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Abstract
In the environment of a large group of analysts who are willing to share their
investment ideas publicly, it is a challenging task to find the ones who have a
great skill and whose recommendations generate abnormal returns. We explore
one such famous group, Value Investors Club, consisting of 1223 analysts be-
tween the years 2000 and 2019. We separate the analysts into multiple groups,
each representing their inherent abilities. The commonly used method of single
hypothesis testing cannot be used as we test many analysts at once, and the
multiple hypothesis testing methods need to be employed. Using these meth-
ods, we are able to detect the subgroup of analysts who have abnormal returns
from the Fama-French 4 factor portfolio. However, different methods lead to
different groups of analysts deemed to be skilled. An overall portfolio consist-
ing of all analysts generates large abnormal returns, which diminish with the
increases in the holding period. Furthermore, analyses from analysts estimated
to be skilled are used to form portfolios. We find that there are methods that
have significantly larger abnormal returns compared to the overall portfolio;
however, the methods are not consistent at producing such portfolios.

Keywords multiple hypothesis testing, luck and skill, in-
vestment ideas

Title Sharing investment ideas: Role of luck and skill

Abstrakt
V prostredí veľkej skupiny analytikov, ktorí sú verejne ochotní zdieľať svoje
investične nápady sa môže zdať ťažké nájsť takých, ktorí sú skúsení a ich
odporúčania vedú k abnormálnym výnosom. V našej práci skúmame jednu
takú skupinu s názvom Value Investors Club, ktorá pozostáva z 1223 ana-
lytikov medzi rokmi 2000 až 2019. Túto skupinu rozdeľujeme na niekoľko
podskupín, kde každá z nich reprezentuje rôzny stupeň ich skúseností. Bežná
metóda, jednoduchého štatistického testu sa v tomto prostredí nedá použiť, pre-
tože naraz testujeme veľké množstvo analytikov a musíme použiť metódy pre
testovanie mnohých hypotéz (Multiple Hypothesis Testing). Použitím týchto
metód sme schopný nájsť podskupinu analytikov ktorá má abnormálne výnosy
z Fama-French 4 faktorového portfólia. Avšak, rôzne metódy vedú k rôznym
podskupinám ktoré sú považované za skúsené. Celkové portfólio ktoré sa skladá



zo všetkých analytikov vedie k abnormálnym výnosom, ktoré klesajú so stú-
pajúcim obdobím držania pozícii v portfóliu. Okrem tohto portfólia skúmame
aj portfólia vytvorené z analýz analytikov ktorí sú pomocou našich metód vy-
braní ako skúsení. Naše zistenia sú také, že existujú metódy ktoré produkujú
portfólia so signifikantne lepšími abnormálnymi výnosmi ako celkové portfólio,
avšak, tieto metódy to nerobia konzistentne.

Klíčová slova šťastie vs schopnosti, testovanie mnohých
hypotéz, verejné zdieľanie informácii

Název práce Sdílení investičních nápadů: Rola štěstí a
dovednosti
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Motivation With the widespread availability of the internet came also the widespread
availability of the investment recommendations. It is in the best interest of individual
investor to determine which recommendations they should follow, which is however
not so easy to do. There are thousands of people-analysts who post their ideas on
the internet and just by the pure luck alone, there must be some number of them
which exhibit abnormal positive past returns.

To study this problem, we however cannot just observe any group of analysts, as
we should keep at least some minimum requirements on the professionalism of the
given analyst. This is to assure that they are really not just randomly picking stocks
and also that the research has some useful value for the practice. For these reasons
we study the data of the closed, but public, analyst group, which has some entry
requirements for joining.

The pool of studies on the performance of individual analysts is large. For our
setting of public information sharing Xi (2005) show that simply following ideas of
the analysts who have above median prediction skills in the past period can generate
positive abnormal returns in the future. However, Hall (2010) do not find the link
between past performance and the future results. Andreas (2013) try to identify
skilled analysts by using their own measure of relative forecast accuracy, which con-
trols for the forecast complexity. Using this measure, they are able to outperform the
market returns. To separate the skillful analysts from the just lucky ones, we need
to however introduce multiple hypothesis testing (MHT) as the simple hypothesis
testing of each person’s ideas does not take into account that we are testing thou-
sands of them. These studies however do not apply multiple hypothesis testing and
are therefore prone to the selection bias under multiple testing. However, as the lit-
erature analyzing performance of the mutual/hedge funds often incorporates MHT,
it should be a good idea to look into it, as our area is actually not that far from the
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fund setting. One of the important works in this area is Barras et al. (2010), which
integrates the False Discovery Ratio (FDR) approach from Storey (2002), into the
financial setting. Their results suggest that there is a substantial, but small, group
of funds which outperform the market. They also find that the number of those
funds is getting rapidly smaller throughout the time. Another influential paper is
Fama French (2010), who by using bootstrapping find that only a few mutual funds
outperform the market, which Harvey et al. (2020) contribute to the too conserva-
tive approach, caused by the low power of their tests. Building upon, Barras et al.
(2010), there are various extensions to the original FDR method. Just to mention,
Chen et al. (2017) introduce parametrical approach to FDR. This approach also
allows for the ranking of performance of funds, which classical FDR fund doesn’t
allow as it only acts as a threshold.

Hypotheses

Hypothesis #1: The aggregate recommendations of the given public group of
investors generates positive abnormal returns.

Hypothesis #2: The success of the analysts can be contributed to their skill
instead of just pure luck.

Hypothesis #3: The dynamically constructed portfolio based on multiple hy-
pothesis testing procedure, generates positive abnormal returns which are sig-
nificantly better than just the aggregate portfolio.

Methodology We will utilize publicly shared ideas from the internet website which
groups together analysts. The data are from 2000 to 2019. To get the pricing data
of individual stocks for the portfolios we will use pricing data from the developed
markets provided by Thomson Reuters’ Datastream.

To answer the question of skill vs. luck, we will use non-parametrical general
FDR approach as well as modified parametrical approach. First, we will estimate
the alpha (abnormal returns) of each individual analyst by the 4-factor Fama-French
model. It is important to note that in this part, as we do not know the holding period
of each analyst, we will test multiple holding periods, which will yield different values
of alphas. We will use estimated alphas and their p-values as well as residual errors
in further steps. Secondly, we will assume that the distribution of alphas in the
population of analysts is the result of combination of multiple “subdistributions” of
N skill groups of analysts, which is weighted by their relative size in population.
Barras et. Al (2010) assume N=3, that is group of negative, zero and positive
alpha. However, there is the expectation maximization (EM) procedure (Chen et
al. 2017), which can better determine N. Using FDR or EM procedure, together
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with bootstrapping, we can estimate the relative weights of each group. In the third
step, we will use these weights in the calculation of the FDR and modified FDR
(Chen et. Al 2017) metric, which will determine if the analyst is skillful or lacks
skill. In the last part, we will construct multiple portfolios from our data. We will
compare performance of the simple portfolio composed of the cross-section of the
analyst recommendations and dynamically constructed portfolio composed only of
the analysts, who are considered skilled from the previous step.

Expected Contribution Our contribution comes from the novel utilization of the
publicly available investment recommendation together with the MHT approach to
differentiate between good and not-so-god analysts to construct the portfolios which
should be cleansed of the just lucky analysts. Furthermore we extend the current
research by utilizing the longest timespan of data used for this kind of study (as to
our knowledge).

Outline

1. Motivation: Why is the question of luck vs. skill important in the public space
of ideas

2. Current state of literature on luck vs. skill, common solutions to the Multi-
ple Hypothesis problem in the mutual/hedge fund setting, public sharing of
investment ideas

3. Methodology and data: Estimation of alphas, estimation of skill groups, FDR
procedure and construction of portfolios

4. Results

5. Conclusion
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Chapter 1

Introduction

The topic of investors publicly sharing their investment ideas is an interesting
area as we would naturally assume that investors want to keep their profitable
ideas private to maximize their profits.

In theory, if some investor discovers significant mispricing in the market, it
is in his interest to exploit this mispricing on his own. This behaviour should
imply that the credibility of publicly shared investment ideas is low, as we may
wonder why would someone share their profitable findings.

In practice, however, there are various factors at play. Investors cannot
always be sure that the mispricing is “real” and not only the result of their
analytical mistakes. Furthermore, even if they are confident in the existence of
the mispricing, there are often barriers that can restrain their ability to fully
capitalize on it. For example, they may not be solvent enough, or they must
follow risk management rules.

At the same time, because of the size of the internet, investment ideas are
readily available to everyone who wants them. It is difficult for an individual to
separate qualified analysts from the unqualified ones. The sheer proliferation
of ”stock picks” and analysis can make an average layperson overwhelmed.

The task of separating the qualified analysts from unqualified ones is, in
essence, very similar to the job of an active fund manager, who needs to decide
whose ideas to listen to in order to include them in his portfolio.

Finally, if we establish that some subgroup of analysts possesses the skill,
it is only natural to try to find trading strategies that utilize ideas from these
analysts. Can we dynamically decide and construct portfolios, which generate
abnormal positive returns?

Our aim is to study the famous group called Value Investors Club. To study
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the public sharing of investment ideas, we should keep at least some minimum
requirements on the professionalism of a group. This is to ensure that they are
really not just randomly picking stocks and that the research has some useful
value for the practice. Value Investors Club fulfils these requirements, as it
mostly consists of investment fund managers. However, at the same time, it
is not only for professionals - anyone who can write an analysis of sufficient
quality can apply for the entry.

In the thesis, firstly, we want to estimate the proportions of analysts whose
true hidden alphas - representing skill, generate positive/negative or zero ab-
normal returns. We analyze returns of their recommendations by using multiple
hypothesis testing treatment methods in order to be able to separate the aspect
of luck from the aspect of the skill. Secondly, using the very same methods, we
construct portfolios by choosing only skilful analysts. These portfolios should
be significantly better than portfolios with no regard for differentiating luck
from skill.

The thesis is structured as follows: Chapter 2 provides the literature review
of the Public sharing of investment ideas as well as setting of the Multiple Hy-
pothesis Testing problem and its most common treatment. Chapter 3 provides
the data description, the methodology of the used methods in the Overall pop-
ulation description part and Portfolios construction part. Chapter 4 provides
the results. Chapter 5 provides the conclusion.



Chapter 2

Literature Review

2.1 Public information sharing and arbitrage
It is widely accepted and empirically observed that markets often deviate from
the market efficiency hypothesis. One of the main reasons for these deviations,
mentioned by Grossman & Stiglitz (1980) is that information is costly and not
available to all market participants in its entirety. By accepting the existence of
inefficiencies in the markets and thus allowing for the existence of mispricings,
we can explore the question, why would someone who finds such mispricing
wanted to share it publicly.

Crawford et al. (2017) provide the study of the same group of analysts as is
ours, on the shorter timeline spanning from 2000 to 2011. The study’s primary
goal is to address the very same question - why would competitors share their
ideas between themselves. They propose and successfully test two main reasons.
First, called the awareness-sharing hypothesis, deals with the issue of investors
not being solvent. As the investor cannot fully benefit from the mispricing,
by sharing the idea with others, the price-discovery process is sped up, and
thus, the original founder of the mispricing can potentially benefit faster. The
second reason, called the collaboration-sharing hypothesis, tells the story that
investors want to improve their analysis by getting constructive feedback from
their peers. Moreover, highly related to our research, they also provide a deeper
description of the nature of the companies on which the analysis are published.
They show that the group is heavily weighted towards companies with small
or micro capitalization. Finally, they show that this group’s recommendations
overall generate abnormal positive returns.

Another point of view in favour of the awareness-sharing hypothesis is the
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Ljungqvist & Qian (2016), who show that in order for short-sellers to overcome
the limits of short selling (such as unavailability of stocks or high shorting fees),
they publicly share their short ideas in order to persuade the shareholders to
sell their positions.

Kovbasyuk & Pagano (2020) further support the awareness-sharing reason-
ing and show that investors often focus on sharing only a limited amount of
ideas in order to maximize the speed of the price-discovery process and often
even group together with other investors who share similar analysis to acceler-
ate this process further.

If we accept the possibility that there are reasons why would someone pub-
lish potentially profitable ideas, we need to still address new questions which
start to arise. If there is a vast amount of ideas, how can we decide which ones
to follow? Furthermore, if some of those ideas turn out to be profitable, how
can we be sure that it was not just a lucky guess due to the volume of these
ideas?

2.2 Multiple hypothesis testing problem
From the theory of statistical hypothesis testing, we would expect the number
of significant findings to increase with the number of tests performed (given
that they are not very dependent). A significant finding in this context is
generally considered to be the one that passes some a priori chosen p-value
threshold γ, most commonly set at levels 1%, 5% or 10%.

Our task is to find analysts with abnormal returns - positive alpha. In
our context, we deal with the 2-sided tests as we are also interested in finding
analysts with negative alpha, as we can potentially sell short their picks and buy
long the benchmark portfolio to generate positive alpha. The corresponding
null hypothesis, given that we have n tests, is

H0 : αi = 0, ∀i ∈ (1, n) (2.1)

Type I error

Value of γ controls the Type I error rate, also called the size of the test. That is
falsely rejecting the null hypothesis when it is true. Thus if one test is performed
and the null hypothesis is true, on average, we will reject this hypothesis only
with 5% chance.
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When we test multiple hypotheses, we can use one of the classical metrics,
the family-wise error rate (FWER). It is a probability of making at least one
Type I error. When we denote FP , the number of rejected nulls that were, in
fact, true, we can define FWER as

FWER = P (FP > 1) = 1 − (1 − γ)n (2.2)

where n is the number of independent tests.
Applying this to a hypothetical group of 1000 analysts, even if all analysts

don’t have any skill, using simple independent testing, we expect to observe
50 analysts with whom we reject the null hypothesis at the p-value of 5% and
assume that they are skilled with positive abnormal returns or unqualified with
negative abnormal returns. This approach is clearly not the right way to decide
between skill and luck and their counterparts. Using FWER we get that the
probability that at least one analyst was falsely considered as a non-zero alpha
analyst is almost 100%.

Researchers have been focusing on the treatment of the FWER for a long
time, starting with the very often used method by Bonferroni, C.E. (1935),
which simply divides the targeted FWER by the number of tests to get the
p-value threshold for rejection. Similar modification is introduced by Sidak
(1967), who uses the correction by solving the Equation 2.2 for the γ to arrive
at the new p-value threshold.

For our example, with the desired FWER at 5%, Bonferroni tests each
hypothesis at the 0.005% while Šidák correction at 0.00513% level. As we can
see, for large n, the requirements for rejecting the null are very high, and the
difference between Bonferonni and Šidák correction is minuscule.

These methods use a single value of the threshold for all tests. Holm (1979)
introduces a step-down adjustment, with a different threshold for each test,
which should increase the overall power of multiple testing. After performing
all hypothesis tests, their p-values are ordered and the minimal index of k, such
that p(k) > γF W ER

n+1−k
is found. All null hypotheses below this index are rejected.

In general, for all FWER adjustment methods, it holds that γi ≤ γF W ER

for i ∈ [1, n].

Type II error

Type II error occurs when we fail to reject the false null hypothesis, that is
- a false negative. The probability of this error is symbolized by β, and the
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associated statistic called the power of the test is defined as 1 − β. After
K independent tests, the probability of making Type II error on all of them
decreases to βK , as opposed to the Type I error probability which increases
with the number of trials. While in the case of FWER we are looking for a
probability of making at least one error, in the case of Type II error, we are
looking for a probability that all truly significant findings are missed. The
overall goal is to minimize both Type I and Type II errors, however, it is often
not possible as minimizing one of them leads to an increase in the other one.

In practice, for the single test, we fix some desired level of significance γ,
connected to the Type I error and then try to find tests that minimize the
Type II error, which is synonymous with finding tests with maximum power.
If the tests actual Type I error rate falls below the required γ level, it is wise
to adjust the test to increase it back to this level in order to utilize the inverse
relationship between Type I and II error, thus minimizing the Type II error
rate.

Another way is not to control the FWER, that is, at least one false rejected
null, but the overall proportion of false rejected to all rejected nulls called false
discovery rate (FDR). The widely used procedure for controlling FDR has been
first introduced by Benjamini & Hochberg (1995), who formally define FDR as

FDR = E
[︃
FP

R

⃓⃓⃓
R > 0

]︃
P (R > 0) (2.3)

where FP is the number of false positives and R is the number of all rejections.
The selection of p-value thresholds used for rejecting is made in a sequential

way, similarly to Holm’s adjustment. Authors also show connection between
FWER and FDR by proving that for any target FWER ≤ γF W ER it also
stands that FDR ≤ γF W ER.

The intuition behind controlling FDR instead of FWER, is that if we reject
a large number of false null hypotheses, we can be lenient about few false
rejections. This idea is further expanded upon in a portfolio setting where our
goal is not necessarily to minimize the FDR value. We may tolerate few false
discoveries if the performance of true discoveries outweighs them in a more
significant way.

As in the case of Holm’s adjustment, the index k, which satisfies some
conditions, is found, and all null hypotheses with p-values lower than the p(k)

are rejected. Storey (2002) argue that the index k is yet another random
variable with a case-specific confidence interval, which should also be estimated
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in order to make the results not biased. Another issue the authors take with
the previous approach is that the process should depend on the number of
true null hypotheses. Taking these two issues in mind, they propose another
FDR approach. Instead of targeting some fixed level of FDR beforehand and
then finding the value of k, they fix the rejection region, which is represented
by the γ (the region is then [0, γ] and then estimate the FDR level. Their
approach modified by Barras et al. (Barras et al. (2010) will be detailed in the
Methodology section, where it will be introduced in the financial setting.

The usage of FWER in the case of a small number of tests is suggested
because of the relative importance of even one false rejection of true null. For a
large number of tests, FWER is very conservative and has a low power leading
to overly high requirements for rejection (Harvey et al. (2015), Chordia et al.
(2017a)). Moreover, the previously mentioned FWER corrections assume the
independence of tests, but hypothesis tests are often not independent, and these
corrections are therefore biased.

In the investment setting, we argue that it is more important to find all prof-
itable strategies and deal with few non-profitable ones, contrary to the situation
when we guarantee a low presence of non-profitable strategies but without find-
ing all profitable ones. Thus targeting FDR is more suitable compared to the
direct FWER control.

2.3 Luck vs. skill and MHT in finance
We could always try to target low FDR or FWER values, such that we only
include analysts in which we are really convinced they are skilful. This can,
however, lead us into only a small number of positions and a very concentrated
portfolio. Thus the choice of the target values represents the trade-off between
diversification and having a larger proportion of truly skilled analysts in the
portfolio.

Research into the question of how to divide skill from luck in the financial
market context focuses mainly on trading strategies or mutual and hedge funds.
For our purposes of exploring the performance of the group of publicly sharing
analysts, we argue that the research into mutual funds can roughly approximate
our setting. The group of analysts who publicly publish their ideas is also much
closer to the job of fund managers. However, hedge funds have access to a much
greater variety of financial instruments, which we do not consider and are also
under less regulation. As we also do not know if the ideas in our sample come
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from some trading strategy, which can be easily put into some algorithm, we
argue that the research focusing on trading strategies is much less applicable
to our topic compared to the research in mutual funds.

False Discovery Rate Control - Barras et al.

The Barras et al. (2010) (BSW) studied the performance of mutual funds and
their alphas in the years 1975-2006. The paper introduced widely used treat-
ment to the multiple hypothesis testing problem in the financial setting by
utilizing False Discovery Rate (FDR) method improved by Storey (2002). It
offered a very simple and quick treatment requiring only p-values of individual
tests, and at the same time, by utilizing simulations, the paper showed that
given some assumptions, this treatment is very accurate at describing real-
ity. Compared to the classical FDR method by Benjamini & Hochberg (1995),
which is non-parametric, the method proposed by BSW applies assumption on
the distribution of alphas in the population.

To separate luck and skill, they first use False Discovery Rate approach
to estimate the proportion of negative, zero and positive alpha funds in the
population. After this step, they use FDR to choose which funds to include in
their portfolios.

To account for the luck, BSW raise two important assumptions:

1. P-values of the true nulls (α = 0) are distributed uniformly over the range
[0,1].

2. All p-values above some threshold λ belong to the true nulls (α = 0) .

If these assumptions hold, then by simple interpolation of the number of
p-values above λ, we can estimate the relative proportion of zero-alpha funds
in the population.

Afterwards, we can estimate the expected proportion of falsely rejected
hypotheses at significance level γ by F̂ γ = γ · π̂0 (Thus, the number of lucky
zero-alpha funds F̂

+
γ is γ · π̂/2 and the same for the unlucky zero-alpha funds

F̂
−
γ ).

Finally, for the selection of skilled funds, they target FDR level FDR+
γ by

the estimator

ˆ︂FDR
+
γ =

F̂
+
γ

Ŝ
+
γ

. (2.4)
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where Ŝ
+
γ is the proportion of all significant positive findings at significance

level γ.
For the pre-specified level of FDR+

γ = z+, the corresponding significance
level of γ∗ is chosen in such a way to make ˆ︂FDR

+
γ∗ as close to possible to the

z+ (which is not always possible as it is sample dependent). Notice that this
method assumes that the proportion of negative alpha funds that reach positive
realized alpha (and vice-versa) is close to 0. The aspect of luck or bad luck
in this instance allows for observed realized alpha only to ”go” up/down by 1
group.

Andrikogiannopoulou & Papakonstantinou (2019) (AP) respond to the BSW
by showing that in some specific cases, the proposed method is worse than the
no-treatment approach - that is, just simply choosing funds which p-value in
the single test crosses some threshold. This occurs especially when their second
assumption is violated. They attribute the accurate simulation results of BSW
to the simulation design, precisely the assumption of funds’ alphas following
discrete distribution, the large number of observations for each fund and no or
small correlation between funds in the cross-section.

In the estimation procedure, the number of observations of each fund is
much more important than the number of funds in the cross-section. This is,
of course, because more data about a single fund give us more information, and
thus we can be more certain of the fund’s alpha estimate. In the simulation
part of BSW, the same number of observations is generated for each fund, and
this number is the same as has the fund with the longest history in the real
data. If the power of the test is low, which can be, for example, caused by
a small number of observations for individual funds, and the true alphas are
relatively small, then the assumption ii) from BSW does not necessarily hold
and the threshold λ may not exist. This leads to the overestimation of the
proportion of zero-alpha funds π0.

In their response, Barras et al. (2019) acknowledge that the estimator of π0

is biased in the aforementioned conditions but show that the under-estimation
of skilled funds showed by AP is over-estimated. This is attributed to the
specifications of the simulation part of AP paper, which is according to Barras
et al. (2019) corrected in their work. They also offer simple corrections to
the original procedure as well as show that with a new dataset from the years
1975-2018, the bias is not of as considerable concern as in the previously used
shorter data.
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Additionally, to the mutual fund setting, the method used by BSW is also
applied in Bajgrowicz & Scaillet (2012) who use it to study the ”population” of
technical trading indicators and show that even compared to the more conser-
vative past methods, this method still does not reveal the profitability of these
indicators, leaning towards the detriment of indicators, not the used method.

Harvey et al. (2015) utilize Bonferonni correction, Holm’s step-down method
and FDR method by Benjamini & Hochberg (1995) for the purposes of testing
316 factors which try to explain the cross-section of returns. They heuristically
find out that for the rejection of the null hypothesis of zero alpha at 5% level
taking MHT problem in mind, the required t-statistic should increase from
normally used 1.96 to about 3 depending on the dependence structure across
strategies.

Chordia et al. (2017b) introduce ”textbook example” of multiple hypothesis
testing problem by examining 2.1 million trading strategies and illustrating
the data-mining problem which commonly occurs in finance. They employ the
aforementioned FWER and FDR controlling methods as well as False Discovery
Proportion (FDP) controlling method (Romano & Wolf (2007)). From the FDP
method, they similarly to Harvey et al. (2015) find that the required minimum
t-statistic for rejection at 5% significance is 3.79 (while the Bonferonni and
Holm correction require 5.58). The authors conclude by showing that the
possible percentage of false discoveries in the trading strategies literature not
using MHT treatment can be as high as 91% in the case of reported alpha
values.

Chen et al. (2017) study hedge funds by building upon the method used in
BSW. They do not use a prior assumption of the number of groups, but they
estimate the optimal number of groups using the expectation-maximization
(EM) algorithm. They also use their new metric to choose individual funds
which are skilled instead of using t-statistics alone. This metric utilizes both
estimates α of the fund as well as the cross-sectional fund skill data. If the
estimated α has a large estimation error, it has a lower weight in the metric
calculation and vice versa. The justification is simple; t-statistic helps us decide
if the fund is or is not a zero-alpha fund. However, it cannot be used to order
the skill of funds as its values do not linearly represent the magnitude of skill.

Harvey & Liu (2018) study mutual funds by introducing yet another method
called Noise-reduced alpha (NRA). Similarly to Chen et al. (2017), they do not
assume that alphas are sampled from the discrete distribution but model the
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cross-sectional distribution of alphas. This cross-sectional distribution is also
used in the estimation of individual funds alphas (which are not estimated
beforehand, as in BSW or Chen et al. (2017) which treat sample alphas like
exogenous variables). This is done by a simultaneous estimation process done
by maximum likelihood estimation, which estimates both alpha distributions
and fund specific return dynamics. Another key point raised by the authors
is that previous papers like BSW or Chen et al. (2017) put too much focus
on the significance of alphas. This, however, is not based on the underlying
motivation for economically reasonable gains, as we are not really interested in
funds with tiny but very significant alphas compared to the funds with large
alphas but with higher variability, thus lower significance.

Another issue with previously mentioned MHT treatments is that if we over-
simplify the main essence of them, they just increase the value of the required
t-statistic (or equivalently decrease the required p-value) for the rejection of a
null hypothesis. Some methods do it globally for every test, that is, this t-value
threshold is a constant (Bonferonni), and for others, this threshold is dynamic
(Holm’s step-down method). However, for every method, we can be sure that
if we test two funds, one having a larger t-statistic than the other and for the
one with a smaller t-value, we reject the null hypothesis, we also always reject
it for the other one. That is, the order of t-values is preserved. In the case of
NRA method, because it looks at the whole cross-section, the estimates of the
more extreme values are pulled towards the population mean more than less
extreme ones, meaning that this order is not necessarily preserved.



Chapter 3

Methodology and Data

3.1 Data
Our source of data is the public analyst group called Value Investors Club.
This website consists of a financial analysis of companies or investment ideas
from around the globe in a long text format. The only requirement for entry
is to submit an analysis, which is carefully scored by investment professionals,
who decide if they let the candidate enter. There are no formal education or
background requirements to join the group, and theoretically, anyone who can
write an analysis of sufficient quality can enter. However, it is well known that
many of the members are managers of a hedge or mutual funds (Crawford et al.
(2017)). Famous fund managers like Norbert Lou or Michael Burry have in the
past actively participated in the group.

The use of anonymous nicknames is enforced to hide users’ identities and
provide “neutral” grounds where everyone is free to voice their ideas without
any repercussions. Naturally, members would not publish their profitable find-
ings if they were not rewarded in some way. Members can discuss and score
each idea, both of which are hidden from non-members. They also have access
to the ideas 30 days in advance of the general public.

Survivor-ship bias commonly occurs when researchers want to study the
performance of stocks or funds and naturally select only those with longer
periods of historical data, as they want large sample sizes. In this process,
companies/funds which failed and had shorter historical data are ignored. This
occurrence is well described in Brown et al. (1992) who focus on the past
findings of mutual funds over-performance, which may be described by this
bias. This bias is not present in our data because of the strict rule of the
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group, which does not allow the removal of the thesis after its publication. It
is also required from each analyst to publish at minimum two analyses per
year, but also at a maximum six analyses per year. The goal of this rule is
to preserve the quality of analyses. Also, there is also no possibility for our
analyst to close their shop or to be fired from the group because of their poor
performance (of course, in the long-term, they may just quit on their own if
they are consistently wrong). Additionally, after the publication of analysis for
a particular company, the group has a rule that there cannot be an analysis for
the same company for the next 6 months with some exceptions (sudden change
in some important factors). To ensure the quality of analysis, the group reserves
the right to remove analyses that do not meet the expected quality.

Our data span from the start of 2000 to the end of 2019; this is in total
11130 ideas/analysis from 1223 analysts. We only include simple stock recom-
mendations; thus, we do not consider bonds or options and other non-linear
payoff instruments, which can exhibit small losses for an extended period of
time with a sudden large payoff. This type of trade can be “ skillfully” selected
and can have a positive expected abnormal payoff; however, it would most likely
be indistinguishable from the lucky picker with our methods. Combining the
aforementioned restrictions and the problem that we were not able to recover
all the historical data from our data provider Refinitiv, we end up with 8861
ideas from 1148 analysts.

The nature of our data, as we have only investment ideas, not direct holdings
of different stocks, brings up another specificity of our research. Our investment
ideas, in general, do not contain the target price or holding time of the chosen
company stock. This means that the number of observations depends only
on the holding period we choose as compared to the investment funds. To
obtain the returns for each analyst, which will be used to describe the overall
population, we have chosen five different holding periods for each position, 1, 3,
6, 12 and 24 months. Recommended stock position from the given investment
idea will be purchased at the opening price on the next day of publication
and will be held for this amount of months. Multiple ideas with overlapping
holding periods from the same analyst will be weighted equally. In this process,
we essentially treat every individual analyst as a small mutual fund.

Following simulation and empirical results from Harvey & Liu (2020), at
each step in our estimation process, we consider only analysts with at least 12
observations as we have 4 explanatory variables using the FF4 model as our
benchmark for estimating alpha.
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Figure 3.1 shows the number of analyses published in each year of our sam-
ple. We can observe that with time, the group’s popularity has been increasing
as there is a clear increasing trend of the number of analyses published.

Figure 3.1: Number of analysis across years
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3.1.1 Winsorizing returns vs requiring a minimum number
of ideas

The previous data description reveals an issue. We can easily imagine a scenario
in which some analyst randomly picks a company and, by sheer luck, ends up
with a return of hundreds of percent. This can be the only idea of this analyst,
yet no method can detect if it was luck or truly his skill. This is because of
the small sample size. Analysts are only forced to publish ideas if they want
to remain in the group, but compared to mutual funds, which report monthly
performance, analysts can choose when and how much they want to publish.

If we largely oversimplify the most used MHT correction methods, they
will look at this analysts alpha of hundreds of percent and its corresponding
minuscule p-value and adjust the original target γ critical value by decreasing it,
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which will most likely still lead to the rejection of the null hypothesis. However,
this method does not solve our issue as we know that the OLS regression is
very sensitive to outliers, who can ”hide” the true alpha of the analyst. (Even
unskilled analyst with a relatively small sample size of returns who has most
of the time negative monthly α and gets a return of 1000% in a single month,
will end up with a large positive alpha estimate. It will most likely not be
significant, but his negative skill will not be revealed).

Therefore to address this issue, we can restrict the minimum number of
observations even further than the aforementioned 12, chosen just as a rule of
thumb for the OLS regression. At this point, however, we arrive at the data
specific issue. Figure 3.2 shows the distribution of the number of ideas per
analyst. As we can see, a large part of analysts publishes only a small number
of analyses. In total, in our sample, there are 377 analysts with fewer than 3
analyses and 771 analysts with at least 3 analyses. When we explore only 1
month returns after publishing the idea, in which case we require 12 ideas of
each analyst, there are only 275 analysts with at least 12 ideas. In the case
of 3 month holding period, we require 4 analyses, and there are 681 analysts
with at least this amount. For periods like 24 months, we have enough monthly
observations, but we still argue that deciding on an analyst’s skill based on one
idea does not work.

Another angle to target this issue is to winsorize the returns. Essentially we
decide that if the monthly return crosses some threshold, it is a good enough
signal of success. Given the goal of our analysts, that is, to seek value oppor-
tunities, we do not expect returns of hundreds of percents in a single month.
At the same time, this acts as a regularization making our estimates of alpha
more conservative, making it less prone to the Type I error while increasing
Type II error.

We have chosen different solutions for different parts of estimation.
In the description of the overall population, we are trying to leave the

sample intact to compare various methods, and we only require a minimum of
12 monthly observations.

In the portfolio construction part, however, our primary goal is to find who
are the skilled analysts and thus, for the purposes of choosing them, we can
modify the sample. We still require a minimum of 12 month return observa-
tions for each analyst, but we further require a minimum of 3 published ideas.
Additionally, we winsorize the monthly returns at the absolute value of 100%,
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which corresponds to the 97.7-99.95th percentile of all monthly returns across
time (depending on the holding period) in our data.

Figure 3.2: Number of analysts with given number of published anal-
ysis
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3.1.2 Dependence among analysts

Our specific sample of analysts brings up another unique situation when there
is no correlation between picked companies in individual analyst’s portfolios.
When someone shares a thesis on some company, then even if someone else
was working on the same company with similar thoughts or even just with the
same buy/sell recommendation, he cannot publish it as the rules forbid it. This
is the exact opposite of the same problem in the mutual funds setting, where
there is often a number of the same companies which funds own at the same
time.

Even though this can seem like a welcomed benefit, as there is no bias
coming from the unknown correlation structure of the analysts, as there is no
overlap in positions, this brings yet another issue. We cannot truly decide about
someone’s inherent skill because he may not have published all his analysis,



3. Methodology and Data 17

which he would if he was not looking at the other group members or if he was
allowed to. We acknowledge this issue and argue that although the task is
harder as we miss some observations, we can still determine one’s skill.

Additionally, to rule out dependence caused by factors such as over-representation
of particular sectors in our analysis, which can cause correlation in performance
of these analyses, we look at correlations of analysts’ returns. The average
Spearman’s correlation coefficient is between 0.03 − 0.11, depending on the
holding period. This is relatively low, and we conclude that there is no signifi-
cant correlation between the performance of the analysis. Therefore, we do not
utilize any corrections in the estimation methods which account for dependence
across analysts.

3.2 Asset pricing benchmark
We utilize a simple 4-factor model by Carhart (1997), which is the standard
3 factor model by Fama & French (1993) with the addition of the momentum
factor.

ri,t = αi +
4∑︂

j=1
βijfj,t + ϵi,t (3.1)

where ri,t are the excess returns and i ∈ [0, N ], t ∈ [0, Ti] (time of observing
the fund i’s returns) and j ∈ [1, 4].

We assume that the error terms ϵi,t follow normal distribution N(0, σ2
i,ϵ) and

are i.i.d. across funds and time.
Factor vector ft⃗ = [rm,t, rSMB,t, rHML,t, rMOM,t] is characterized by the ex-

cess market return, return of a small minus big capitalization portfolio, return
of a portfolio of high minus low book-to-market ratio and of a portfolio fol-
lowing momentum stocks. Furthermore, we assume that the factor vector ft⃗

is normally distributed with zero mean and corresponding variance. Following
these assumptions, the t-statistic of an α estimate we obtain from the OLS
estimation follows the central Student t-distribution with T −5 degrees of free-
dom if the null hypothesis of zero-alpha is true Otherwise, it follows the non-
central Student t-distribution with the non-centrality parameter t̃ = α

σe/
√

Ti
.

For robustness purposes, we report a heteroskedasticity robust standard errors
estimator HC1 by MacKinnon (1985).

The factor data are available from Kenneth’s French website.
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3.3 Overall population description

3.3.1 Estimation procedure

In this section, our goal is to explore the population of analysts and remove
luck’s role in their predictions. We plan to accomplish this by using various
methods, after which we will decide what proportion of the population has a
"skill", no skill, or even negative "skill" - ability to exhibit abnormal negative
alpha consistently. Similarly to previously mentioned literature, we will assume
that all analysts fall into multiple categories, according to their skill. Every
group inherent alpha follows some distribution, and the observed sample is the
result of the weighted combination of those distributions (weights, in this case,
are the proportions of the groups in the sample). This observed alpha, however,
is different from their real inherent alpha. Maybe an analyst just got lucky,
and his realized alpha is highly positive, or a skilled analyst got unlucky, and
his realized alpha is negative. The idea to include the analyst with bad past
performance into our investment portfolio does not have to be bad if we know
that the analyst is skilled and just unlucky.

We start with a simple selection method based on the alpha and its p-
value obtained from single hypothesis testing hereafter called No-control. We
continue with FWER controlling methods, Šidák correction, Šidák-Holm step-
down adjustment and Benjamini et al. FDR controlling method. Next, we
have chosen Barras et al. FDR method as this is an example of one of the
more influential MHT treatments in mutual funds setting and is still to this
day used as a benchmark to compare new methods with. (Ferson & Chen
(2018) Harvey et al. (2015))

Chordia et al. (2017b) argue that compared to the basic FDR method, the
False Discovery Proportion (FDP) is better as it accounts for the generalized
dependence structure in the data. As discussed earlier, we do not assume that
there is any dependence between the performance of analyst investment ideas;
therefore, we utilize FDR instead of FDP controlling method.

We have also decided not to use the method introduced in Chen et al.
(2017) as the Noise Reduced Alpha (NRA) method introduced by Harvey & Liu
(2018) offers a similar but in some ways better method based on Expectation
Maximization, which they also use.

From the basic FWER and FDR controlling methods, we will obtain lists of
significantly positive, significantly negative and not significantly different from
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0 analysts’ alphas. We will simply calculate the proportions by dividing the
number of analysts in each list by their total amount. The procedure to obtain
the proportions from the last two used methods, Barras FDR and NRA will be
described later.

In the No-control and FWER controlling methods, we will test at p-values
and FWER values usually chosen in the literature of 1%, 5%, 10% and 15%;
however, we will additionally include 50% test value as a comparison to higher
test values in FDR methods.

For the FDR controlling approaches, the thresholds will be used similarly
to the thresholds in Barras et al. (2010), that is FDR of 10%, 30%, 50%, 70%
and 90%.

The NRA method does not require any choice of testing value as it returns
the Gaussian Mixture distributions of each analysts alpha. We will use their
means as the value of their estimated alpha. However, as no significance test
present would decide to include analysts into the zero-alpha group, we need to
choose some threshold value of alpha. We have chosen a value of 0.1% monthly
alpha, which approximates to an economically reasonable 1.2% yearly alpha.
Absolute values of estimated alphas lower than this threshold will be included
in the zero alpha group.

The final assumption that we make is that by publishing new ideas, analysts
only reveal new evidence to us, but their inherent skill represented by alpha
is constant through time. This assumption allows us to report on the overall
population estimates for the whole sample period of 20 years.

3.3.2 Classical MHT treatments

Family Wise Error Rate control

The Bonferroni correction (Bonferroni, C.E. (1935)) tests each hypothesis at
the γ

n
significance level. This is done in order to perform overall testing at the

level of FWER, which is at most γ (γF W ER ≤ γ). This correction is generally
considered to be a very conservative approach as with a large number of tests,
the power of the testing can get very low. Additionally, if the tests are not
independent, the adjusted significance level can be too strict.

Šidák correction (Sidak (1967) ) is yet another adjustment used to control
the FWER. Using equation 2.2 we can preselect desired FWER level and solve
for γ, resulting in γ = 1 − (1 − γF W ER) 1

n . It is less conservative than the
Bonferroni correction but still requires independence of tests.
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Holm’s step-down adjustment controls FWER in a sequential way

• Order the p-values from tests from lowest to highest p(1), p(2), ...p(n).

• Find k as the minimal index fulfilling p(k) > γF W ER

n+1−k
.

• Reject all null hypothesis with index below k, if k = 1 reject none.

The method is very similar to the Bonferroni correction; for k = 1 we know that
all p-values are above Bonferroni adjusted significance level γF W ER

n
. However,

Holm’s method is much less stringent as can be seen for k > 2 we would
reject one p-value, which is below γF W ER

n
but also others with a p-value below

γF W ER

n−1 , γF W ER

n−2 , ...

Holm’s adjustment is thus preferable over Bonferonni as tests rejected under
Bonferroni’s adjustment are always rejected by the Holm’s, but we also can get
more rejections because of the looser p-value hurdles, thus having larger power.

Finally we can combine the Holm’s adjustment and Šidák correction, by
using 1 − (1 − γF W ER) 1

m , 1 − (1 − γF W ER)
1

m−1 , ... in the 2nd step of Holm’s ad-
justment. This leads to a more powerful test compared to the original Holm’s
test if the tests are not negatively dependent.

False Discovery Rate control

In order to control FDR, Benjamini & Hochberg (1995) provide the following
sequential adjustment

• Order the p-values from tests from lowest to highest p(1), p(2), ...p(n).

• Find k as the maximum index fulfilling p(k) ≤ F DR∗·k
n·c(n) .

• Reject all null hypothesis with index below k + 1.

, where FDR∗ is the targeted test value of FDR and c(n) is a function that
controls for the generality of the test. Higher values lead to more conservative
results with a lower number of rejections. For the independent or positively cor-
related tests, c(n) = 1 can be used. For cases with other correlation structures,
the authors propose the function c(n) = ∑︁n

j=1
1
j

and show that the adjustment
works under any dependency between test statistics.
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3.3.3 Modified FDR method

Barras et al. (2010) start with a framework with 3 skill groups. This number
comes from the basic assumption that there are some skilled analysts who can
discover mispricings in the market (α > 0), there are those who try but cannot
and discover false mispricings (α < 0), and the rest ends up with being very
close to the market portfolio (α = 0). The corresponding population proportion
are π+, π− and π0. They assume that alphas in funds follow one of these groups,
each having a discrete distribution with a point mass. This is also the number
of groups that comes from using a two-sided test on the null hypothesis of
H0 : α = 0.

In the first part of this method, the relative proportions of skilled π+, un-
skilled π− and zero-alpha funds π0 are estimated. It would be natural to esti-
mate these proportions by just performing independent hypothesis tests on all
funds and then take the ratios of significant negative/positive alphas at some
significance level γ to the number of all funds. However, this approach would
implicitly assume that there are no lucky funds in the population; therefore,
we have to use another method.

For each analyst, we obtain the estimate of alpha αî from the regression of
our benchmark factors f on the excess monthly returns of the analyst R − Rf

(Rf being monthly treasury rates). From this regression, we also obtain the
corresponding t-statistic. As noted in Davidson & MacKinnon (2004) for small
samples, the distribution of t-statistics may not be symmetrical, and therefore,
in order to obtain the p-value, we cannot simply look at the corresponding t-
distribution as it is biased. The proposed technique to find the estimate of the
p-value of the two-sided test by making the underlying distribution symmetrical
is to use bootstrapping.

For each analyst, we take the original t-statistic from the previous regression
ti and also generate B bootstrap samples from their returns, and obtain B

values of tb
i statistics by running regressions of excess returns from bootstraps

on the benchmark factors. The p-values estimated by the bootstrap method
are then

pî = 2 min
[︂ 1
B

B∑︂
b=1

I(ti > tb
i), 1 − 1

B

B∑︂
b=1

I(ti > tb
i)

]︂
(3.2)

The minimum function is used in order to decide if the p-value is for the
right/left tail of the distribution. This method would be equivalent to a stan-
dard way of obtaining p-values if B → ∞ and tb

i would come from t-distribution
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with corresponding degrees of freedom.
With a large B we can use the asymptotic theory and assume that for every

group, its members t-statistics are normally distributed with unskilled group
centered around some negative value t−, zero-alpha 0 value and skilled group
positive value t+.

For the given significance level γ, we expect to observe some proportion
of significantly positive E(S+

γ ) and significantly negative E(S−
γ ) alphas. Some

of those are truly skilled/unskilled, but some of them are, in reality, zero-
alpha analysts. Note that we do not assume that significant negative/positive
alpha can come from skilled/unskilled analysts. This is because given some
sufficiently large alpha values, the probability of this kind of misclassification
is very small and can thus be disregarded, as shown by BSW in their simulations
with annual α+ = +3.2% and α− = −3.8%.

With this assumption, we can write the expected proportion of falsely dis-
covered negative/positive alpha analysts as

E(F +
γ ) = E(F −

γ ) = π0
γ

2 . (3.3)

Therefore, we can adjust the expected proportion of observed significant
findings to get the expected proportion of truly skilled/unskilled analysts as

E(T +
γ ) = E(S+

γ ) − E(F +
γ ) = E(S+

γ ) − π0
γ

2
E(T −

γ ) = E(S−
γ ) − E(F −

γ ) = E(S−
γ ) − π0

γ

2 (3.4)

As can be observed, this method mainly stands on our knowledge of the
underlying population proportion of zero-alpha funds. The value of the signif-
icance level γ at which we execute the tests is less important as with higher γ,
we expect a higher number of significant findings but at the same time, as a
trade-off, the higher number of total false discoveries.

To estimate the relative proportion of zero-alpha funds π̂0, we utilize the
following logic. The skilled/skilled analysts should have their t-statistics (p-
values), which come from two-sided tests with H0 : α = 0, HA : α ̸= 0 far from
0 (or close to 0 for p-values), and zero-alpha analysts should have their p-values
distributed uniformly over the range [0,1]. We, therefore, set two assumptions:

1. P-values of the true nulls (α = 0) are distributed uniformly over the range
[0,1].
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2. All p-values above some threshold λ belong to the true nulls (α = 0) .

If these assumptions hold, we can estimate the uniform distribution of p-
values to estimate the proportion of zero-alpha analysts π̂0 in the population.
We can obtain the expected number of zero-alpha analysts by extrapolating
the W̃ (λ∗), which is the number of analysts with a p-value higher than λ∗. The
number of expected zero-alpha analysts is

E(N0) = W̃ (λ∗)
1 − λ∗ (3.5)

and corresponding
π̂0 = E(N0)

N
(3.6)

The optimal value of the threshold λ∗ can be found using the bootstrap pro-
cedure from Storey (2002), which minimizes the estimated mean squared error
(MSE) between estimates obtained from bootstrapped samples and estimate
obtained from real data.

We start by obtaining estimates of π̂0 from the equation 3.6 for a range of
λs [0.25,0.30,...,0.85], we denote these estimates as a vector π̂0. Next, for each
value of λ, we sample with replacement N p-values from our data. We repeat
this sampling B = 1000 times and calculate estimates π̂b

0(λ), b ∈ [1, B]. The
estimated MSE(λ) is

ˆ︂MSE(λ) = 1
B

B∑︂
b=1

[π̂b
0(λ) − min

λ
π̂0]2 (3.7)

The optimal threshold λ∗ is then the value of λ with the minimal estimated
MSE.

Now that we have the estimate of the proportion of zero-alpha funds in
the population π̂0, we can estimate the expected proportion of skilled E(T +

γ )
and unskilled E(T −

γ ) analysts. This estimation process is done by using actual
observed significant findings Ŝ

+
γ and Ŝ

−
γ together with the equation 3.3. We

can therefore write the estimated form of equations 3.4 as

π̂+ = T̂
+
γ = Ŝ

+
γ − F̂

+
γ = Ŝ

+
γ − π̂0

γ

2
π̂− = T̂

−
γ = Ŝ

−
γ − F̂

−
γ = Ŝ

−
γ − π̂0

γ

2 (3.8)
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These equations are a function of γ, and we can find its optimal value γ∗ again
by using the estimated MSE from the bootstrap procedure.

We again first obtain the estimates of π̂+ and π̂− by using a range γ ∈
[0.05, 0.10, ..., 0.5] and obtaining vectors π̂+ and π̂−. Next we again sample with
replacement N p-values from our data B times and obtain the corresponding
estimates π̂b− and π̂b+. The estimated MSE−(γ) is then

ˆ︂MSE
−

(γ) = 1
B

B∑︂
b=1

[π̂b−(γ) − max
γ

π̂−]2 (3.9)

and similarly for MSE+(γ). For each skilled/unskilled estimated MSE we
choose γ+ and γ−, which have the minimal MSE estimates. Finally to obtain
the γ∗, we choose the min(γ+, γ−). If the chosen γ∗ came from the estimate of
skilled/unskilled proportion, we calculate the estimate of population proportion
with this value and set the value of the other skill group’s population proportion
as a complement so the proportions of all groups sum to 1.

To get the confidence intervals of our estimates, we utilize method byGenovese
& Wasserman (2004), who treat the proportion of false discoveries to the over-
all number of discoveries as a stochastic process and from this premise, they
show how to get the standard deviations together with the confidence intervals
for the estimates.

As we can see, the previous process can estimate the proportions of skill
groups in the population; however, it cannot tell us which analyst belongs to
which group, which is required to construct portfolios. The only information
we have is that all analysts with negative/positive alphas are in the left/right
tail of the distribution of t-statistics with p − values < (1 − λ∗)/2, which is not
very informative as false discoveries are also located in those tails.

However, we can control the FDR(γ) in those tails by changing the significance-
level γ . For the left tail, it is defined as

FDR−(γ) = E
(︂F −

γ

S−
γ

)︂
(3.10)

and similarly for FDR+(γ).
Given some basic assumptions (Storey (2002)) the estimator of FDR−(γ)

is
ˆ︂FDR

−
(γ) =

F̂
−
γ

Ŝ
−
γ

= π̂0 · γ/2
Ŝ

−
γ

. (3.11)

We can select analysts who are skilled or unskilled by targeting some level
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z of ˆ︂FDR(γ) and finding the value of γz, which is the closest to this level.
We will look at z ∈ [0.1, 0.3, 0.5, 0.7, 0.9]. Again note the difference, while in
FDR method by Benjamini & Hochberg (1995), the γ represented by p(k) is a
function of a chosen target FDR∗, the FDR in this method is a function of γ.
We only target the FDR level, but in practice, it is not guaranteed that we will
reach it, as it is a data-dependent process.

3.3.4 Noise-reduced alpha

In the Barras et al. FDR approach, we can observe that the distribution of
alpha values is treated as a discrete one. Each analyst’s alpha is either positive,
zero or negative, regardless of the numerical value of alpha. Although this
approach is not inherently wrong, it is not in our best interests as investors do
not require only high significance but also the high value of the alpha. FDR
approach can tell us with some certainty to which group the given analyst
belongs, but cannot rank them on its own and can only rely on the original
estimates of alphas from OLS.

Harvey & Liu (2018) (HL) provide a different approach called Noise-reduced
alpha (NRA) method. This method aims to model the whole cross-sectional
distribution of population alphas, not just the distribution of the sample or
just the specific percentile, as is the case of BSW.

The most notable structural differences in these two approaches are the
following.

BSW starts with simple OLS regression of excess fund returns on a factor
model. This is done independently for each fund, and the data of interests are
alphas and their p-values. In the second stage, the p-values are modified to
address the MHT problem. Because of the independence of OLS regression, the
cross-sectional effects are not taking care of. These effects do not necessarily
have to be just some dependence structure between funds; they can also include
effects such as market conditions in which there is a lot of mispricings present.
Simply put, if we find a fund with a high alpha value, this finding should be
more likely “true” in times when there are many funds in the overall population
with higher alphas and vice versa.

HL iteratively adjust all the OLS parameters, considering both cross-sectional
and time-series dynamics.

Let the R = [R1, R2, ..., RN ]′ be a vector of fund excess returns, B =
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[β′
1, β

′
2, ..., β

′
N ]′ be the vector of fund betas (βi = [βi1, βi2, βi3, βi4]), A =

[α1, α2, ..., αN ]′ vector of fund alphas and Σ be the residual covariance ma-
trix. We assume that underlying distribution of alphas is an Gaussian Mixture
with L components, characterized by the parameter vector θ = [W , µ, σ2] that
is weights of components, their location and variance.

The likelihood function of the model is characterized by

f(R|θ, B, Σ) =
∫︂

f(R, A|θ, B, Σ)dA =
∫︂

f(R|A, B, Σ)f(A|θ)dA (3.12)

f(R|A, B, Σ) represents the conditional likelihood function of the returns
and f(A|θ) represents the conditional density of the cross-section of alphas
given the θ.

As noted by HL, previous papers usually use only one part of the 3.12, as is
the case of BSW, who as previously mentioned, only deal with the time-series
part of the likelihood function and do not consider the the distribution of the
cross-sectional alphas. Some other papers like Ferson & Chen (2018), Chen
et al. (2017) only utilize the latter part of the likelihood function.

As we can see, the likelihood function is not a function of A, which is done
by design; however, to be able to compare funds between each other, we are
interested in the conditional distribution of A. We can get this distribution by
using the Bayes’ law and the estimates of model parameters

f(A|R, B̂, Σ̂, θ̂) ∝ f(R|A, B̂, Σ̂)f(A|θ̂) (3.13)

By assuming that residuals from 3.1 are i.i.d we can rewrite the likelihood
function as a product of likelihoods of individual funds. In this case, the co-
variance matrix Σ becomes a vector of σ2

i , which are the residual covariances
of each fund.

f(R|θ, B, Σ) =
∫︂ N∏︂

i=1
f(R|αi, βi, σi)f(αi|θ)dA =

N∏︂
i=1

∫︂
f(R|αi, βi, σi)f(αi|θ)dαi

(3.14)
If we know the estimates of βi and σi, the first part of the integral part

f(R|αi, βi, σi), that is the conditional likelihood of returns of fund i on the
parameters, becomes essentially a probability density function on αi propor-
tional to the Normal distribution with the location of

∑︁Ti
t=1(rit−β

′
ift)

T
and scale
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σi√
T

. This part can be viewed as a weighting of the second part of the integral
f(αi|θ), which we can define as w(αi). The result is thus

f(R|θ, B, Σ) =
N∏︂

i=1

∫︂
w(αi)f(αi|θ)dαi (3.15)

, which is a weighted average of f(αi|θ). This weighting is fund specific and
reflects the estimation confidence for each fund which is represented by σi. In
the case that we know the estimates of θ and want to estimate βi and σi,
the weighting “switches”. In this case, we can see that the f(αi|θ) tells us how
likely it is to observe given αi, thus giving less weight to the observations which
are unlikely to occur.

It can be shown that asymptotically when the scale parameter σi of the PDF
of αi goes to 0 and estimates of βi and σi are taken from OLS; the likelihood
function 3.14 converges to the L(θ|AOLS).

That is the likelihood function of parameters of the underlying alpha dis-
tribution θ given OLS estimated alphas. Thus, this weighting function w(αi)
captures the time-series uncertainty of alpha estimation, which is not captured
in the previously mentioned methods. These methods first obtain alpha esti-
mates of each fund from OLS and then estimate the alpha distribution.

Estimation procedure

We treat the A as missing data, which we are trying to “guess” given the other
data. After this step, we treat them as a found true variables and estimate the
other parameters with this knowledge. This process is repeated until the found
parameters convergence.

Step 0
We denote the vector of the estimated parameters as G(k) = [θ′, B′, Σ′]′,

where k denotes the number of iterations taken to get this parameter vector.
For the initial estimate G(0), we can get the B and Σ from OLS. The parameter
vector θ can be estimated by the MLE done on supplied A estimated from the
same OLS as B and Σ. (We can also randomly generate the parameter vector
θ as discussed later.)

Step 1
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The Expected value of log likelihood function 3.12 with respect to A given
our parameter vector G(k) and returns R is

L(G|G(k)) = EA|R,G(k)logf(R, A|G) = EA|R,G(k)

N∑︂
i=1

logf(Ri|αi, βi, σi)f(αi|θ)

(3.16)
In this step, we replace the population expectation equation with its sample

variant used in the simulation method Monte Carlo EM algorithm. This is done
because, as noted by HL, Equation 3.16 does not necessarily have a closed-
form expression. The simulation is done by generating a value of alpha for
each fund given the current value of parameters, which in our case is done by
randomly sampling GM distribution with parameters θ. This process is done
M times. HL suggest using M = 100, and we have empirically found out that
the resulting parameters are very close to each other with M as low as 10 with
only a small added amount of required iterations. We will, however, utilize the
original value 100 as done in HL.

The final sample log-likelihood approximation of the equation 3.16 is then

L̂(G|G(k)) = 1
M

M∑︂
m=1

[
N∑︂

i=1
logf(Ri|αm

i , βi, σi)f(αm
i |θ)] (3.17)

As previously mentioned the f(Ri|αm
i , βi, σi) is a normal density function

with location âi =
∑︁Ti

t=1(rit−β
′
ift)

T
and scale σi√

T
. The f(αm

i |θ) as discussed earlier,
follows the Gaussian Mixture distribution with parameters θ. The product of
Normal and GM density functions is another Gaussian Mixture with parameters

µ̃i,l = ( σ2
l

σ2
l + σ2

i /T
)āi + ( σ2

i /T

σ2
l + σ2

i /T
)µl (3.18)

σ̃i,l = 1
1/σ2

l + 1/(σ2
i /T ) (3.19)

π̃i,l = πlϕ(āi − µl, σ2
l + σ2

i /T )∑︁L
l=1 πlϕ(āi − µl, σ2

l + σ2
i /T )

(3.20)

for l ∈ [1, L] and ϕ(µ, σ2) being the value of the normal density function of
normal distribution N (0, σ2) at µ.

Because these parameters θ̃ = [µ̃′, σ̃′, π̃′] reflect our best knowledge of the
distribution of alphas given returns vector R and parameter vector G(k), we
generate the M samples of Ã using the GM(θ̃) distribution.
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Step 2
In this step we need to update the parameters G(k) in order to maximize

the L̂(G|G(k)). This is done in 2 separate steps, which substantially reduce the
searched parameter space, by rewriting the equation 3.17 as

L̂(G|G(k)) =
N∑︂

i=1

1
M

M∑︂
m=1

logf(Ri|αm
i , βi, σi) + 1

M

M∑︂
m=1

N∑︂
i=1

f(αm
i |θ) (3.21)

, thus we separately optimize B together with Σ and θ.
Step 2a
In this step, we optimize the first part of the 3.21,

N∑︂
i=1

1
M

M∑︂
m=1

logf(Ri|αm
i , βi, σi).

We can notice that assuming that residuals are independent, which is the
case for our data, we can find the MLE of B and Σ independently for each fund.
Assuming that our log-likelihood function follows a log-normal distribution, we
can write the log-likelihood for fund i as

logLi = 1
M

M∑︂
m=1

logf(Ri|αm
i , βi, σi) = 1

M

M∑︂
m=1

Ti∑︂
t=1

logf(rit|αm
i , βi, σi)

= −Ti

2 log(2πσ2
i ) − 1

2σ2
i

(
Ti∑︂

t=1
(rit − β′

ift − αī)2 + Ti(α2
ī − ᾱ2

i ))
(3.22)

where ft is a factor vector, αm
i is the value of alpha for fund i in m-th

generated sample and ᾱi, α2
ī are sample means of generated alphas and their

squares.
As we want to maximize the log-likelihood function, we can observe that

the MLE of βi is the OLS estimate of regressing {rit − ᾱi}Ti on factors {ft}Ti .
After we obtain this estimate β̂i, we can fix the value of βi and obtain the
MLE of σi by taking a derivative with respect to σ2

i , thus, obtaining the first
order condition.

σ̂2
i = 1

Ti

Ti∑︂
t=1

((rit − β̂
′
ift − αī)2 + Ti(α2

ī − ᾱ2
i )) (3.23)

We can notice that the first part of this equation is just the average of squared
residuals from the performed OLS and the second part is the sample variance of
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the generated alphas. Thus with increased M , we expect this sample variance to
converge to the population one, which we have knowledge about as we generated
alphas from θ̃.

We can then modify the MLE of βi by using the population mean instead of
sample mean by regressing {rit − α̃i}Ti on factors {ft}Ti , where α̃i is expected
alpha given our data α̃i = ∑︁L

l=1 π̃i,lµ̃i,l. Next, we replace the sample average of
squared residuals with the population variant obtained from this regression.

For the second part of the equation 3.23, we similarly get the expected
observed variance

L∑︂
l=1

π̃i,l[(µ̃i,l − α̃i)2 − σ̃2
i,l].

The result is that we obtained exact MLE estimates of both B and Σ.
Step 2b
Now we optimize the θ by maximizing the 1

M

∑︁M
m=1

∑︁N
i=1 f(αm

i |θ) by using
the EM algorithm. Altogether we have MN alpha values and we search for
the MLE of θ assuming that those values came from the GM distribution with
underlying parameter θ. As the name suggests the EM algorithm is split into
the Expectation and the Maximization part:

• Expectation part

We get the expected probabilities of the given alpha value for fund i in
the generated sample m belonging to the one of the L underlying Normal
distributions in the composite GM distribution.

p̂m
il = π̂lϕ(αm

i , µ̂l, σ̂2
l )∑︁L

l=1 π̂lϕ(αm
i , µ̂l, σ̂2

l )
(3.24)

where ϕ(x, µ, σ2) is the normal density function of N (µ, σ2) evaluated at
x.

• Maximization

In this step, we recalculate the parameters of θ according to the obtained
probabilities.

µ̂l =
∑︁

im p̂m
il αm

i∑︁
im p̂m

il

(3.25)

σ̂2
l =

∑︁
im p̂m

il (αm
i − µ̂l)2∑︁

im p̂m
il

(3.26)
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π̂l =
∑︁

im p̂m
il

MN
(3.27)

We start with the initial vector θ from the G(k−1), and we iterate Ex-
pectation and Maximization step until the convergence criteria is met, at
which point we get the updated vector G(k).

Step 3
With the new value of G(k), we start again at step 1 and continue until the

convergence criteria are met.

Initial parameter vector θ

This method does not guarantee that we will reach the global optimum, only
the local one. To help with this issue, we follow HL and implement following
procedure for the selection of the initial parameter vector θ.

We randomly choose the starting θ by picking the range of underlying
location and scale parameters from the observed values of alphas from simple
OLS. Precisely, the location parameter µl is picked from [−40%, +40%] per
annum and scale from [0.1%, 40%] per annum. The starting πl are chosen by
sampling range [0, 1] for the π1, then sampling range [0, 1 − π1] and so on. The
πL is chosen as 1−∑︁L−1

l=1 πl. The final underlying distributions in the parameter
vector θ are ordered by µl to represent the skill groups from the worst to the
best.

We generate 100 initial vectors θ and run the whole optimization process
for each of them. The convergence criterion in this round is either that maxi-
mum number of steps Kmax is reached or that the difference average absolute
difference between θ(K−1) and θ(K) is lower than dmin. The first round values
are Kmax = 50 and dmin = 0.1, then the results are ranked by the value of the
log-likelihood function. In the second round, only parameters in the top 20 are
kept and we run optimization again with Kmax = 100 and dmin = 0.01. Next
the same procedure is repeated by choosing top 5 parameters and Kmax = 200
and dmin = 0.001. Finally the best parameters with the highest log-likelihoods
are chosen and the final run of the optimization algorithm with Kmax = 300
is run to obtain the final initial parameter vector θ, which is used for the
estimation.

At this point using equations 3.18 - 3.20 and the estimate G we can get



3. Methodology and Data 32

estimate of each analysts underlying GM distribution of alphas. To get to the
final decision, we calculate the mean of this distribution.

Lastly, we need to address the number of components in the GM distribution
characterized by θ. We can expect that with the growing number of skill groups,
we are better able to describe our data. This can, however, very easily lead
to the problem of over-fitting, and thus, for the regularization purposes, the
number of groups in the past literature has been on a smaller conservative side
(2-3).

For our purposes, for each L ∈ (1, 2, 3, 4), we will randomly generate 100
initial values and run the series of optimization procedures described in the
NRA methodology on the whole dataset. Finally, we will choose the L that
has the highest log-likelihood value. Unfortunately, due to the computational
restrictions, we need to assume that the number of skill groups stays the same
through time.

3.4 Portfolios

3.4.1 Portfolios Construction

In this part, it is in our interest to find out if we are able to utilize MHT
treatments to choose portfolios, which have significantly better abnormal re-
turns than portfolios that ignore the MHT problem. We will essentially treat
every analyst as an individual mutual fund, although as we mentioned earlier,
there are differences like periods with no published analysis or impossibility for
the analyst to go bankrupt, we still think that when we can choose between
hundreds of them at the same time, we can on average approximate this setting.

We will construct portfolios using previously used MHT treatment methods,
as well as No-Control method. The holding periods of each position will be
equal to the rebalancing periods of portfolios. Additionally, our benchmark
portfolio will be the aggregate portfolio, constructed by following every analyst,
with the restriction that he had to publish at least 3 analyses. This rule should
also more likely favour skill in analysts. Because of the strict rules of staying
in the group, the analyst is more likely to be sophisticated compared to the
amateur who writes only temporarily and then leaves the group or stays only
to take member benefits.

Another important point is that although the aim of the group, as the name
suggests, is targeted at “value”, which often means longer holding periods.
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Previous research (Crawford et al. (2017)) suggests that there is some herding
effect caused by simply revealing the unknown company to a large number of
investors, which can often result in the largest price changes in a very short
term period after publication. As the ideas are shown to the general public
only 30 days after initial publication, there can also be some secondary effect
when the public starts to invest in these ideas. Altogether we may expect that
the greatest observed returns will be in the 1 and 3 month holding periods
when this herding effect can occurs=.

However, keeping both the short term herding effect and the longer term
”value” effect in mind, we will look at performance in the short term (1 month)
up to the longer term (24 months), same as in the Overall population descrip-
tion.

We would expect that the more complex methods should differentiate be-
tween skill and luck better than the simple ones, and the overall abnormal
returns of portfolios constructed by them should therefore be better.

The portfolios will be constructed using the same six methods used in the
estimation of overall population composition, we will also use the same test val-
ues and equal-weighted rebalancing strategy. We will not consider transaction
costs.

At the start of each rebalancing period, we will include in our sample only
analysts with at least 3 analyses, and at least 12 monthly observations and we
will test all of them to see who meets the requirements according to the used
methods. One additional requirement, as discussed earlier, is the minimum
value of estimated alpha. We will require the estimated annual alpha value
to be at least 1.2% (corresponding to the 0.1% monthly alpha) in order to be
economically justified to invest in this analyst. We can also argue that this
threshold at least partially accounts for us not considering transaction costs.
If an analyst passes this threshold, he will be included in the set of possible
analysts whom we will include in the portfolio in the future. When we observe
new analyses, we will follow them if their authors are from the selected sample
of positive significant alpha analysts.

We start with 3 year warmup period for the years 2000-2003, which is used
as a training sample for each method. Afterwards, we use 1,3,6,12,24 months
as our rebalancing/holding periods.

However, the estimation for the NRA method cannot be as rigorous as in
the estimation for the overall population composition as it is computationally
infeasible to go through potentially 180 full optimization iterations just for



3. Methodology and Data 34

one rebalancing period. Thus we will only perform the initial deep parameter
search, with 100 randomly generated initial Gaussian Mixture parameters (as
detailed in the NRA section) for the first period. For future periods we will use
the final estimated parameters θ from the previous period optimization step as
our initial parameters in the current period.

We argue that this procedure is reasonable. The underlying distribution of
alphas is time-varying, but we assume that it changes smoothly, not rapidly
and thus, this method is justified. Note that we still assume that the inherent
alpha of each analyst is constant, but the overall composition of the population
changes as the new ideas come or if new/old analysts enter/leave the group.

As we do not change the number of components through time, we have also
chosen 3 component GM distribution for each period. We argue that this is a
good compromise between the ability to describe data and complexity as we do
not want to overfit the data. Three components also experimentally had the
highest log-likelihood values for the majority of holding periods in the 3 year
warmup period.

Notice that all the analysts for our portfolios are chosen in-sample (IS), and
there is no out-of-sample (OOS) period in which we test them. As mentioned
by Harvey & Liu (2013), this is not necessarily an issue. OOS tests are rarely
truly OOS, as the strategies constructed based on IS data are often tested
multiple times on the OOS data to get to a profitable strategy. This procedure
eliminates the advantages of OOS testing as it basically makes OOS data into
the IS data.

Furthermore, decreasing the size of testing data by splitting them into IS
and OOS parts translates into a higher probability of not finding true discover-
ies (an increase of Type II error), as the amount of information in our IS data
is smaller than the whole sample. As we already impose restrictions on the
tested data, we think that further waiting for the IS results to be validated by
the OOS data may further dramatically reduce the universe of our analysts.

3.4.2 Portfolios Evaluation

In order to review the portfolio’s performance, we mainly look at two metrics.
Firstly, we look at the significance of the alpha estimated from the FF4

model. This is, however, not sufficient on its own, as our goal is to compare
the performance to the portfolio of every analyst. Therefore we also perform
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Welch’s one-tailed t-test, which pairwise tests the hypothesis

H0 : αU > αi (3.28)

where U stands for the aggregate portfolio (hereafter referred as Universe port-
folio). Welch’s t-test (Welch (1947)) tests the equality of means of two popu-
lations with unequal variances. T-statistic

t = αi − αU√︃
σ̂2

αi

Ni
+ σ̂2

αU

NU

(3.29)

follows the t-distribution with the degrees of freedom approximated by

DF ≈

(︂
σ̂2

αi

Ni
+ σ̂2

αU

NU

)︂2

σ̂4
αi

N2
i (Ni−1) + σ̂4

αU

N2
U (NU −1)

(3.30)

where Ni is the number of observations of analyst i and σî is the estimated
standard deviation of αi. We consider portfolio i to be better if the αU and αi

are significant on their own, and at the same time, we also reject the H0.
To continue addressing the issue of MHT, now at the level of final portfolios,

we will utilize Šidák correction. As mentioned earlier, for a small number
of tests, the Šidák or Bonferonni corrections are not overly harsh and still
powerful.

In the investment fund setting, it is usual to measure portfolio performance
by additional metrics. In order to compare our portfolios to the general market
represented by the MSCI World index, we will also include them. These met-
rics are provided for informational purposes as our primary goal was to find
abnormal returns represented by the alpha from the FF4 model. To measure
the risk-adjusted performance of the portfolios the usual metric is the Sharpe
Ratio, which is defined as

SRp = E[rp − rf ]
σp

, where rp and σp are portfolio’s returns and standard deviation and rf is
risk-free rate. Our setting, however, considers portfolio constructed from the 4
factors to be the benchmark, not the risk-free rate. Because of these differences,
higher Sharpe ratio does not necessarily translate into higher abnormal returns
from the FF4 model.
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We will also provide the beta coefficient from the Capital Asset Pricing
Model (Sharpe (1964)), which measures pure exposure of the portfolio to the
general market without additional factors as in FF4 model. Lastly, we will
report on maximum drawdown, which is a measure of maximum loss from the
peak of portfolio value to its trough value.

3.5 Simulation
In order to justify using previously mentioned more complex methods (Barras’
FDR and NRA), we will use simulation to try to isolate these methods from
the specificities of our observed sample. We follow the simulation method of
Harvey & Liu (2018) in the following way.

First, from our data, we choose only funds that have at least 12 observations.
The holding period of each position is 3 months, which is arbitrary as it does
not play a role in the actual comparison of methods. However, it ensures that
every analyst has at least 4 analyses. The resulting universe has 681 analysts.

Next, we estimate the value of alpha, 4 factor loadings and residual returns
for each analyst independently by OLS. To describe the population, we will
use the Gaussian mixture described by the parameter vector θ∗. To simplify
the calculation, we will fix the number of components at 3 , the choice of the
number of components again does not influence the simulation results, but it
is necessary for the Barras FDR method, which has a predefined number of 3
skill groups.

Now we will generate S = 100 simulated panels of returns by generating
alphas by sampling the GM distribution defined by θ∗. Then we will use
the factor loadings from OLS estimated on the real data. Finally, we will
generate simulated residual returns by sampling N (0, σ2

i,ϵ), where the σi,ϵ is the
standard deviation of the residual return for analyst i obtained from the real
data. For the final simulated returns, we will sum all these variables together
as in Equation 3.1. The returns are generated for the same periods as are in
the original dataset.

We will additionally perform another simulation where we winsorize the
real returns at ±20% before generating simulated data.

We will compare 3 methods of estimation. The simple OLS method, where
we obtain alpha estimates for each analyst, afterwards we estimate the GM
distribution to obtain the ˆ︁θOLS. This estimation is done by a EM algorithm
similar to the one used in the NRA method in equations 3.24 - 3.27. We do
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not use alphas generated from estimated GM distribution but actual estimates
of alphas from OLS. The NRA method will be used as described before.

Finally, we will use the Barras FDR method; the problem is that this
method operates with strict distinction of zero, negative and positive alpha
groups. Therefore we need to make some modifications in order to be able to
compare it to other methods. (Harvey & Liu (2018)) suggest using θ∗ as the
estimate from the NRA method, which is not suitable for the Barras method.
To level the playing field, we propose using the randomly chosen parameter
vector θ∗ (chosen in the same way as an initial θ∗ in the NRA estimation) cen-
tered around 0%, this should provide a more realistic estimate as we preserve
the standard deviations and proportions of GM components, but at the same
time we are able to compare all methods. The centering process always yields
groups with zero, negative and positive alpha means.

An example of this centering, is that if we estimate the means of com-
ponents as [2%, 5%, 9%] we simply subtract the median value to get means
[−3%, 0%, 4%]. With this modification, we can now use Barras FDR method
as discussed in the methodology section. In order to obtain estimates of scale
and location, we will simply use sample mean and sample standard deviation,
which are again only approximation in Barras FDR method as the method itself
does not provide scale and location of inherent alphas only of their estimates.

It can be argued that the design of the simulation inherently prefers the
NRA approach because we use the assumption of the alphas in the population
following the Gaussian mixture distribution. We, however, think that given the
fact that simulations can never truly describe reality, this approach is a good
trade-off between being realistic and yet being simple enough.



Chapter 4

Results

In this section, we will first present the results of the overall population de-
scription, starting with the simulation results. At the end, we will present the
results from portfolio construction.

4.1 Overall population

4.1.1 Simulation results

To generate simulation data, we have chosen θ∗ as a shifted randomly generated
vector, shown in the Table 4.1.

Our sample data are highly different from the usual mutual funds’ data.
Because the number of positions “held” by each analyst at any given time is
low (by rules of the group, only 1-12 positions are allowed, depending on the
holding period), the monthly returns are highly volatile. This translates into
high residual variance obtained from the OLS. In our data, for the holding
period of 3 months, the mean monthly standard deviation of residuals across
all analysts is σϵ̄ = 10.4% for original data and for the winsorized returns at
±20% it is 7.8% Note that θ∗ is annualized, average analyst who comes from
the group l = 3, has monthly alpha α = 0.26%. Therefore there is a very low
signal to noise ratio, which makes the estimation of the alpha distribution more
difficult.

Table 4.2 presents the results of the θ estimation done from the simulated
data. Bias is calculated as an average difference between estimated and true

value
∑︁S

i
θ̂i−θ∗

S
. Root mean square error (RMSE) is calculated as

√︃∑︁S

i
(θ̂i−θ∗)2

S
,
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l πl µl σl

1 0.403 -2.349% 0.593%
2 0.248 0% 0.824%
3 0.349 3.128 % 1.049 %

Table 4.1: Parameter vector θ∗ represents the Gaussian Mixture dis-
tribution of alphas in simulated data, µl and σl are annu-
alized

and we also provide 10th and 90th percentile of estimated values. Estimation
is done on monthly data, and the final distribution estimate is annualized.

First, looking at the OLS results, we can observe very large deviations
from the true values as can be seen in the estimated value in 10th percentile
of −377.5% annual α for the first component and estimated value in 90th
percentile of 379.3% for the third component.

These large values can often appear if there is an outlier analyst with very
low or very high estimated alpha; in that case, GM estimate based on only esti-
mated alphas can give this analyst his own component, with very small weight
π and very small standard deviation σ. Of course, if it’s the true value of al-
pha, this effect is intended. However, because GM estimation does not take the
significance of the alpha into consideration and alpha values are independent
and do not consider the cross-section of other analysts, we can see why this
large bias occurs. NRA method also directly estimates parameters of the GM
distribution, but because of its design, it should be resistant to these outliers
and should push their estimated alpha towards the mean of the cross-section.

For the Barras FDR method, we can observe that with low values of targeted
FDR, the method gives very large weight to the zero-alpha group π2, on average
91.9% compared with a true value of 24.8%. These results align with Harvey
& Liu (2018) and Chen et al. (2017), who find that Barras et al. (2010) FDR
method can sometimes be overly conservative and overestimate the proportion
of zero alpha group in the population, at least for low values of targeted FDR.
As we allow for more false positives into non-zero alpha groups, we can see
that the weights of components come very close to the true values. For the
targeted FDR of 70% and 90% we see that these estimates are closest. The
average estimated values for the means and standard deviations are also closest
to the true values for these two FDR targets. Barras FDR is also the best in
the estimation of standard deviations of non-zero alpha groups.

Even though the NRA method is the best comparatively speaking, it is
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still not very precise at the estimating of means and variances of the compo-
nents, particularly those of non-zero components. The average estimate for the
negative-mean component is approximately 8x lower than the true value and
approximately 4x for the positive-mean component. As discussed earlier, this
is most likely caused by the low signal to noise ratio caused by the large volatil-
ity of monthly returns and thus resulting in a large variance of the residuals.
Although difficult to estimate, exploration of this environment of skill being
represented by the small value of alpha together with large “luck” represented
by the large volatility of returns, is in our opinion, critical as it mimics real-life
situations in the stock trading world.

NRA method has overall the most number of closest estimates to the true
value, and even if in cases where it is not the closest, it is always in the top
3 results together with FDR 70% and 90% with the exception of standard
deviation estimation, where it consistently under-performs in non-zero alpha
groups.

Overall even the best methods underestimate the means of the negative
alpha group and overestimate the means of the positive alpha group by a large
amount. However, as can be seen, the true means were relatively modest, and
estimation methods preserved the sign of the means, the estimates of groups
relative proportions were also close.

These results imply that for the purposes of finding out the relative propor-
tion of positive/negative/zero alpha groups in the population these methods
can be used even in the sample, which shows large returns volatility as is our
case. On the other hand, in this case, location and scale parameter estimates
will likely be biased.

In the Appendix A Table A.1 we also provide the simulation results of the
simulation done by winsorizing the monthly returns at ±20%, thus simulating
less volatile returns. Even though they simulate an environment with much less
volatility, the results are very similar to the original simulation, with estimates
of means and standard deviations still highly biased.
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Table 4.2: Results of the distribution estimation of the simulated
data. Used methods are fitting GM distribution from OLS
alphas, Barras’ FDR with 5 different target values and
Noise-reduced alpha. Smallest values of bias and RMSE
are in bold.

OLS B 10% B 30% B 50% B 70% B 90% NRA

π1 Bias -0.195 -0.360 -0.321 -0.244 -0.020 0.056 −0.013
0.403 RMSE 0.318 0.360 0.321 0.257 0.107 0.064 0.116

p(10) 0.002 0.028 0.066 0.091 0.213 0.420 0.237
p(90) 0.638 0.058 0.103 0.250 0.487 0.489 0.548

µ1 Bias -105.801 -29.266 -35.231 -36.666 -27.927 -24.016 −15.566
-2.349% RMSE 202.525 29.891 35.598 36.955 28.346 24.070 26.725

p(10) -377.464 -39.940 -44.604 -45.626 -38.216 -28.080 -43.053
p(90) -1.888 -24.675 -31.468 -33.821 -24.937 -24.368 -6.525

σ1 Bias 25.026 8.916 10.742 10.557 8.549 7.972 12.585
0.593% RMSE 36.107 10.145 13.420 12.616 9.390 8.442 32.442

p(10) 0.346 5.266 6.549 6.582 6.053 5.897 2.198
p(90) 45.626 11.524 13.806 16.419 10.920 9.969 13.766

π2 Bias 0.288 0.670 0.597 0.480 0.073 -0.132 −0.007
0.248 RMSE 0.391 0.671 0.598 0.491 0.201 0.137 0.082

p(10) 0.183 0.897 0.828 0.626 0.086 0.082 0.150
p(90) 0.847 0.939 0.861 0.817 0.583 0.162 0.357

µ2 Bias -1.150 -0.976 -0.550 1.123 2.700 0.254 0.004
0% RMSE 3.015 1.608 1.396 3.210 5.310 1.244 0.149

p(10) -4.736 -2.786 -2.327 -2.312 -2.709 -0.885 -0.216
p(90) 1.262 0.864 0.928 4.428 8.610 1.442 0.169

σ2 Bias 12.816 10.069 9.301 7.724 3.676 0.851 0.801
0.824% RMSE 22.438 10.208 9.452 7.929 4.527 1.147 0.801

p(10) 5.420 8.869 8.051 5.723 0.992 0.783 0.183
p(90) 15.861 11.534 10.761 9.177 5.799 1.602 0.211

π3 Bias -0.093 -0.310 -0.277 -0.236 -0.052 0.075 0.020
0.349 RMSE 0.303 0.310 0.277 0.240 0.130 0.083 0.117

p(10) 0.002 0.025 0.058 0.071 0.144 0.380 0.223
p(90) 0.728 0.055 0.090 0.170 0.451 0.459 0.520

µ3 Bias 106.410 26.828 31.525 34.898 29.108 22.877 10.678
3.128% RMSE 213.051 27.643 31.933 35.222 29.669 22.974 18.766

p(10) -0.718 23.296 27.266 32.648 25.616 23.717 5.927
p(90) 379.266 38.252 41.086 44.493 40.793 28.145 21.360

σ3 Bias 19.864 8.866 9.360 10.492 9.104 7.980 10.112
1.049% RMSE 28.654 11.464 10.883 13.310 10.356 8.550 26.773

p(10) 0.346 4.662 5.812 6.334 5.942 5.831 2.107
p(90) 36.671 12.223 13.347 16.453 12.607 10.524 8.852
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4.1.2 Number of components in NRA

In Table 4.3, we present the log-likelihood values of estimated θ∗ for every
holding period and 1-4 number of components in the GM distribution. These
results are from the estimation done on the whole dataset. As we can see 3
component GM has the highest log-likelihood values for periods of 1,3 and 6
months. For the period of 24 months, 4 component has slightly higher values.
For the 12 month period, the 2 component has the highest value. We can
observe that for most of the periods, the values "peak", meaning that there is
a clear decrease in log-likelihood value further we are from the highest value,
for 12 month period we can see that L=4 has a higher value than L=3. This
occurrence can most likely be explained as the specificity of randomly chosen
initial values.

Table 4.3: Log-likelihood values in the estimation of number of GM
components for NRA method, L represents the number of
components

L \Period 1 3 6 12 24
1 4556.04 16103.95 30694.56 53017.05 77025.87
2 4559.30 16104.82 30696.94 53017.92 77028.29
3 4559.37 16104.85 30697.03 53007.30 77029.54
4 4559.32 16104.81 30696.94 53012.30 77029.78

4.1.3 Estimation results

Table 4.5 presents the overall population results for the holding period of 12
months. We report estimated group weights π0, π+ and π− together with
average realized annual alphas and their standard deviations in the groups.
Results of the other periods are in the Appendix A in Tables A.2 - A.5

Importantly, as we may have observed in the methodology section, is that
all the methods except for the NRA do not modify estimated alphas in any
way. They only report the realized alphas obtained from the OLS; differences
in these methods stem from what alphas are considered as significant or not
significant. NRA method modifies the realized alphas in order to estimate the
true inherent alphas of each analyst. We report these estimates of true alphas
for the NRA method, which, as we can observe are substantially lower than
the realized alphas from the OLS.
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Unsurprisingly, we see that Šidák and Šidák-Holm methods estimate that
almost every analyst’s alpha is not significantly different from 0. This is a
widespread result for all periods where only a handful of analysts are estimated
to have a significant non-zero alpha for some test values. In the 12 months
holding period, 0.09% proportion corresponds to exactly 1 analyst. The largest
non-zero group estimation is for the period of 24 months, where for the p-value
threshold of 0.5, they estimate 5 analysts in the positive alpha group. These
results are expected as we test hundreds of analysts at once, which results in
FWER controlling methods restricting the required p-value for rejection too
much. Even for the large FWER threshold of 50% the amount of tests for the
holding period of 12 months squishes the required p-value to 0.06%.

For the No-control method for all periods, we observe that weights π+ and
π− are very close to each other for the given test value. More importantly,
the proportion of zero-alpha group π0 is always close to the expected rate of
rejection that is π0 ≈ 1 − γ for every test value γ. This is the proportion of
rejection we would expect to observe just by pure chance alone. This does not
mean that it is overall true, but it can be a sign that the true proportion of
true rejections is relatively small.

FDR controlling method by Benjamini & Hochberg (1995), while less re-
strictive than the FWER controlling methods, is often similar in results with
No-Control method for high test values. For example in 6 and 12 month pe-
riods, No-Control p50 produces similar results as Benj. FDR 90, but this also
occurs for other periods and test values. This observation only emphasizes the
fact that the Benj. FDR treatment, similarly to the FWER control methods,
penalizes the observed p-values and decreases the required value for rejection
of the null hypothesis. This relationship is data dependant, and the link is not
that straightforward as in FWER methods.

Barras FDR method behaves differently from the Benj. FDR method as
even for low levels of targeted FDR it generally provides lower estimates for
proportions π0 and conversely achieves much larger estimates of π+ and π−

when compared to all previous methods.
Finally, the NRA method offers estimates which are much different to all

other methods. Table 4.4 shows the estimated parameter vector θ∗, as de-
scribed in the method of estimation of NRA method, the resulting Gaussian
Mixture distribution of specific analyst comes from the combination of this
parameter vector and analyst specific returns. However, even this estimated
parameter vector alone is approximately close to the overall proportion results



4. Results 44

of the NRA method.
In the periods of 3 and 6 months, the estimated proportion of positive alpha

group π+ is 100%, which is a lot higher than the next largest estimate of 52.32%
(3M) and 48.21% (6M) from Barras FDR 90. As we know, that NRA method
does not put any ex-ante assumption on the underlying distribution. In these
cases, all estimated components of GM distributions have positive location
parameters, with small standard deviations, as we can observe in Table 4.4

The parameter vector for the 12 month holding period has only 2 compo-
nents, the largest of them, which dominates the other with 99.34% has its mean
of 1.19% just at the border to be considered as belonging into the zero-alpha
group (< 1.2%), resulting in the final estimates of π0 and π+ being very even
and close to 50%. Interestingly even though the first component has a negative
mean with a very low weight of 0.66%, its standard deviation estimate of 24.76
% causes the overall estimate of negative alpha group π− to be 2.32% with
-10.49% average alpha.

For the parameter vector in the period of 24 months, we can see that over
half of the weight of whole distribution is put on component 1 with -0.93%
yearly alpha, this low value does not qualify by our metric as a negative alpha
and thus, this component ends up considered as in the zero-alpha group. This
translates into our results in Table A.5 where π0 is estimated to be over 70%.
All results reported for the NRA are very different from every other method,
and there is no clear conclusion we can make out of these results. In a way, these
results align with the results of Harvey & Liu (2018) who report that for their
mutual funds sample, the NRA method generally detects larger proportions of
non-zero alpha groups compared to previous literature.

Compared to the simulation results, where Barras FDR method at FDR
targets of 70% and 90% were very close to the estimates of NRA method,
here we can see large discrepancies. One of the possible explanations for this
behaviour is that the simulation data were based on 3 component Gaussian
Mixture distribution, which is of course, just a simplification of real-world
data. Additionally, we imposed our own structure on the parameter vector by
requiring exactly one negative, one zero and one positive mean of components.
There was also no requirement on the minimum alpha to be considered non-
zero, as the bias was calculated as a difference of parameter vectors.

Figure 4.1 shows the estimated π0 and π+ in different holding periods. For
clarity, we have selected only one test value for each method and only methods
that do not estimate π0 ≈ 100% for every period (all FWER controlling meth-
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Table 4.4: Overall estimated parameter vectors θ∗, l is the number
of the component in Gaussian Mixture, location and scale
parameters µ and σ are annualized, all values are in %

Period l πl µl σl

1 1 16.58 -16.48 0.38
2 6.06 19.17 0.76
3 77.36 20.09 0.51

3 1 54.53 4.10 0.60
2 8.54 5.53 0.69
3 36.92 8.84 0.99

6 1 77.02 2.96 0.41
2 22.92 4.03 0.52
3 0.06 4.20 0.53

12 1 0.66 -2.22 24.76
2 99.34 1.19 0.91

24 1 53.82 -0.93 0.21
2 15.57 0.36 0.53
3 29.58 4.14 0.79
4 1.03 17.60 0.39

ods). Although there is no clear trend, we can observe that with the exception
of No-control method, estimates of π0/π+ are prone to increase/decrease with
the rising holding period. This observation suggests that the overall abnormal
returns are highest in the short term after the publication, and they diminish
with time. Out of the two effects, which we referred to as herding and ”value”
in the Data Description Section this points to the more prominent role of the
herding effect.

4.2 Portfolios
As expected, the results of our construction process are highly dependent on
the chosen holding/rebalancing period, as this choice influences the number of
positions in our portfolio.

Table 4.6 provides the results for rebalancing period of 12 months, rest of
the results are in the Appendix A Tables A.6 - A.9. 1

Tables show estimated alpha, its standard deviation, the average number of
1We may notice that the total number of positions in 24 month holding period is smaller

than in the 12 month holding period; this is caused by the fact that we rebalance less often,
and we require a minimum of 3 analyses per analyst. Therefore there are times when the
analyst passes the requirements, but we ignore his analysis until the next rebalancing.
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Figure 4.1: Estimated proportions for different holding periods - se-
lected methods
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positions held in each year of our sample range and the total number of unique
positions held during the whole portfolio’s life. Note that because positions
held in one calendar year often cross into the next, the total number of unique
positions is not just a multiple of average number of positions held each year.

Estimation of the reported alphas of final portfolios is done with monthly
returns, and significance is ruled out from a simple single hypothesis test. Pro-
vided results are annualized, which implies that the simple rule of thumb of
t-value higher than 2, implying that we can reject the null at 5% significance
level, does not apply here. In the case of NRA method and rebalancing period
of 1 month, the warmup sample size was not large enough in the period of
2000-2003. Therefore for all the methods in this rebalancing period, the initial
training period was chosen to be 2000-2006.

As discussed before, we also use Welch’s t-test with Šidák correction for
multiple testing to assess if the portfolio’s alpha is significantly higher than the
alpha of the portfolio of every analyst (with at least 3 analysis). This portfolio
is named “Universe”. We have in total 26 final portfolios for each period, and
we test the significance at the target FWER rate of 5%. The required p-value
threshold for rejection is then 1 − (1 − 5%) 1

26 = 0.20%. For the portfolios with
names in a bold font, we rejected the null at this level.

The first important observation is that the overall trend is that the esti-
mated alphas decrease with the increasing rebalancing period, similarly to the
Overall results. Estimated alpha of the Universe portfolio decreases from the
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Table 4.5: Overall results 12M holding period N=1123, values are in
%

π0 π+ π− α+ σα+ α− σα−

No-Control p1 98.84 0.62 0.53 55.82 7.72 -66.55 16.43
p5 92.52 3.92 3.56 54.38 10.02 -61.54 20.15
p10 85.93 7.57 6.5 50.41 10.67 -55.89 17.13
p15 79.43 10.6 9.97 51.84 13.12 -50.08 14.6
p50 45.59 29.12 25.29 44.23 17.06 -39.82 11.94

Šidák 1 100 0.0 0.0 - - - -
5 100 0.0 0.0 - - - -
10 100 0.0 0.0 - - - -
15 99.91 0.09 0.0 73.83 - - -
50 99.91 0.09 0.0 73.83 - - -

Šidák-Holm 1 99.91 0.09 0.0 73.83 - - -
5 99.91 0.09 0.0 73.83 - - -
10 99.91 0.09 0.0 73.83 - - -
15 99.82 0.09 0.09 73.83 - -127.89 -
50 99.82 0.09 0.09 73.83 - -127.89 -

Benj. FDR 10 100.0 0.0 0.0 - - - -
30 99.82 0.09 0.09 73.83 - -127.89 -
50 99.82 0.09 0.09 73.83 - -127.89 -
70 86.02 7.48 6.5 50.54 10.73 -55.89 17.13
90 46.57 28.5 24.93 44.83 17.19 -40.05 12.0

Barras FDR 10 73.73 13.27 13.0 45.31 13.4 -48.02 14.66
30 58.5 23.33 18.17 45.98 18.05 -44.93 13.22
50 34.55 37.13 28.32 37.1 15.33 -37.81 11.61
70 8.01 49.07 42.92 30.47 14.09 -29.06 10.27
90 8.01 49.07 42.92 30.47 14.09 -29.06 10.27

NRA 45.5 52.18 2.32 2.19 1.73 -10.49 8.77

18.4% p.a. (at 1% significance) for period 1 to 3.3% (not significant) for period
24. Secondly, there is no method which would persistently beat the benchmark
of the Universe portfolio, and there does not seem to be any pattern.

Starting with No-control method, it has a significantly larger alpha than
the benchmark in 4 cases (2x for a rebalancing period of 1 month and 2x for
a rebalancing period of 24 months), for the p-value of 10% it has the third
highest estimated alpha of all portfolios across periods 25.73% p.a..

Šidák correction works by shrinking the required p-value which is in practice
much lower than the minimum test value of 1% in the No-control method for
all tested FWER values. This results in much smaller portfolios compared
to the No-control method - even though there are 16 non-empty portfolios,
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only 6 of them have enough observations for our estimation. Two of these
portfolios, Šidák 15 for 12 month holding period and Šidák 50 for 1 month
rebalancing period are significantly better than our benchmark portfolio. The
latter portfolio has the highest estimated alpha of 69.84% p.a. However it holds
only 4 positions for the total amount of 33 months in the whole period of 17
years and additionally its performance highly depends on 1 particular position,
if we remove it, the alpha decreases by more than half with p-value of 0.28.
However, the other portfolio, Šidák 50 for the 1 month rebalancing period is
larger and even though it has a 96% overlap with portfolio No-control p1, which
alpha is not significant, the vSidák 50 portfolio manages to offer significant
large alpha. This suggests that in this case, targeting the extreme tails of the
estimated alpha distribution leads into a good performance of portfolio. This
is most likely caused by the chance as we cannot observe similar behaviour in
other rebalancing periods.

The Šidák-Holm method produces portfolios with a very low number of
positions, and its alpha is never significantly different from 0.

Methods controlling FDR generally perform better. Out of 25 portfolios,
Benj. FDR method is significantly higher than the benchmark in 5 cases and
Barras FDR in 2 cases. Benj. FDR is generally more conservative than the
Barras FDR method at the same targeted FDR levels, having fewer positions.

As observed in overall results, the NRA method generally estimates that the
majority of our sample has positive abnormal returns. This results in the very
large overlap with the Universe portfolios. In case of period of 3 months, they
are identical. Of course, this behaviour does not mean that the method is bad;
if it is able to remove only a handful of analysts who possess strong evidence
against their skill, it should be able to beat the benchmark. With the exception
of a rebalancing period of 6 months, where its alpha is significantly higher than
the benchmark while at the same time removing about 1% of positions, this is,
however not the case.

In Table 4.7 we additionally provide some descriptive statistics of portfolios
which are better than the benchmark Universe portfolio. We can see that all
our portfolios have higher Sharpe ratios than the market. For shorter periods,
the CAPM beta β is low, indicating that portfolios have low market exposure.

In general, we can observe that volatility decreases with an increase in the
rebalancing period, but so do returns therefore, the Sharpe ratio stays in the
range of 0.74-1.1. There is an exception in this range with previously mentioned
Šidák 15 portfolio with 1.63 Sharpe ratio.



4. Results 49

A similar trend continues with the maximum drawdown. Despite higher
volatility, shorter holding periods have on average lower drawdowns than the
longest holding period of 24 months. It is important to remind us, that these
favourable metrics are inflated compared to the real world as we do not consider
transaction costs.

Tables A.10 - A.14 show the general overlap of positions of between each
pair of selected portfolios for every period. The table presents what proportion
of the positions of the portfolio in the row does the portfolio in the column
have.

If portfolios do not share large overlap and have abnormal positive returns,
investors can further explore portfolio construction schemes to weigh these port-
folios in the one larger portfolio in order to reach better results (for example,
by following Modern Portfolio theory).

It is expected that portfolios constructed from the same method have a
large overlap as the portfolio with a smaller test value is just a subset of the
portfolio with a larger test value. However, as FWER correction methods
together with Benj. FDR essentially just shrink the required threshold of the
p-value, we also expect those with larger thresholds to be a subset of the ones
with smaller thresholds, although the link between FWER and FDR test values
is not straightforward.

The results are generally in line with this expectation, with some small
deviations. For example, in Table A.10 for the holding period of 1 month the
portfolio No-control p10 is larger than Benj. FDR 30, but there is not a 100%
overlap at it holds only 98% of positions of Benj. FDR 30. In the holding
period of 24 months in Table A.14, there are other very small deviations from
this rule, where the smaller Benj. FDR 90 portfolio has some positions which
the larger Barras FDR 70 does not hold. However, as we can see Barras FDR
90 portfolio has positions of all smaller portfolios.
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Table 4.6: Portfolio results, min 3 analysis and 12 observations, for
holding horizon of 12 months

α̃ σα̃ ~N yearly pos. N pos.
No-control p1 5.64% 1.63% 9 90
No-control p5 3.46% 1.04% 32 315
No-control p10 0.44% 0.83% 55 524
No-control p15 2.12% 0.72% 81 778
No-control p50 4.92%** 0.59% 230 2189
Šidák 1 - - 0 0
Šidák 5 - - 0 0
Šidák 10 - - 0 0
Šidák 15 69.84%* 9.64% 0 4
Šidák 50 13.78% 3.16% 2 24
Šidák-Holm 1 14.84% 3.53% 2 19
Šidák-Holm 5 14.84% 3.53% 2 19
Šidák-Holm 10 14.84% 3.53% 2 19
Šidák-Holm 15 9.48% 3.12% 2 20
Šidák-Holm 50 8.93% 2.58% 4 35
Benj. FDR 10 - - 0 0
Benj. FDR 30 16.92%* 2.76% 4 34
Benj. FDR 50 7.00% 1.44% 9 84
Benj. FDR 70 2.04% 0.7% 107 1028
Benj. FDR 90 3.9% 0.59% 257 2453
Barras FDR 10 -0.55% 0.83% 43 415
Barras FDR 30 4.52%** 0.62% 143 1377
Barras FDR 50 4.97%*** 0.55% 280 2677
Barras FDR 70 4.7%** 0.54% 329 3135
Barras FDR 90 4.63%** 0.54% 328 3126
NRA 6.06%*** 0.61% 571 5442
Universe 6.16%*** 0.61% 610 5819
Note: * p < 0.1, ** p < 0.05, *** p < 0.01, portfolios in
bold reject the null at FWER 0.05
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Table 4.7: Descriptive metrics of the portfolios with significantly
higher alpha than the benchmark. Returns and Volatil-
ity are annualized only for the periods when the portfolio
is not empty. β is taken from the Capital Asset Pricing
Model. N represents the number of months in which there
are some positions in the portfolio

Period Method Return Volatility β SR Max. Drawdown N

1 No-control 5 24.4% 30.05% 0.34 0.84 -35.9% 105
No-control 10 25.38% 27.9% 0.21 0.92 -21.83% 119
Šidák 50 28.75% 43.97% 0.49 0.75 -28.99% 64
Benj. FDR 30 20.19% 29.24% 0.28 0.74 -36.04% 117
Universe 21.86% 21.85% 0.32 0.98 -32.68% 156

3 Benj. FDR 90 16.38% 15.35% 0.58 0.99 -45.55% 206
Universe 15.5% 14.39% 0.61 0.99 -34.71% 206

6 NRA 16.95% 14.13% 0.54 1.09 -34.62% 210
Universe 15.79% 13.21% 0.53 1.08 -34.62% 210

12 Šidák 15 133.63% 60.9% 1.94 1.63 -20.04% 33
Benj. FDR 30 25.99% 36.6% 0.76 0.76 -68.57% 126
Universe 12.97% 12.16% 0.59 0.97 -37.15% 216

24 No-control 5 14.25% 17.95% 0.77 0.77 -58.29% 216
No-control 50 11.27% 12.29% 0.63 0.83 -46.71% 216
Benj. FDR 50 15.26% 15.92% 0.77 0.90 -56.41% 216
Benj. FDR 90 11.77% 12.28% 0.64 0.87 -43.97% 216
Barras FDR 70 12.84% 13.68% 0.65 0.86 -42.47% 216
Barras FDR 90 12.72% 13.71% 0.65 0.86 -42.15% 216
Universe 10.16% 12.42% 0.62 0.75 -41.15% 216

Market 7.03% 15.12% 1 0.45 -55.37% 216



Chapter 5

Conclusion

In this study, we explore the group of analysts who publicly share their ideas.
Our contribution stems from the novel application of the new methods dealing
with the multiple hypothesis testing problem, which we apply to this group of
analysts. These new methods were in the past applied in the investment funds
or trading strategies setting, and thus, we extend the range of their possible
use, and at the same time, we compare them with methods classically used to
treat this problem.

For the overall population results, we conclude that even though there is
no method that is clearly superior to other methods, the general trend shows
that there exists a subgroup of analysts who achieve positive abnormal returns.
Furthermore, this group tends to shrink in size as we hold the recommended
positions for longer time periods, suggesting that the correction of mispricing
is quick or that there is some herding effect caused by the publication of the
idea to which people react by short-lived increased demand for the stock.

When we construct portfolios from individual analysts, we arrive at few con-
clusions. Except for the of 24 month rebalancing period, portfolios constructed
from the universe of all analysts ideas have positive significant abnormal returns
represented by alpha, which size is negatively correlated with the increases in
the rebalancing period.

Our goal was to find a procedure, that consistently performs better than the
portfolio constructed from our whole universe of ideas. However no procedure
turned out to be a consistent in were unable to find any such procedure. For
the non-trivial construction methods, there are methods that have significantly
higher alpha than the aggregate portfolio, however, there is no single method
that does it on a consistent basis.
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Looking at the big picture and comparing simple MHT methods repre-
sented by FWER (Šidák correction, Šidák-Holm step-down method) and FDR
(Benjamini & Hochberg (1995)) controlling methods, with more complex ones
represented by the modified FDR method (Barras et al. (2010)) and Noise Re-
duced Alpha method (Harvey & Liu (2018)), the evidence in our sample does
not seem to be in favour of the more complex methods. There are instances in
which they are able to produce abnormal alphas higher than the benchmark,
but again this occurrence is not consistent.

There are also multiple cases of portfolios constructed by the selection of
analysts by single significance tests at the commonly used p-value levels with no
MHT treatment at all, which have better performance than those constructed
by the more complex methods.

Future research further exploring this topic should focus on studying the
direct connection between all used methods and on more diverse methods of
portfolio construction, from the selection for analysts to the weighting schemes.
Additionally, for real-life portfolios applications, the inclusion of transaction
costs is crucial.
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Table A.1: Results of the distribution estimation of the simulated
data based on returns winsorized at ±20%. Used meth-
ods are fitting GM distribution from OLS alphas, Barras’
FDR with 5 different target values and Noise-reduced al-
pha. Smallest values of bias and RMSE are in bold.

OLS B 10% B 30% B 50% B 70% B 90% NRA

π1 Bias -0.243 -0.360 -0.321 -0.221 0.008 0.066 0.010
0.403 RMSE 0.289 0.360 0.321 0.240 0.088 0.071 0.101

p(10) 0.005 0.025 0.068 0.096 0.277 0.439 0.293
p(90) 0.383 0.065 0.098 0.327 0.493 0.493 0.554

µ1 Bias -32.181 -23.167 -26.695 -27.118 -19.752 -17.575 −12.527
-2.349% RMSE 50.364 23.604 26.854 27.283 19.967 17.598 19.749

p(10) -98.239 -31.295 -32.497 -32.942 -26.042 -20.946 -36.362
p(90) -3.003 -20.023 -25.406 -25.764 -19.367 -19.002 -5.686

σ1 Bias 7.647 5.812 5.919 5.268 4.480 4.438 9.837
0.593% RMSE 9.055 6.059 6.057 5.408 4.527 4.468 21.139

p(10) 1.417 4.215 4.629 4.164 3.982 4.007 1.808
p(90) 11.009 7.251 6.862 6.154 5.067 4.960 10.266

π2 Bias 0.404 0.672 0.598 0.454 0.044 -0.123 −0.003
0.248 RMSE 0.451 0.672 0.598 0.470 0.180 0.137 0.077

p(10) 0.364 0.897 0.826 0.533 0.086 0.083 0.144
p(90) 0.946 0.939 0.859 0.808 0.552 0.201 0.347

µ2 Bias -1.251 -0.960 -0.851 1.248 2.527 0.626 −0.036
0% RMSE 2.654 1.333 1.274 3.086 3.910 1.688 0.143

p(10) -3.759 -2.140 -2.090 -1.807 -0.524 -0.486 -0.207
p(90) 0.932 0.341 0.552 4.507 7.358 2.278 0.113

σ2 Bias 5.811 6.477 5.930 4.814 2.018 0.496 0.801
0.824% RMSE 6.361 6.490 5.942 4.914 2.522 1.035 0.801

p(10) 4.418 6.176 5.631 3.764 0.673 0.600 0.181
p(90) 7.869 6.932 6.310 5.529 3.621 1.242 0.207

π3 Bias -0.161 -0.312 -0.277 -0.233 -0.052 0.057 −0.007
0.349 RMSE 0.247 0.312 0.277 0.239 0.128 0.084 0.096

p(10) 0.017 0.022 0.059 0.075 0.123 0.333 0.215
p(90) 0.429 0.055 0.086 0.175 0.446 0.459 0.460

µ3 Bias 20.199 21.059 24.708 26.150 21.225 17.007 11.564
3.128% RMSE 35.088 21.452 24.901 26.303 21.610 17.152 25.635

p(10) -0.059 19.110 24.055 25.764 19.292 18.024 6.107
p(90) 59.514 29.423 31.538 32.484 30.141 22.041 18.753

σ3 Bias 8.749 5.734 5.899 5.419 4.521 4.273 13.949
1.049% RMSE 10.962 6.177 6.092 5.569 4.633 4.323 37.195

p(10) 3.137 4.134 4.812 4.581 3.954 3.847 2.054
p(90) 12.136 7.268 7.371 6.600 5.536 4.866 6.871
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Table A.2: Overall results 1M holding period N=215, values are in %

π0 π+ π− α+ σα+ α− σα−

No-control p1 96.28 3.26 0.47 73.33 7.38 -34.46 -
p5 89.3 10.23 0.47 68.46 10.38 -34.46 -
p10 80.47 15.35 4.19 62.36 9.21 -45.8 6.73
p15 73.95 21.86 4.19 56.77 8.72 -45.8 6.73
p50 38.6 45.58 15.81 45.35 8.44 -31.74 4.71

Šidák 1 100.0 0.0 0.0 - - - -
5 100.0 0.0 0.0 - - - -
10 100.0 0.0 0.0 - - - -
15 100.0 0.0 0.0 - - - -
50 100.0 0.0 0.0 - - - -

Šidák-Holm 1 99.53 0.0 0.47 - - -34.46 -
5 99.53 0.0 0.47 - - -34.46 -
10 99.53 0.0 0.47 - - -34.46 -
15 99.53 0.0 0.47 - - -34.46 -
50 99.53 0.0 0.47 - - -34.46 -

Benj. FDR 10 100.0 0.0 0.0 - - - -
30 93.02 6.51 0.47 65.32 6.25 -34.46 -
50 80.0 15.81 4.19 62.56 9.08 -45.8 6.73
70 57.21 33.49 9.3 52.22 8.74 -35.84 5.59
90 16.74 59.07 24.19 39.38 8.18 -25.74 4.57

Barras FDR 10 44.19 41.86 13.95 44.13 9.1 -24.83 3.79
30 16.74 66.05 17.21 35.74 8.31 -27.44 5.2
50 12.56 66.05 21.4 35.74 8.31 -26.96 4.83
70 5.12 66.05 28.84 35.74 8.31 -23.03 4.65
90 5.12 66.05 28.84 35.74 8.31 -23.03 4.65

NRA 1.4 89.77 8.84 16.68 1.24 -11.2 1.55
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Table A.3: Overall results 3M holding period N=604, values are in %

π0 π+ π− α+ σα+ α− σα−

No-control p1 98.68 1.32 0.0 70.07 5.79 - -
p5 93.05 5.96 0.99 60.93 10.63 -82.11 11.06
p10 86.26 10.43 3.31 57.06 9.66 -73.32 10.78
p15 79.14 16.23 4.64 52.71 8.53 -63.53 10.22
p50 42.38 37.09 20.53 43.57 9.91 -41.04 9.06

Šidák 1 100.0 0.0 0.0 - - - -
5 100.0 0.0 0.0 - - - -
10 100.0 0.0 0.0 - - - -
15 100.0 0.0 0.0 - - - -
50 100.0 0.0 0.0 - - - -

Šidák-Holm 1 99.83 0.17 0.0 84.61 - - -
5 99.83 0.17 0.0 84.61 - - -
10 99.83 0.17 0.0 84.61 - - -
15 99.83 0.17 0.0 84.61 - - -
50 99.83 0.17 0.0 84.61 - - -

Benj. FDR 10 100.0 0.0 0.0 - - - -
30 100.0 0.0 0.0 - - - -
50 98.68 1.32 0.0 70.07 5.79 - -
70 91.06 6.95 1.99 60.17 10.68 -75.15 8.88
90 34.27 40.89 24.83 41.28 9.69 -37.17 8.66

Barras FDR 10 82.62 11.59 5.79 50.54 14.54 -34.81 9.03
30 66.56 26.49 6.95 48.53 11.16 -38.86 9.33
50 51.32 41.06 7.62 40.77 9.78 -38.27 8.92
70 32.45 52.32 15.23 34.33 9.41 -44.19 10.3
90 19.7 52.32 27.98 34.33 9.41 -34.14 8.53

NRA 0.0 100.0 0.0 5.97 0.18 - -
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Table A.4: Overall results 6M holding period N=838, values are in %

π0 π+ π− α+ σα+ α− σα−

No-control p1 99.28 0.6 0.12 42.76 5.28 -50.81 -
p5 94.27 3.7 2.03 57.14 10.08 -65.32 8.02
p10 88.9 6.92 4.18 53.88 12.24 -66.74 13.68
p15 83.53 9.9 6.56 50.14 11.01 -59.73 11.76
p50 46.18 31.62 22.2 42.09 19.16 -40.19 9.33

Šidák 1 100.0 0.0 0.0 - - - -
5 100.0 0.0 0.0 - - - -
10 100.0 0.0 0.0 - - - -
15 100.0 0.0 0.0 - - - -
50 100.0 0.0 0.0 - - - -

Šidák-Holm 1 99.88 0.12 0.0 72.76 - - -
5 99.88 0.12 0.0 72.76 - - -
10 99.88 0.12 0.0 72.76 - - -
15 99.88 0.12 0.0 72.76 - - -
50 99.88 0.12 0.0 72.76 - - -

Benj. FDR 10 100.0 0.0 0.0 - - - -
30 100.0 0.0 0.0 - - - -
50 100.0 0.0 0.0 - - - -
70 100.0 0.0 0.0 - - - -
90 47.61 31.03 21.36 42.17 19.25 -40.9 9.44

Barras FDR 10 84.73 8.59 6.68 49.79 13.1 -44.2 12.67
30 78.76 13.01 8.23 48.8 13.1 -44.87 11.74
50 66.23 23.03 10.74 47.85 21.16 -46.99 11.68
70 35.32 46.78 17.9 32.91 16.31 -42.54 9.96
90 17.54 48.21 34.25 32.14 16.12 -30.58 8.55

NRA 0.0 100.0 0.0 3.2 0.04 - -
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Table A.5: Overall results 24M holding period N=1145, values are in
%

π0 π+ π− α+ σα+ α− σα−

No-control p1 98.25 0.96 0.79 50.33 7.89 -81.21 23.4
p5 93.1 3.76 3.14 38.07 5.86 -56.87 15.5
p10 85.41 8.21 6.38 37.85 6.82 -50.59 15.28
p15 81.22 10.22 8.56 37.65 7.61 -46.09 13.68
p50 45.33 29.08 25.59 39.71 34.4 -30.76 12.29

Šidák 1 100.0 0.0 0.0 - - - -
5 99.91 0.09 0.0 51.41 - - -
10 99.91 0.09 0.0 51.41 - - -
15 99.83 0.17 0.0 37.44 5.7 - -
50 99.48 0.44 0.09 40.68 4.72 -1.06 -

Šidák-Holm 1 99.91 0.09 0.0 51.41 - - -
5 99.83 0.17 0.0 37.44 5.7 - -
10 99.83 0.17 0.0 37.44 5.7 - -
15 99.74 0.26 0.0 32.36 4.77 - -
50 99.39 0.44 0.17 40.68 4.72 -21.88 8.5

Benj. FDR 10 99.48 0.44 0.09 40.68 4.72 -42.69 -
30 99.21 0.52 0.26 40.76 4.22 -52.25 6.19
50 98.25 0.96 0.79 50.33 7.89 -81.21 23.4
70 82.62 9.78 7.6 36.47 6.66 -46.85 14.27
90 34.06 35.02 30.92 35.63 31.58 -28.06 11.48

Barras FDR 10 98.34 1.05 0.61 45.28 12.98 -71.21 24.47
30 97.21 2.01 0.79 50.29 11.73 -70.58 21.23
50 88.56 9.78 1.66 62.04 54.64 -56.84 15.17
70 49.61 42.62 7.77 30.62 28.79 -45.2 12.95
90 39.13 46.81 14.06 28.4 27.55 -39.83 15.37

NRA 73.62 26.38 0.0 2.04 0.37 - -
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Table A.6: Portfolio results, min 3 analysis and 12 observations, for
holding horizon of 1 month

α̃ σα̃ ~N yearly pos. N pos.
No-control p1 15.28% 3.94% 5 81
No-control p5 22.86%** 3.04% 15 218
No-control p10 25.73%** 2.82% 21 310
No-control p15 14.72% 2.85% 26 388
No-control p50 18.66%** 2.23% 51 760
Šidák 1 - - 0 0
Šidák 5 - - 0 0
Šidák 10 - - 0 3
Šidák 15 - - 1 9
Šidák 50 36.37%* 6.12% 5 78
Šidák-Holm 1 1.16% 5.59% 1 20
Šidák-Holm 5 1.16% 5.59% 1 20
Šidák-Holm 10 -2.84% 4.76% 2 26
Šidák-Holm 15 -7.28% 4.50% 2 36
Šidák-Holm 50 23.96% 5.20% 7 98
Benj. FDR 10 26.35% 7.51% 3 48
Benj. FDR 30 21.04%* 3.12% 19 246
Benj. FDR 50 14.17%** 2.02% 33 428
Benj. FDR 70 19.32%** 2.23% 53 642
Benj. FDR 90 15.91%** 1.88% 85 930
Barras FDR 10 14.44%** 1.87% 41 615
Barras FDR 30 18.24%** 2.12% 64 954
Barras FDR 50 15.14%** 1.82% 65 978
Barras FDR 70 12.26%** 1.77% 67 999
Barras FDR 90 18.3%*** 1.8% 64 961
NRA 18.91%*** 1.92% 93 1401
Universe 18.4%*** 1.92% 101 1512
Note: * p < 0.1, ** p < 0.05, *** p < 0.01, portfolios in
bold reject the null at FWER 0.05
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Table A.7: Portfolio results, min 3 analysis and 12 observations, for
holding horizon of 3 months

α̃ σα̃ ~N yearly pos. N pos.
No-control p1 5.75% 3.37% 5 71
No-control p5 14.54% 2.22% 19 284
No-control p10 6.68% 2.03% 31 475
No-control p15 5.59% 2.01% 45 686
No-control p50 9.85%*** 1.07% 127 1944
Šidák 1 - - 0 0
Šidák 5 - - 0 1
Šidák 10 - - 0 1
Šidák 15 - - 0 3
Šidák 50 6.73% 9.12% 1 9
Šidák-Holm 1 -22.26% 7.22% 1 18
Šidák-Holm 5 -22.26% 7.22% 1 18
Šidák-Holm 10 -22.26% 7.22% 1 18
Šidák-Holm 15 -11.29% 6.65% 1 20
Šidák-Holm 50 -12.85% 5.70% 2 27
Benj. FDR 10 - - 0 1
Benj. FDR 30 26.59% 9.23% 1 10
Benj. FDR 50 -0.78% 3.25% 8 126
Benj. FDR 70 1.16% 2.11% 41 628
Benj. FDR 90 10.49%*** 0.94% 146 2240
Barras FDR 10 6.01% 1.89% 31 461
Barras FDR 30 5.08% 1.25% 87 1312
Barras FDR 50 6.77% 0.92% 161 2452
Barras FDR 70 7.03% 1.05% 179 2716
Barras FDR 90 6.54% 0.94% 179 2719
NRA 9.65%*** 0.82% 302 4608
Universe 9.65%*** 0.82% 302 4608
Note: * p < 0.1, ** p < 0.05, *** p < 0.01, portfolios in
bold reject the null at FWER 0.05
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Table A.8: Portfolio results, min 3 analysis and 12 observations, for
holding horizon of 6 month

α̃ σα̃ ~N yearly pos. N pos.
No-control p1 -1.82% 3.02% 4 49
No-control p5 7.58% 2.11% 20 265
No-control p10 10.02%* 1.33% 40 528
No-control p15 7.78%* 1.09% 59 780
No-control p50 6.62%** 0.69% 162 2082
Šidák 1 - - 0 1
Šidák 5 - - 0 1
Šidák 10 - - 0 1
Šidák 15 34.4% 13.66% 0 3
Šidák 50 12.19% 12.38% 0 4
Šidák-Holm 1 9.97% 3.94% 1 16
Šidák-Holm 5 9.97% 3.94% 1 16
Šidák-Holm 10 9.97% 3.94% 1 16
Šidák-Holm 15 8.38% 3.66% 1 18
Šidák-Holm 50 10.42% 3.44% 2 19
Benj. FDR 10 - - 0 1
Benj. FDR 30 9.73% 6.91% 1 6
Benj. FDR 50 26.81% 5.17% 1 16
Benj. FDR 70 8.89% 1.69% 15 199
Benj. FDR 90 7.16%** 0.72% 146 1878
Barras FDR 10 11.44% 2.55% 26 335
Barras FDR 30 6.95%** 0.91% 82 1052
Barras FDR 50 5.98%** 0.69% 172 2184
Barras FDR 70 7.76%*** 0.66% 251 3170
Barras FDR 90 7.96%*** 0.66% 253 3203
NRA 10.67%*** 0.78% 449 5670
Universe 9.64%*** 0.73% 452 5720
Note: * p < 0.1, ** p < 0.05, *** p < 0.01, portfolios in
bold reject the null at FWER 0.05
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Table A.9: Portfolio results, min 3 analysis and 12 observations, for
holding horizon of 24 months

α̃ σα̃ ~N yearly pos. N pos.
No-control p1 6.79% 1.41% 14 97
No-control p5 6.41%* 1.00% 54 358
No-control p10 3.0% 0.79% 90 598
No-control p15 2.1% 0.75% 119 789
No-control p50 3.92%** 0.57% 306 2018
Šidák 1 - - 0 0
Šidák 5 - - 0 0
Šidák 10 - - 0 0
Šidák 15 - - 0 0
Šidák 50 -12.38% 2.48% 2 17
Šidák-Holm 1 18.24% 3.36% 2 15
Šidák-Holm 5 18.24% 3.36% 2 15
Šidák-Holm 10 18.24% 3.36% 2 15
Šidák-Holm 15 7.19% 3.4% 3 17
Šidák-Holm 50 6.71% 3.87% 6 41
Benj. FDR 10 -5.64% 4.47% 5 32
Benj. FDR 30 4.78% 1.77% 11 75
Benj. FDR 50 6.53%** 0.76% 46 312
Benj. FDR 70 3.14% 0.71% 132 871
Benj. FDR 90 4.54%** 0.6% 356 2345
Barras FDR 10 2.64% 1.16% 20 131
Barras FDR 30 4.33% 0.88% 62 404
Barras FDR 50 2.51% 0.71% 151 992
Barras FDR 70 4.82%* 0.61% 375 2453
Barras FDR 90 4.68%* 0.57% 448 2950
NRA 3.1% 0.68% 607 3996
Universe 3.3% 0.61% 817 5391
Note: * p < 0.1, ** p < 0.05, *** p < 0.01, portfolios in
bold reject the null at FWER 0.05
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Table A.10: Overlap of the positions held in the selected portfolios,
holding period 1 months

No-control 5 No-control 10 Šidák 50 Benj. FDR 30
No-control 5 1.00 1.00 0.64 0.95
No-control 10 0.74 1.00 0.47 0.80
Šidák 50 1.00 1.00 1.00 1.00
Benj. FDR 30 0.89 0.98 0.55 1.00
Universe 0.17 0.23 0.12 0.19

Table A.11: Overlap of the positions held in the selected portfolios,
holding period 3 months

Benj. FDR 90
Benj. FDR 90 1.00
Universe 0.49

Table A.12: Overlap of the positions held in the selected portfolios,
holding period 6 months

NRA
NRA 1.00
Universe 0.99

Table A.13: Overlap of the positions held in the selected portfolios,
holding period 12 months

Šidák 15 Benj. FDR 30
Šidák 15 1.00 1.00
Benj. FDR 30 0.40 1.00
Universe 0.00 0.01

Table A.14: Overlap of the positions held in the selected portfolios,
holding period 24 months, column names are abbreviated
in order to fit the table

NC 5 NC 50 Benj. 50 Benj. 90 Barras 70 Barras 90

No-control 5 1.00 1.00 0.77 1.00 1.00 1.00
No-control 50 0.18 1.00 0.15 1.00 0.99 1.00
Benj. FDR 50 0.88 1.00 1.00 1.00 1.00 1.00
Benj. FDR 90 0.15 0.86 0.13 1.00 0.99 1.00
Barras FDR 70 0.13 0.75 0.12 0.87 1.00 1.00
Barras FDR 90 0.12 0.66 0.10 0.77 0.87 1.00
Universe 0.06 0.36 0.06 0.42 0.47 0.54
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