroborating the

hypothesis is comparable to the number of articles rejecting it.

Notwithstanding the foregoing, according to (CFA, 2019) [26] most researchers support the

suitability of either weak or semi-strong form e�ciency on developed markets, while for emerging

markets the tendency is be classi�ed either as weak-form e�cient or just ine�cient. For instance,

evidence supports that in countries such as Hungary, Bangladesh, Turkey, for instance, still

o�er good opportunities to pro�t on technical analysis (appendix B), what violates weak form

e�ciency.

As a counterpoint to the traditional idea of e�ciency, Grossman and Stiglitz (1980) [42] devel-

oped the concept of near-e�ciency market, arguing that it is impossible for markets to achieve

full e�ciency, because information research has a cost, hence it would be paradoxical if market

agents beared expenses in obtaining information if all information was already embedded on

prices. Thus, the authors claim that market agents seek to pro�t on ine�ciencies, leading ulti-

mately to increased levels of e�ciency, which seems to be closer to what is observed in reality.

This theory has profound implications, introducing an initial counter-argument against fully ef-

�cient markets in favour of what active management advocates to be considered a value-adding

activity. Endorsening the views of Grossman and Stiglitz (1980) [42], several event studies

found evidence of market anomalies on which an investor could obtain above market pro�ts

systematically, those will be studied in the next topic.

2.2.4. Market Pricing Anomalies

Although evidence supports market e�ciency for the majority of markets around the world,

researchers have found several market anomalies on which a well-informed rational player could
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exploit. There are also controversial opinions on whether one can indeed consistently earn

abnormal returns, since once an anomaly is publicly known, players are incentivized to pro�t

over, ultimately undermining its e�ectiveness in terms of excess pro�t adjusted by risk. CFA

Institute (2018) [26] recognizes three di�erent categories of market anomalies, segmented into

time-series anomalies, cross-sectional anomalies and others (appendix C).

Cross-sectional anomalies

This section refers to observed anomalies across companies di�ering in some key characteristics,

in special this section will focus on two anomalies already observed in Fama & French three

factor model, they are (1) Size, in terms of market capitalization and (2) Value , in terms of

valuation measures.

1. Value-e�ect: Through observation of stock's valuation multiples, it is possible to classify

them between (1) Value stocks , i.e. those whose valuation multiples such as P/E (price

per earnings) or M/B (Market value per book value) ratios are below average; and (2)

Growth stocks , i.e. the exact opposite de�nition. The market anomaly associated

to them was already described in Fama & French three factor model section, but as a

refresh, the authors argue that value stocks are observed to systematically outperform

growth stocks in a risk adjusted basis.

2. Size-e�ect: As also observed by Fama & French three-factor model, small cap equities

tend to outperform large cap ones in a risk-adjusted basis. However, as observed by Ang

(2014) [4], since 1980, apparently size e�ect has lost its e�ectiveness, what may be either

because this anomaly became so widespread that has lost its power, or that initially this

factor was originally a chance outcome. Despite of that, SMB is still a factor sought by

investors in general.

Figure 2.11.: Returns to Market-Adjusted SMB and HML Strategies [4]
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Time series anomalies

Those anomalies are manifested across time (not across companies), therefore can be detected

by time-series data analysis. According to CFA Institute (2018) [26] there are two categories of

time series anomalies (1)Calendar , i.e. referring to periodic e�ects observed monthly, weekly

or even related to holidays and (2) Momentum , i.e. e�ects mostly related to behavioral

biases, that can be captured by time series analysis. Under calendar anomalies, we will restrict

our analysis to the \January e�ect", because in general calendar anomalies lack economical

rationale, thus are out of the scope of this thesis.

For instance, Brockman and Michayluk (1998) [20] explain the "January e�ect", one of the

most famous calendar anomaly, associated with the observation that stock prices are likely to

over appreciate in January. One likely explanation for this observed phenomenon involves the

concept of "tax-loss selling", in which investors are likely to sell worst performer securities on

end december for the purpose of reducing tax base by o�setting capital gains. This ultimately

decreases even more these share prices due to increased supply and low demand, so that in

January those "loser" stocks are found quite undervalued. Tax loss selling is just one of the

reasons researchers attribute to January anomaly e�ect, whose occurrence is not proven to be

persistent.

Notwithstanding, calendar anomalies are very unlikely to be re
ected on formal return generat-

ing models such as Fama and French's, due to a weak economic rationale behind them. However,

this is not the case of Momentum, present in Carhart's four factor model, whose fourth factor

re
ects the phenomenon observed by Jegadeesh and Titman (1993) [50] that stocks with recent

positive returns (3 to 12 months holding periods) tend to overperform the average (Fig. 2.12), so

that a long-short neutral portfolio composed by long positions on stocks with high momentum,

while short in low momentum, tends to generate alpha sustainably.
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Figure 2.12.: Superior Returns of Momentum with respect to value and size [4]

2.2.5. Behavioral Biases

Many of the foregoing anomalies are result of behavioral biases in
uencing human decision

making process, either individually or collectively, hence the role of behavioral �nance is to

examine the e�ects of psychological biases on investment decisions, to understand its causes

and ultimately how to mitigate and to create mechanisms to prevent it from happening. It may

be stressed that a rational action is not strictly the one whose outcome is superior \ex-post",

rationality in this theory is about backing-up a decision based on one's utility maximization

under budget constraint (and potentially other constraints), applying a fair analysis of available

information.

According to (CFA Institute, 2019) [25] behavioral biases can be categorized as either (1)

cognitive errors, or (2) emotional biases. While the �rst refers to faulty reasoning, i.e. result of

a poor process of analyzing information; the other stems from impulse or intuition, which has

associated three behavioral biases (Loss Aversion, Herding, and Overcon�dence) that worth

to be analyzing more in depth. Further biases are also relevant (e.g. information cascade,

conservatism, representativeness) but not comprised in the scope of this thesis.

1. Loss Aversion: When dissatisfaction with losses is greater than a satisfaction with com-

parable gains, traditional �nance theory fails to model investor's utility logic, because this

orthodox theory assumes that rational investors seek the highest return achievable up to

a given risk tolerance threshold, which is often not observable in practice. Indeed, Shefrin

and Statman (1984) [80] observed behavior patterns of both gain and loss realization con-

sistent to the idea of a "disposition e�ect", i.e. the authors advocate that investors have

an "irrational" (psychological) tendency to sell winners too early, while are persistent to
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hold losers for longer periods. Hence, Shefrin and Statman (1984) [84] introduced the loss

aversion concept into a \disposition e�ect" theory, which advocates that investors have

a natural disposition to sell winners too early, while are persistent to hold losers portfo-

lios for too long. This phenomenon has strong links to the momentum e�ect empirically

observed in markets worldwide.

2. Herding: Baddeley et. al (2007) [8] explains herding as a type of bias ocurring when

individuals mimic actions of a herd or a larger group, regardless of the substantive own

private information. The psychological motives for this behavior are usually attributed to

both (1) Social pressure for conformity, i.e. a natural desire to be accepted by a group,

and to dilute the responsibility if proven wrong; and (2) Heuristic bias to believe that

the more people backing up a decision, the more likely it is to be right, which is especially

likely to occur for individuals with limited knowledge or expertise to take a decision.

3. Overcon�dence: Is the e�ect stemmed from a miscalibration (skewed upwards) between

a subjective judgement about an event probability and the actual likelihood of occurance.

According to Barber and Odean (2000) [70], overcon�dence is a behavior bias strongly

linked to Loss Aversion, i.e. the author claims that the human desire to avoid regrets,

leads to a tendency to overweight information that proves own points right, what ulti-

mately results in a bias to hold loser portfolios, while selling upfront winners. Moreover,

overcon�dence prompts to excessive trading what wipes out alpha due to increased trad-

ing costs. Moreover, overcon�dence bias causes excessive trading, what tends to reduce

realized alpha, even if the trading is realized in good timing. This is an e�ect of both (1)

Excessive costs related to trading; (2) Less information gathered, processed and analyzed

per trading.

2.2.6. Adaptive Market E�ciency

The previously mentioned concept of near-e�cient market (Grossman and Stiglitz, 1980) [42]

introduced a �rst argument against fully e�cient markets, through the inclusion of costly in-

formation research. On top of that, Lo (2004) [57] further revolutionizes the views on e�ciency

through the adaptive markets hypothesis (AMH), a theory based on an evolutionary approach,

in which Professor Lo claims that market players are analogous to species (for instance, in his

view, pension funds would be one kind of species, while retail investors would be another one,

and so on) competing for scarce resources (e.g. one kind could be 10-year U.S. treasury notes,

or any other security).

In markets whereby multiple species are competing for scarce resources, the pressure for survival

leads to e�ciency, which is achieved through multiple iterations of trial-and-error, mimicking

\natural selection". And vice-versa, with fewer species competing for abundant supply of re-

sources, less evolutionary pressure exists, so that markets are expected to be less e�cient. In

this scenario, behavioral biases (heuristics) are result of that trial-and-error process driven by
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individuals e�orts to adapt to a changing environment. As explained by the author (Lo, 2004)

[57],

individuals develop heuristics to solve various economic challenges, and as long as

those challenges remain stable, the heuristics will eventually adapt to yield approx-

imately optimal solutions to them.

This Darwinian argument sheds a light on interesting markets' phenomena, for instance, be-

havioral �nance is better addressed by this theory, which rather than labelling biases as \irra-

tional" decisions, Lo interprets behavioral biases expressed by individuals in periods of intense

\environmental" transformations as natural suboptimal responses, consistent to the scenario of

individuals trying to adapt to new information 
ow.

Interestingly enough, this evolutionary trial-and-error approach (meta-heuristics) underlying

thinking process is consistent to the computer science theory of partial search optimization

by genetic algorithms, developed by Holland (1988) [39], to which optimization is achieved

through computer simulation of multiple populations, whose �tness to environment is evaluated

according to an objective function. Indeed, the explanation for Holland's theory is out of this

report's scope, however, it is clear that under a circumstance in which a change of the objective

function is introduced, previously optimal results are sub-optimal, but de�nitely not irrational.

Overall, Lo's views on the market are much more consistent to a human perspective of taking

decisions, through learning and adapting, rather than considering analytical responses in order

to optimize outcomes.

Overall, AMH has �ve great implications on markets, as explained by (Lo, 2005) [56]: (1)

Equity risk premium , instead of being a static measure, varies according to the recent path

of the stock market and the demographics of investors; (2)Asset allocation can add value

by exploiting the market's path dependence as well as systematic changes in behavior; (3)

Investment products tend to experience cycles of superior and inferior performance; (4)

Market e�ciency is not a binary (i.e, e�cient or not) property, but rather varies continuously

over time and across markets; and (5)Individual and institutional risk pro�le , alike equity

risk premium, is not likely to be static over time.
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3. Overview on Investment Management

Industry

3.1. Introduction

Investment management professionals succeed to add value to their clients as long as they pro-

vide management services with respect to a suitable1 and well diversi�ed portfolio that yields

reasonable risk-adjusted returns. With the ultimate purpose to evaluate whether this value

proposition is being successfully delivered, the purpose of this chapter is to analyze the current

industry arrangement, segmenting the analysis into three broad areas: (a)Asset Managers ,

in order to evaluate their needs and �tness to smart beta value proposition; (b) Investment

Products , in order to assess the bene�ts and weak spots of both passive and active manage-

ment styles, making especial considerations about smart beta; and �nally (c)Recent trends

promoting structural changes in asset management , specially focusing on how technol-

ogy is transforming markets towards increasing informational e�ciency, and lighter fee margins

structure.

3.2. Asset Management Industry

From a demand standpoint, �nancial markets can be segmented into two broad categories (1)

Retail Investors , i.e. individuals managing investments through a direct channel between

own investment and investment markets, that even might be assisted by broker-dealers, �nan-

cial advisors and other professionals. Those investors have the overall goal of obtaining extra

income to ful�ll personal goals; and (2) Institutional Investors , who are legal entities tak-

ing investment decision on behalf of clients, playing a very impactful role in taking decisions

about worldwide asset allocation of about US$ 90 trillion of AuM, according to (McKinsey &

Company, 2018) [67], in the Fig. 3.1. In addition, according to EY Global survey (2017) [34],

institutional investors are the dominant source of assets in
ow to ETFs (Appendix D), which

is the principal mean of investing in passively managed funds.

1Suitability is a requirement for portfolio managers to adequate any investment actions to the fund's mandate or
to �nancial advisors to make reasonable inquiry on clients' pro�le (�nancial situation, investment experience,
risk and return objectives, etc.), to properly judge whether investments are suitable to clients' pro�le.



Figure 3.1.: Global AuM growth from 2007 to 2017 [67]

Hence, we will narrow our analysis to the most relevant institutional investor classes in terms

of AuM share of global equity (McKinsey & Company, 2018) [67] as presented in Fig. 3.2.

The rationale of this decision is to prioritize the big 
ows of AuM by focusing on the following

players: (1) Investment Companies (our de�nition comprises ETFs and Hedge Funds), (2)

Insurance Firms, (3) Pension Funds.

Figure 3.2.: Total assets under management and allocation to public equity by di�erent types of institutional
investors (in trillion US$, 2011) [24]

We would like to stress two further points, in order to maintain coherence to the analytical

structure we are proposing to this report: (1) Because of the Institutional Investors' �duciary

duty of defending best interest of clients with respect to investment decisions, they are typically

bound to follow an ex-ante de�ned investment mandate, which speci�es the objectives, the risk

tolerance, and time horizon of investments. Moreover, (2) Due to the relevant role on systemic

stability exercised by major asset managers such pension funds and insurance companies on sys-

temic stability, some institutional investors end up bearing more protective regulations, despite
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their classi�cation as accreditated investors2.

Therefore, we will focus our research on probing both (1)Insights on how passive strategies

(especial focus on smart beta) may raise clients' utility in terms of meeting mandate criteria

with increased e�ciency; and (2) Potential concerns deterring the switch to passive investing,

especially with regards to regulation restrictions.

3.2.1. Investment Companies

Investment �rms may be segmented according to (1)Vehicle structure , i.e. divided in four cat-

egories: Mutual funds, Closed-ended funds, Exchange-Traded Funds (ETFs) and Hedge Funds,

all of them properly addressed in appendix D; or concerning the (2)Investment mandate ,

i.e. a particular set of investment objectives, strategies adopted, risk pro�le and investment

time horizon.

Mandates vary a lot across �rms, having an spectrum ranging from a conservative money market

fund to a very aggressive hedge fund. The former, for instance, is quali�ed to invest only in

short-term and highly liquid securities such as government bonds, treasury bills and certi�cates

of deposits, with the primary objective of being highly liquid, preserving capital investing, while

generating returns near to risk free rate. The latter, on the other hand, is eligible to use leverage

and short-selling as mechanisms to achieve respectively higher risk and return, and to neutralize

market risk, while having the bene�t of a better control of liquidity of the AuM. It might be

added that in spite of the fact that hedge funds are perceived as very risky investments (and

some of them indeed are), there exists a wide array of mandates. De facto, some examples

of strategies are macro hedge funds, arbitrage driven (e.g. convertible arbitrage strategies,

o�ering exposition to liquidity risk premium by entering in long/short positions in equities

and convertible bonds), long-short equities (either quantitative driven or not), event driven (in

which trading ideas are triggered from corporate events), activist hedge fund, long/short sector

speci�c (e.g. ones that operates only healthcare or technology securities), and so many others.

Moreover, a more comprehensive and diversi�ed strategy is achieved by hedge fund of funds

(HFOF), which have a mandate to select a de�ned number of hedge funds (usually from 5 to 20,

but can be even more) to compose a new vehicle, bearing the trade-o� between diversi�cation

and a double layered fee structure. Some HFOF indeed are very well diversi�ed that can display

returns and volatilities comparable to their benchmark (e.g. 10Y US treasury bond). This close

positioning between HFOFs and their benchmark (almost a substitute relationship) achieved

when bundled uncorrelated strategies clearly contributes to expand the investment opportunity

set available to managers.

Depending upon each fund's business model, smart beta may be a value-adding product in

distinct instances, i.e. while for an Index Fund, smart-beta passive products may be employed

2An individual or entity who has broad expertise and manages a su�cient amount capital, that makes them
eligible to some bene�ts, for instance the ability to invest in highly leveraged or illiquid funds.
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in a model based on high scale, high automation and e�ciency, contributing to achieve com-

pressed fees, what requires intensive investments on computing infrastructure and development

expenses. Fund of Funds, on the other hand, may use them to continue operating in the tradi-

tional business model, but use smart beta to achieve superior uncorrelated returns by employing

versatile factor expositions at low costs, while maintaining liquidity. In fact, this purpose may

be even sought for Hedge Funds, which already are used to apply ETFs into their strategies,

especially leveraged and inverse ETFs, in order to build high conviction long or short positions

(EY Global Survey, 2017) [35]. Thus, a movement towards smart beta ETFs is justi�able, if

properly motivated, for instance, with the ultimate goal to achieve uncorrelated (leveraged or

not) risk-return strategies, having the bene�t of better liquidity management.

Few public data sources allow to probe the current expositions of market players to ETFs,

because especially hedge funds are incentivized to treat it as con�dential information, in order

to maintain secret competitiveness sources. However, we found out, at WhaleWisdom (2019)

[98], that Bridgewater Associates, a leading US hedge fund, has disclosed in its 13-F �ling a

very high concentration in ETFs, i.e. the top 16 holdings were all ETFs with a wide array of

expositions, e.g. e.g. from emerging market equities, to �xed income, gold, and so on.

3.2.2. Pension funds and Insurance Firms

According to CFA Institute (2019) [30], pension funds are investment vehicles set up to provide

retirement plans for either employees or to employers who assign employees pension as a bal-

ance sheet liability. Their mandate is generally long-term biased, bearing relatively predictable

liquidity requirements, what contributes to a riskier pro�le. So pension funds are more leaned

towards equities, especially when interest rates are low, and alternative investments, which are

attractive both because the uncorrelated returns to the other asset classes (equities, bonds,

etc.), and because they usually have a illiquidity premium associated.

In our view pension funds may be bene�tted by smart beta strategies in three grounds: (1)Re-

turn enhancement , through diversi�cation stemmed from uncorrelated strategies, combining

di�erent set of factor exposures overtime; (2) Increased transparency and simpli�ed gov-

ernance , in order to better satisfy requirements of regulators such as ERISA for US and EIOPA

for EU; (3) Lower expense ratio , which contributes to increased capitalization of wealth, es-

pecially relevant in long-term investments.

In addition, as de�ned by CFA Institute (2018) [26], insurance companies are specialized in

non-market risk management, such as life, property and casualty. The insurance business

model comprises revenue streams from policyholders (also known as premium) compatible to

the level of risk provisioning (associated with the whole portfolio of policies) and to the capital

appreciation a company can achieve over these committed capital until the call of proceeds.

Therefore, insurance businesses bear unpredictability both on liquidity needs and investment
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horizon, which may vary with respect to the portfolio of policies. In general terms, though,

time horizon should be tilted to long-term investments for life insurance, while short-term for

the remaining ones (auto, property, etc.).

Hence, from our analysis, insurance companies may be bene�tted by smart beta strategies

two-fold, besides the three bene�ts above mentioned for pension funds: (1)Better Liquidity

management , achieved through structural features of ETFs; (2) Access to new product

o�erings , such as low-volatility products or other tailored systematic strategies.

3.3. Management style

The primary impact of market e�ciency on portfolio management refers to the degree in which

information-based strategies may achieve consistent abnormal returns. As depicted in Fig.

3.3, investment strategies have historically been massively inclined towards traditional active

management, due to the belief that most of the returns were attributable to managerial skill

(with some degree of noise3 embedded on data).

Figure 3.3.: Equity attribution models evolution overtime.

However, with the development of CAPM, it became evident to investors that active manage-

ment had, in fact, less attribution on returns, which were explainable by only the alpha fraction.

Then, with another round of enhancements to return generating models, Fama & French seg-

mented alpha into two further components, i.e. pure alpha and size/value factors, narrowing

even more the active management attribution towards alpha. Nowadays, more factors have

been discovered, so that pure alpha accounts for a even narrower fraction of the overall return,

which still may be pretty signi�cant in some cases, though.

In this section, we will discuss more in depth the elements in favor of each management style,

introducing smart beta as a strong substitute product, with an interesting positioning in com-

parison to pure passive and active o�erings.

3The di�erence between actual results and the results predicted by a return generating model has two com-
ponents that the model cannot separate: (1) Alpha, i.e. some sort of product of manager's skill, which the
model is incapable to explain, and (2) Noise, i.e. the statistical residuals, usually distributed as a white noise
(i.i.d. normal random variables with mean value zero).
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3.3.1. Passive Management

By de�nition (CFA Institue, 2018) [27], Passive Investment refers to

\any rules-based, transparent and investable strategy, that does not involve identi-

fying mispriced individual securities."

Albeit the tendency to treat passive investing and indexing as synonyms, the former is a broader

de�nition that actually incorporates indexing, which by itself refers to \a strategy intended to

replicate the performance of a benchmark index." However, since the most common type of

passive investment is indexing, throughout this work we will be 
exible with respect to that

distinction, sometimes treating them as synonyms throughout the argumentation.

Indexing is a strategy that seeks to track speci�c portfolios representative of a whole asset

class, or a whole market, a sector, etc. In the case of equities (the most popular asset class

when it comes to indexing), these indexes track either (a)Market indexes , i.e. pure passive

investing, looking for beta exposure (or multiples thereof through leveraged or inverse funds); or

(b) Factor indexes , i.e. seeking exposure to a long-term driver of return, other than a market

portfolio. Intuitively, as consequence of the mandate to track an index, a proper measure

of performance of these funds is generally the tracking error with respect to the index, whose

sources are generally explained by either (1) trading costs; (2) fees; or (3) cash drag, i.e. dilution

of return on assets due to cash held.

Market Indexes

The rationale behind pure passive indexing is to achieve reasonable returns that compensate the

exposure to market risk, which would, in fact, be an optimal outcome under the assumption of

a MVE market porto
io as idealized by the CAPM theory. According to CFA Institute (2018)

[26], in order to have exposure to market factor, a portfolio indexed to the S&P 500 would be a

good market proxy, due to the fact that its composition is parsimonious but still representative

enough. Indeed, the S&P500 index is made of the 500 most valuable companies weighted

by market capitalization comprises roughly 80% of the total US equity market capitalization.

Besides the S&P500, there are several other relevant indexes such as Russell 3000, which satis�es

the same purpose of tracking US equities market (covering 98% thereof), as well as indexes of

other geographies like FTSE 100, which tracks the 100 highest market cap stocks of london

stock exchange, analogously the FTSE MIB for Milan stock exchange, and Ibovespa for Brazil.

Even though the concept of a pure passive investing is relatively simple, its availability as a

market product was introduced quite recently by Jack Bogle, founder of Vanguard Asset Man-

agement, by the 70s. The movement to introduce passive investment was profoundly in
uenced

by Professor Malkiel, whose investment philosophy is described in the book A Random Walk

Down Wall Street (1999) [60]. Malkiel not only became one of Vanguard's directors, but re-

iterated among academics the advantages of a passive index fund, capable to o�er investors
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bene�ts such as diversi�cation, low expense ratio services and tax e�ciency in order to obtain

long-term returns, without having to rely on forecasts and short-termism of active managers,

who were trying to predict the outcomes of a \random walk" (an econometric jargon, which

refers to a time series whose value one step ahead is unpredictable based on past data, i.e. a

brownian process, or a stochastic random process).

His argumentation is two-fold, as summarized by Vanguard (2017) [94]: (1) If markets were

e�cient, achieving outperformance through asset selection and/or timing would be impossible,

because every material public information would be already embedded on price, thus outper-

formance would be unlikely; However, Malkiel adds (2) Even for a non e�cient market, passive

investment is a statistically the best choice because of the \zero-sum game" (Fig. 3.4).

Figure 3.4.: Distribution of returns (zero-sum game) [61]

This theory argues that a zero sum game dictates the dynamics of active managed funds, so

that for a manager to outperform the market, another one must be underperforming, in order

to logically maintain average of fund's return at the actual market return. When accounted for

the management costs involved in the process, overperform the passive performance threshold

becomes even more challenging, characterized by a negative sum game, as shows the Fig. 3.5.

Figure 3.5.: Distribution of returns (zero-sum game) [61]

Hence investors might be better o� by just choosing the most cheap and tax e�cient investment

product instead of trying to bet on the \best horse". As shown in Fig. 3.6, equity fund

performance between 1970 to 2000 had a negative skew towards losers rather than winners,

being most of them on the zero-sum zone.
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Figure 3.6.: The odds of success: returns of surviving mutual funds 1970-2001 [61]

Although this zero-sum game provides straightforwardly an argument against active manage-

ment, one may criticize the e�ectiveness of such assumption. Indeed, since AuM in
ows and

out
ows occur across investment funds of di�erent mandates a temporary unbalance may hap-

pen such that it results in either a positive sum or a negative sum. Anyways, even though the

foregoing idea weakens Malkiel's argument, it does not invalidate the whole analysis, because

AuM 
ow surpluses/de�cits are supposed to be small compared to the overall balance, so at

least the intuition behind it may be useful as an argument.

Factor Indexes

As an alternative to a pure beta factor exposition, exposure to factor investing yields certain

elements of active returns, while still having most of the bene�ts outlined by Malkiel about

passive managed funds. Andrew Ang (2014) [4] outlines a dozen of factors (Table 3.1) usually

sought by investors, segmented into macro, i.e. factors linked to fundamental macro systematic

risk sources such as in
ation risk, liquidity risk , credit risk, and so on; and style drivers, i.e.

investment strategies based on speci�c rationales explained by either (1) above rewarded risk,

i.e. an above average return for bearing higher risks; (2) structural impediment, i.e. market

rules/constraints on certain investors (e.g. regulations on pension funds against leverage or even

restrictions on short selling for mutual funds) that may generate interesting opportunities to

other players; (3) investor's biases, i.e. behavioral biases a�ecting investors' rational decision

making. A thorough analysis of these style factors is presented on Chapter 4.
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Macroeconomic Style

Economic Growth Credit Value Quality

Real Rates Emerging Markets Momentum Size

In
ation Liquidity Minimum Volatility Carry

Table 3.1.: Factor Investing [15]

Passive Investment products

Investors get access to index investing most likely through ETFs, even though some passive

managed mutual funds exist. Since its inception, ETFs have been triggering interest from in-

vestors, and, as a matter of fact, EY Global Survey (2017) [35] estimated that as of september

2017 the amount invested in ETFs globally was around US$ 4.4 trillion of assets under man-

agement (AUM), with potential to reach US$ 7.6 trillion by the end of 2020, i.e. an increase of

roughly 20% CAGR over the near future, as shown in the Fig. 3.7. It must be stressed that

despite the existence of active managed ETFs, they are still a nearly negligible minority.

Figure 3.7.: ETFs global market survey [35]

Among those US$ 7.6 trillion dollars estimated for AuM in 2020, US$ 1.2 trillion (~15%) are

expected to be allocated on global smart beta ETFs, against US 0.6 trillion in 2016. It is

noteworthy the increasing on smart-beta popularity. On \single factor" funds, demand has

increased particularly driven by dividend yield and low-volatility factors, due to its easy im-

plementation and broad institutional appeal, but still the major trend is regarding multifactor

funds side, due to its robustness derived from a wide diversi�cation together with an embedded

risk management scheme.

For instance, according to Blackrock (2018) [48] the iShares Edge MSCI Multifactor USA ETF

already o�ers investors four investment styles (value, quality, momentum, low-size) by selecting

equities from MSCI USA index. For that, Blackrock charges a tiny expense ratio of only 20

bps, lying on the lower end of expense ratio (i.e.ManagementF ees
AuM spectrum according to Fig. 3.8
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Figure 3.8.: Expense Ratio for Active and Passive Investment funds. [55]

Finally, so far we just presented data regarding equities, because it is currently the main asset

class driving the demand for smart beta. Indeed, according to Invesco (2018)[46], smart beta

strategies are still in early stage with respect to �xed income securities, especially because of

lack of data available due to signi�cant share of transaction being done through OTC markets,

so that data ends up being restricted to some US corporate bonds and US treasury bonds.

However, since the usual market capitalization indexing may cause distortion on a �xed income

index, due to the tendency to overweight mostly highly indebted countries and companies, the

rationale to the use of factor weighting may be a good alternative to achieve higher risk adjusted

returns. Some promising approaches that may be applied are detailed in Fig. 3.9.

Figure 3.9.: Systematic Factors for Bond ETFs [46]
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3.3.2. Active Management

According to Shukla (2004) [85], active management provides investors discretionary selection

of assets, aiming at value creation two-fold: (1)Selection of securities whose intrinsic value

is signi�cantly mismatched with its market value (i.e. stock picking), as well as timing the

entry/exit of positions; and (2) Monitoring and revising portfolio , continuously, in response

to new material information. For advocates of active management strategies, the underlying

belief is that markets are ine�cient to a certain degree that justi�es the costly process involved

in research for trading information, in order to generate alpha. De facto, some of the foregoing

theories already addressed the compatibility between market e�ciency and alpha stemmed from

active management, e.g. adaptive markets theory.

Although we classi�ed smart beta products under the passive umbrella, they essentially gather

features of both passive and active strategies, due to the fact that despite the systematic scheme

of passively select securities, factor investing sort of mimics active management, but through

quantitative analysis of data. In fact, smart beta funds o�ers three of the four building blocks

of active portfolio construction described by CFA Institute (2019) [28] (1) rewarding factors ,

i.e. capital allocation (over or underweighting) to factors instead of a broad market portfolio;

(2) alpha skills , with respect to multi-factor balancing and timing, although not present in

all smart beta products, it is a implementable feature; (3) sizing positions , i.e. proper risk

management according to fund mandate. In summary, Smart beta o�ers a trade o� between

the alpha generation stemmed from active discretionary monitoring and the substantially lower

management costs of a passive strategy.

Authors such as Chen et. al. (2000) [31], Shukla (2004) [85] and Comer et. al. (2008) [32]

carried on empirical studies rejecting the hypothesis that active managed mutual funds can

generate consistent abnormal returns after management fee and risk-adjustment. These are

noteworthy results, because suggest a strong evidence against traditional active management

superiority, which implies, ultimately, a legitimate change of paradigm from active to passive

management, even though some mutual funds yet achieve very attractive returns, what would

satisfy the needs of risk-seeking investors.

Indeed, Shukla (2004) [85] found a positive relationship between excess returns and expense

ratios, which suggests that excellent �rms will likely keep to charge very high management fees

in the foreseeable future, because of a genuine superior capacity of generating alpha.

We propose a brief investigation about the foregoing, taking as case study two leading US

hedge funds,Bridgewater Associatesand Renaissance TechnologiesWe emphasize that albeit

hedge funds and traditional long-only funds (the ones studied by the author) display signi�cant

structural and regulatory discrepancies (as presented in appendix D), both of them o�er alpha

products. However, due to a less restricted investment opportunity set, we want to focus only on

hedge funds in this study. Indeed, as acknowledged by Lo and Patel (2008) [58], since long-only
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managers are limited to exploit short-side information (only by underweighting securities in the

benchmark), their strategic information ratio is bounded. In essence, the underlying goal of

this brief case study is to assess qualitatively whether the competitive advantage stemmed from

either an intense technology based culture (in Renaissance's case) or from a distinct corporate

governance (in Bridgewater's case) is related to their strong alpha-generating capacity, ulti-

mately making those hedge funds eligible to sustain a higher degree of pricing power. Our goal

is to assess whether the competitive advantage arisen from their hybrid business model (i.e. em-

ploying technology to enhance discretionary decision making) build a strong alpha-generating

capacity, ultimately making them eligible to sustain this higher degree of pricing power. As

an example of that, even though hedge fund's management fees are subject to negotiation and

individual arrangements, being poorly disclosed to the public, Renaissance explicitly discloses

that the total fee is a combination of a management fee in the range of 0 to 5%, plus a 0 to 44%

performance fee, which is de�nitely far above the average, even for hedge funds (where mostly

the 2/20 rule applies). [18].

Renaissance Technologies

In a session to the Hearing of the Senate Permanent Subcommittee on Investigations (2014)

[77], the excerpt explains a public disclosure of Medallion's business model made by its own

managers:

\We collect all the publicly available data we can �nd that we believe might bear on

the movement of the prices of tradable instruments| news stories, analysts' reports,

energy reports, crop reports, weather reports, regulatory �lings, accounting data,

and, of course, quotes and trades from markets around the world. Our models use

this data to make predictions about future price changes. Although we use di�erent

strategies in managing our di�erent funds, all of our strategies depend on the output

of our data driven models. Of particular note for today's discussion is the fact that

our models do not factor in tax rates when making trading recommendations."

De facto, in a talk session (MIT Sloan Finance Group, 2019) [87] held at MIT Sloan School

Renaissance's founder Jim Simons explained the main principles underlying the fund's sustained

superior performance:

\At the core of the company, which employs about 300 people, is a great computing

system, good scientists and low turnover."

Jim Simons acknowledges that the core strategy strongly relies on this synergy between technol-

ogy and human capital, in the sense that their competitive advantage stems from cutting-edge

pricing and risk management models developed by the most brilliant mathematicians and statis-

ticians (mostly successful PhDs). On top of that, Jim recognizes another crucial ingredient to

Renaissance's success, which is a culture where people are trully incentivized to collaborate, an
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aspect oftentimes either neglected by most asset management �rms, or even encouraged against

(i.e. nurturing competition among employees). The fact is, a collaboration culture is a great

challenge to run in practice, especially within the asset management world, where a big chunk

of compensation is oftentimes variable and attached to one's performance.

Finally, Jim claims the last aspect iden�ed by us (but maybe most import one, technically)

explaining Reinassance's leading position:

\There's room for new ine�ciencies to materialize [on the market]. We keep �nding

new things and throwing out old things.",

Following AMH principles, a market eventually adapts to winning strategies, ultimately \wear-

ing them down". Thus, for a fund to consistently generate alpha, an e�ective renewal governance

is essential to enable a fast and systematic adaption, and discovery of new ine�ciencies.

Bridgewater Associates

Another very successful active management case is the company Bridgewater Associates, a

hedge fund that managed to consistently generate alpha through an innovative business model,

combining intellectual capacity with technology, in order to take better and less biased deci-

sions. These factors, together with a very strong corporate culture of extreme honesty and

accountability, created a strong competitive edge to the �rm.

As it was presented in \How to build a company where the best ideas win" [86], a TED Talks

session presented by the founder and current Co-CIO Raymond Dalio, rather than a culture

based on seniority hierarchy, in which decisions are centered in people considered to be more

experienced than others, the �rm advocates the principle of \ideas meritocracy", whereby em-

ployees are encouraged to confront each others' ideas, in order to ultimately dissect the root

cause of each decision making, with the goal to exhaustively stress test ideas before working

them in practice.

Despite the notable success, an \ideas meritocracy" culture is very di�cult to be executed in

practice, because not everyone is willing to accept such an extreme criticism environment. As

a result of that, Bridgewater's employee turnover rate (i.e. the ratio between number of layo�s

and voluntary exits divided by the total entrants) is estimated to be roughtly as high as 1
3

during the �rst and second years of adaptation (NY Times, 2017) [89], which demonstrates the

main resistance to Renaissance's business model.

Besides that, technology is intensely employed to assist decision making, working in a hybrid

scheme between traditional discretionary management, whose mandate leans more towards to

a macro hedge fund, distinct to the quant approach of Renaissance Technologies strategy, in

which trading strategies are designed in a more scienti�c/algorithmic intensive approach.
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For instance, Bridgewater adopts an AI algorithm internally developed, named \The Dot Collec-

tor", which is basically a a rating system tailored to the principles constituting the pillars of Ray

Dalio's thinking process, as a way to assist the collective decision making process. Therefore,

when an internal meeting is being held, every participant is invited to share their perspective

about the subject, while using the \Dot Collector" to rate in a critical way the views of the other

participants. The idea is to both provoke self-re
ection, because one ends up being promptly

criticized by its peers, but mainly used to systematically compute a sort of weighted average of

the group's perspective, seeking to an AI optimized unbiased decision.

We cannot attribute a �rm link between Bridgewater's performance, and the competitive advan-

tage stemmed from the decision making process and the extreme transparency culture, because

it can be the case that the performance is not the result of the processper se, but rather of

the talent of people involved, or even it could be the outcome of pure luck. However, it is out

of the scope of this report to investigate further data to prove or reject this hypothesis, we

just conclude that there is a legitimate rationale underlying the superior performance of both

hedge funds aforementioned, and this superior alpha generation capacity is somehow related

to a hybrid business model in which technology and human capital (or rather, an organization

governance) work in synergy with each other.

3.4. Structural factors

Amidst transformations occuring in the industry with respect to a shift from active towards

passive management, few technological trends deserve an especial attention due to their in
u-

ential power on market e�ciency by promoting structural transformations. Besides that, we

acknowledge that recent changes to the industry regulatory framework - e.g. with the introduc-

tion of MiFID II regulation in EU - is another topic that deserved to be added to complement

the analysis, but we considered that would be more prudent to just narrow the analysis to

technological transformation, to elaborate a more in-depth analysis, without compromising the

length of this report.

3.4.1. Fintechs

Despite the highly regulated environment permeating banking business, in which reputation,

trust and expertise have traditionally played a relevant role in terms of consolidating high

barriers to entry. Small entrants leveraging on intense technology innovation, namely �ntechs,

are being able to capture an expressive share of the market, disrupting the business model of

traditional banking products and services.

According to a study carried on by McKinsey (2016) [66], the demand for �ntechs is being

driven especially by millenials (i.e. individuals born between early 80s and late 90s), small

business (SME) and underbanked customers, i.e. segments particularly sensitive to both cost
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