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RESUMO

Com a forte alta do numero de fundos de investimento no Brasil, hd uma necessidade
urgente de identificar aqueles que tém melhores habilidades de gestdo. Dessa forma, este estudo foi
desenvolvido com o objetivo de descobrir quais das métricas mais comuns presentes em fundos de
acoes brasileiros tém uma relacdo de causalidade com suas habilidades de gestdo, medidas pelo Alfa
de Jensen. Para tanto, selecionamos 14 métricas de fundos, a fim de verificar uma relagdo causal
existente entre cada uma e o Alpha. Por fim, indicamos seis métricas que sdo capazes de ser
utilizadas como proxy para a geragao alfa.
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ABSTRACT

With the steep rise in the number of shares of investment funds
in Brazil, there is an urgent need to identify those which have
better management skills. Thus, this study was developed aiming
to discover which common metrics present in Brazilian stock funds
have a causal relationship with their management skills, measured
by the Jensen’s Alpha. For that purpose, we selected 14 stock fund
metrics in order to verify an existing causal relationship between
each one and the Alpha. At last, we indicate six metrics which are
able to be used as proxy for the alpha generation.
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1 INTRODUCTION

After the 2015 Brazilian economical crisis, the Government and
the Central Bank of Brazil’s efforts to control the fiscal policy al-
lowed the interest rate to be reduced from 14.25% to 6.5% in 2018,
reaching the historical minimum level of 2%, in 2020, as shown in
Figure 1 [3]. Thereby, investments in fixed income, became less
attractive to common investors, who started to migrate to variable
income security markets, such as the stock market (Figure 2).
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Figure 1: Brazilian Interest Rate Evolution
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Figure 2: People Registered on Brazilian Stock Exchange
(B3)

Moreover, not only have the investors sought to invest directly in
public companies, but also through equity funds (stock funds), com-
panies responsible for managing financial assets of shareholders.
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Hence, this movement generated a strong demand for the service
and stimulated both the growth of existing funds and the creation
of new funds, as shown in Figures 3 and 4.
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Figure 3: Number of Stock Funds in Brazil
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Figure 4: Total Brazilian Stock Funds Net Worth

However, due to the increase in the number of stock funds, the
task to verify and select skilled funds, those which are capable of
performing returns above the expected when compared to their risk
levels, requires much more effort. In addition, the Jensen’s Alpha -
metric traditionally used to measure fund management skills, as
it will be discussed in Section 2.1 — is not only unusually revealed
from those companies, but also it is difficult to be calculated.

Therefore, in order to assist the common investors to make their
investment decisions, this study aims to identify which of some of
the most common stock fund metrics — those more often displayed
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or more acknowledged by common investors — can be used to
infer if a given fund generates alpha and, as a result, has good
management skills.

2 THEORETICAL BACKGROUND

In this section, we discuss the financial and mathematical back-
ground necessary to develop this study. In Section 2.1, we under-
stand the regression model we use to calculate Jensen’s Alpha. In
Section 2.2, we analyse the Autoregressive models used in the ensu-
ing section, in which we discuss the Granger Causality definition
and algorithm, used to verify if a given fund metric has a causal
relationship with Alpha.

2.1 Capital Asset Pricing Model (CAPM) and
Variations

In order to solve the problem of performance evaluation on finan-
cial portfolios, Sharpe [29], Lintner [22] and Treynor [33] defined
the portfolio risk premium - difference between the expected return
and a risk free rate (E(Rp,¢) — Ry.+) — as the product of its exposure
to the systematic risk and the market risk premium (E(Rm,:) —Rp,),
as the Equation 1 formalizes.

E(Rp,t) = Rt = PIE(Rm,t) = Ryl + € (1)
Where €; means the regression error.

Nonetheless, Jensen [17] discovered empirically a linear coeffi-
cient, called Jensen’s a, or simply « (Equation 2), which introduces
an inefficiency to the Efficient Market Hypothesis, discussed by
Fama [11], which states the reward-to-risk relation. Having a non-
null @ means that a portfolio may have lower risks and higher
expected returns, this non-explicable behavior is the reason why it
is also referred as abnormal return.

E(Rpt) = Rpp = a+ BE(Rm,) — Rl +€ @)

Furthermore, [17] also stated that skilled asset managers tend

to have a positive a coefficient. Therefore, the investment industry
began to use it as a skill metric.

From those definitions, [12] included two extra risk premia (size
and value) to the model (Equation 3) and [23] added two more
(liquidity and moment risk premia), in a five-factor model (Equation
4). After these modifications, each factor explains a fraction of the
portfolio return. The alpha, however, remains as the abnormal
portion, not explained by any factors, as noted by Frazzini [13]
when calculating the Birkshire Hathaway alpha.

E(Re,t) =Rt = a+BlE(Rm,e) — Ry ;] +y(SMB) ¢ +6(HML) +e; (3)

E(Rct) = Rpy = a+ BIE(Rm:) — Ry, ] +y(SMB): + 6(HML),
+ (/J(MOM)t + V(LIQ)[L + €

4)
Where « is the portfolio’s alpha; R¢ ¢ is the return on the portfolio
in period t; Ry, is the risk-free rate in period t; Rc,r — Ry, is the
excess return on the portfolio in t; Ry, s is the market return in t;
Rm,t — Ry, is the market risk premium in t; SMB; is the premium
for the size factor in t; HML; is the premium for the risk factor
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value in t; MOM; is the premium for the risk factor moment in
t; LIQ; is the premium for the liquidity risk factor in t; €; is the
regression error.

We used the Equation 4 to calculate Jensen’s Alpha in this study.

2.2 Autoregressive Models

In this subsection, we discuss the Autoregressive Integrated
Moving Average and Vector Autoregression models, which are
used to verify a causal relationship between two time series.

2.2.1 Autoregressive Integrated Moving Average (ARIMA)
Model. The ARIMA model is formed by the integration of two
parts: autoregressive (AR) and moving averages (MA). The AR
model, according to Tsay [34], corresponds to statistical models
which uses only past data to perform a forecast of future data. In
other words, considering a time series X, an AR model of X, uses
only the X,,_; data, with n being the last value of the series and
i > 0 to determine Xp+j, for j > 0), according to Equation 5.

p
Xn = ¢o + Z $iXn—i+en (5
i=1

Where ¢ and each ¢; are the autoregression coefficients of order
p and €, means the model error (white noise) with zero mean and
o2 variance.

The MA model, nonetheless, assumes that X, can be defined as
the linear combination of white noises, as described in Equation 6
[31].

Xn=€n+ Oien—i (6)

9
i=1
Where each 0; is a non-null parameter resulting from g order mod-
eling.

Thus, combining those definitions, we have the ARMA model
(Autoregressive Moving Average), as describes the Equation 7.

p q
Xn =do + Z $iXn—i - Z Oien—i (7)
o1 =1

According to this equation, X, is an ARMA model and it may
be stated as X, = a%Z"’ where Z;,, means a non-stationary time
series and X, the differential of first order of Z,. Generalizing to d
differentiations, we obtain:

9@
Xn = an_dZn (8)

Similarly, we may state Z, as the d — th integral of Xp,, as illus-
trated in Equation 9 . Therefore, Z, is defined as an ARIMA model
of order < p,d, q >.

d
Z, = / Xpdn® )

2.2.2  Vector Autorregression (VAR) Model. Tsay [34] consid-
ers a time series r; as VAR of order 1, VAR (1), if it can be expressed

by:

re = ¢o + Pri—1 +ay, (10)
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Where ¢y is a k-dimensional vector, ® is a k X k matrix and a; is
a sequence of uncorrelated vectors of zero mean and positive and
defined covariance matrix 3.

In this study, we apply, in Section 2.3, a bivariate VAR model,
since we use a pair <fund metric, Alpha> to understand Alpha’s
behavior. Thus, considering this case, if we attribute k = 2, ry =
(r1z,1r2¢) and a; = (ayy, aze), the VAR(1) model consists of:

rie = ¢10 + Priry -1 + Praro 1 +ais (11)

ror = ¢20 + o171, 01 + Poora -1 + az (12)

Where ®,;, corresponds to the n-th and the m-th term of the matrix
®, respectively, and ¢; is the i-th element of ¢y vector. Considering
this, we notice that the values @, indicate if a linear dependence
between the variables r;; and the past values r;j ;1 exists. If @15 = 0
and @21 # 0, then we state a unidirectional relationship from r; to
ro; if @12 = 0 and ®y; = 0, then the series are dissociated; if ®15 # 0
and @1 # 0, exists, therefore, a feedback relationship between
them.

Hence, it is possible to create a model generalization of order p,
VAR (p), defined by Equation 13.

p
re = ay +¢0+Z<Dirt—i~ (13)
i1

Implementing the backshift operator B, we are able to rewrite
Equation 13 as:

p
(1= @B = go+ar, (14)
i=0

Where I corresponds to the identity matrix k X k and B, to the i-th
backshift of r;, or r;—;. Considering ®(B) =1 — Zf:o ®; B, then the
Equation 14 can be reduced to:

<I>(B)rt = ¢)0 + ag, (15)

Thereby, we have enough means to estimate the ®; parameters of
the general model using the method of ordinary least squares (OLS).
Considering the n-th equation of VAR (n) model, the OLS estimate

for each parameter (¢§")) generates a residual value described as:

n
a;") =T — ¢(§n) Z ¢l(n) Vi—i, (16)
i=1
Which produces the ensuing covariance matrix:
! O
Sh= o a1 .n > 0. 17
n r-zn-lt;‘” la;"1.n (17)

Thus, the general VAR(p) model is calculated and qualified to
be used in Granger Causality Tests, as discussed in Section 2.3,
presented next.
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2.3 Granger Causality

The general definition of causality proposed by Granger [14]
states that a vector Y causes another vector X if Y contains infor-
mation about X that does not exist in a large set of information (A),
as described in Equation 18.

Prob(Xu+1 € AlQp) # Prob(Xn+1 € A|Qn — Yn) (18)
However, this definition is not operational, which means it is not
able to be used with real data sets. For that purpose, Granger [14]
performs a sequence of restrictions based on a restructuring of the
general definition. Given that, the author considered the existence
of a set of information J,, at time n of all data available about X;
and a third vector Z; such that Xy € Z; and Y; N Z; = 0.

Granger also defined a set J, consisting of Ji, plus the elements
of Y, ;. Finally, F(Xp+1]Jn) denotes the conditional probability
distribution function of X4 for a given J,,, which has an average
of E[Xn+1|Jn]. Considering that and starting from the equation 18,
the author stated the ensuing definitions:

Definition 1: Y, does not causes Xp4+1 with respect to J;, if:

F(Xn+1|]n) = F(Xn+1 U;;) (19)
Definition 2: Yy, causes Xp+1, if J;, = Qp and:

F(Xn+1|Qn) = F(Xn+1|Qn - Yn) (20)

Definition 3: Yy, is prima facie cause of X,+1 with respect to J,
if:

F(Xn+1|]n) * F(Xn+l Ur’l) (21)
Definition 4: Y, does not causes Xj+1 in mean with regard to a
T}, if 22 it is identically zero.

On+1 (];;) = E[Xn+1 Un] (22)
Definition 5: Yy, causes Xp+1 in mean, if 6,41 (Q5) # 0.

Definition 6: Yy, is prima facie cause of Xj+1 in mean with respect
to J;,, if 8p+1(J},) is not identically zero.

From these definitions, [14], [15] and [16] apply the following
algorithm to identify a causal relationship between two stationary
vectors Y; and X;.

(1) Re-sample Y; and X; and build ARIMA models to obtain u;
and vy vectors;

(2) Examine the cross correlations py, (k) in order to identify
evidence of any possible causal relations;

(3) For each possible causal relation, build a bivariate VAR model
with u; e v;. If a unidirectional cause is suggested, then use
the transfer function methods from [5]. If a bidirectional
cause is suggested, then use [16]’s method;

(4) Evaluate ARIMA and VAR models to suggest a new model
for the original data set.

(5) Evaluate and compare the prediction skills of ARIMA and
VAR models in terms of the mean square error (MSE). If the
VAR model is significantly better, then the null hypothesis
can be discarded and evidence of a causal relationship is
found.
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Finally, the operational definition of causality between time se-
ries states that a vector Y; causes another vector X; if it may be
used to predict values of X;.

3 METHODOLOGY

In this section, we explain the origin of our data set (Subsection
3.1) and how we applied the theoretical background to calculate
Jensen’s Alphas (Subsection 3.2) and the Granger Tests (Subsection
3.4) in order to achieve our objective.

3.1 Data Collection

We divided the data sample in two sets: risk factors and equity
funds data. The first one consists of market, size, value, momentum
and liquidity risk factors time series extracted from a database pro-
vided by the University of Sao Paulo [7]. The second set consists of
metrics of Brazilian stock funds which were at least 5 years of life-
time. Those are either extracted from Economatica’s database [10]
or calculated from those which are, and inspired in the method for
variable selection proposed by Mendonga, Campani and Leal [24].
The metrics are: portfolios’ returns, fundraising, withdraws, lig-
uid fundraising, tax refund, net worth, lifetime, investors quantity,
Sharpe-ratio, Treynor-ratio, Information-Ratio, standard deviation
and downside deviation, as detailed in section 3.3.

All time series are in monthly frequency, in the closed interval of
January 2742001 (or minimum available) to December 315¢, 2020
(or maximum available) and they were calculated in 12, 24, 36, 48
and 60-month rolling windows.

3.2 Jensen’s Alpha

After we formed the database with all necessary data, we cal-
culated Jensen’s Alpha based in the 5-factor model (Equation 4)
following Algorithm 1:

Algorithm 1: Jensen’s Alpha

input :Funds’ returns: DataFrame,
Risk factors: DataFrame,
Rolling Window: Integer

output:Funds’ alpha series: DataFrame

begin
foreach fundReturns in allFundsReturns do
data « innerJoin(fundReturns, riskFactors)
data « removeOutliers(data)
for (i = rollingWindow to data.nrows) do
rollingData « data[ (i — rollingWindow) : i]
L alphaData « linearRegression(rollingData)

We implemented the linear regression using the Ordinary Least
Squares (OLS) method from Seabold and Perktold’s library [28], we
also performed a 5-fold cross validation for each iteration using a
cross_validate function proposed by Pedregosa’s [26], in order to
reduce bias. Finally, we selected the model with highest accuracy.
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3.3 Fund Metrics

As we cited in Section 3.1, this study analyses 14 metrics, of which
we use 9 with minimal processing and 5 (Sharpe-ratio, Treynor-
ratio, Information-Ratio, standard deviation and downside devia-
tion) we generate from the data extracted. Additional details are
provided next:

e Sharpe-Ratio (SR) [30]: is one of the most popular portfolio
evaluation metrics, defined by the ratio between the portfolio
risk premium (R, — Ry) and its standard deviation (op), as
shown in Equation 23:

%

e Treynor-Ratio (TR) [32]: is a portfolio evaluation metric
defined by the ratio between the portfolio risk premium
(Rp — Ry) and its systematic risk (8 from Equation 4) , as
shown in Equation 24.

SR = (23)

B Rp — Ry
Pp

o Information-Ratio (IR) [2]: is another portfolio evaluation

metric, defined by the ratio between the active return (differ-

ence between the portfolio’s returns and the market’s returns

- Rp — Rp) and the tracking error (standard deviation of the

TR (24)

active return - opm).

R, -R
[R= L™ (25)
Upm

Standard deviation(o) [4]: is a basic statistics error measure,
which is often used as risk measurement into the financial
environment. It is calculated with the portfolio’s returns as
the equation 26 defines.

(26)

Where N means the number of elements in the sample; Rpi
means i-th portfolio return and R, means the average return.
Downside deviation [25]: is a portfolio risk measure similar
to the standard deviation, nonetheless, it only considers the
values below average in the algorithm 2.

Algorithm 2: Downside Deviation

input :data: List of numbers
output: Downside Deviation: Decimal
begin
average «— mean(data)
downside « 0
foreach element in data do
if element < average then
L L downside «— downside + (element — average)?

downside « sqrt(downside/data.length)
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Furthermore, we worked with the remaining metrics with min-
imal processing, for instance, re-sampling the data from daily to
monthly frequency and re-arranging data in rolling windows. These
metrics are:

o Lifetime: age in days of a fund;

e Returns: monthly portfolios’ returns;

o Fundraising: New capital invested per month in Brazilian
Real (BRL);

e Withdraws: Capital withdrew per month in BRL;

o Liquid Fundraising: difference between fundraising and with-
draws;

e Tax refund;

e Net worth: difference between assets and liabilities in BRL;

o Investors quantity: number of investors in a fund at the end
of a month.

3.4 Granger Causality Tests

For the application of the Granger causality tests, we used the
algorithm described in Section 2.3 in the pair alphas and metrics
time series of each fund. For that purpose, however, it is necessary
to implement a stationary test for each data, since Granger [14]
uses stationary time series in his method.

Hence, we applied the Augmented Dickey-Fuller (ADF) test [9],
which consists in a study about the Equation 27.

m
Ay; = 1 + Pat + Syr—1 + Z ailNy;—i + €; (27)
i=1
Where A means the first difference operator; f; means the intersec-
tion point or drift; f; means the trend coefficient; § means the unit
root presence coefficient; m means the number of lags; y; means
the series t-th value.

Thereby, we perform a null hypothesis test, given by § = 0,
where there is a unitary root and the series is not stationary. Thus,
when the result (p-value) is lower then 0.05, then the null hypothesis
may be safely discarded and we are able to apply the Granger test.
Otherwise, the ADF test is redone with the series i-th difference
(Algorithm 3), for 1 < i < 5. Since the difference operator does not
guarantee a stationary result, if, after the 5th iteration, y; persists
non-stationary, it will be discarded, as describes Algorithm 4.

Algorithm 3: First Difference

input :data: list
output:dataFirstDifference: list
begin

dataFirstDif ference[0] < None

for i =1 todata.length do
| dataFirstDif ference[i] « datali]/datali—1] -1

After we obtained the stationary time series, we started the
causality verification algorithm, discussed in Section 2.3 and imple-
mented by Seabold and Perktold’s library [28], which is executed
for 1 to the maximum number of lags allowed by the library, accord-
ing to each alpha-metric pair of series. For each lag, if the p-value
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Algorithm 4: Stationary Transform

input :data: array
output:stationaryData: array /* if passed in test =x/

None ; /* otherwise */

begin

counter < 0

isStationary < False

while counter < 5 and not isStationary do
isStationary <« (ADF(data) <= 0.05)
if not isStationary then

data «— firstDif ference(data)
counter < counter + 1

if isStationary then

| stationaryData « data
else

| stationaryData < None

resulting is lower than 0.05, then it is considered statistically signif-
icant and that lag is marked as true (strong evidence that the metric
causes alpha; otherwise as false (causality may not be confirmed).

Thus, we combined all funds results into frequency scores, which
are in a range of [0,1] and are separated per lag and per metric as
described in Algorithm 5.

Algorithm 5: Score Formation

input :grangerResults: dictionary ; /% dictionary of
dataframes containing results of each
fund =/

output:scores: DataFrame

begin
scores <— DataFrame() ; /* DF: metrics X lags */
fundsNum « fundResults.length
foreach fundResults in grangerResults do
foreach metric in fundResults.index do

foreach lag in fundResults.columns do
L S « fundResults[metric][lag]

scores[metric][lagl+ =S

| scores[metric][lag] /= fundsNum

Finally, in order to compare the results, we applied the Simpson’s
rule [8] to calculate the area below each graphic formed by the score
curves, as illustrated in Figure 8.

4 RESULTS

Succeeding the method’s execution, we generated the scores
illustrated in Figure 7 on Appendix A, which displays the fraction
of funds, for each metric, where the causal relation may be found.

Thereby, we noted that the chosen metrics effects are not instan-
taneous, which means the metrics, on average, tend to cause alpha
more frequently with some delay.

A second observation was that, when comparing peaks withing
the same rolling window, some metrics causes alpha a lot more
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frequently than others, with highest differences between peaks of
0.715 points (in the 12-month rolling window case).

We also stated a parabolic behavior in all curves, which means
there seem to be an optimal point to search causation in each curve
and in each window case. We may also infer that metrics not only
do not cause alpha instantaneously, but also they do not maintain
the causal relationship after a large number of lags.

The fourth observation is an inversely proportional relationship
between the window width and the highest scores, as well as the
number of lags to the peak occurrence, as illustrated in figures 5
and 6. In other words, as the window width increases, the peak not
only tends to happen in a lower delay, but also its score is inclined
to decrease. That occurs due to the fact that ancient data tend to
cause alpha in a lower frequency, as result of the parabolic behavior.

Thereby, to test a particular metric in 12-month window data, we
use up to 12-month-old elements plus the number of lags, since the
peak occurs in a lag of 22 months, this means we use up to 34-month-
old data. On the other hand, analysing the 60-month window case,
we already use 60 months (without any lags) to calculate the metric,
which means we consider elements which did not cause alpha in
the first measurement, disturbing the results in wider windows.

22

Number of Lags

12-month 24-month 36-month 48-month B0-month

Rolling Window

Figure 5: Average Peak Dislocation Between Windows

05

04

03

0z

Highest Average Score

01

00

12-month B0-month

24-manth 36-month 48-month
Rolling Window

Figure 6: Average Peak Variation Between Windows

After the curve analysis, we gathered each curve into a single
area-score, result of each curve area, so we could be able to compare
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all metrics in a window at once. Thus, we observed that all metrics
above average are portfolio evaluation measures, as illustrated in
Figure 8 on Appendix B, which means that the main item to analyse
in a fund is its historical performance.

5 CONCLUSION

Thus, we are able to state that the these six metrics: Returns,
Sharpe-ratio, Treynor-ratio, Information-Ratio, standard deviation
and downside deviation are the most indicated variables to be anal-
ysed in funds for inferring management skills and alpha, since they
present scores above average in all six windows cases.

Therefore, since these metrics are easier be be calculated by the
common investors and these are more displayed in funds websites,
we achieved our objective to identify variables capable of inferring
a fund’s Alpha.

A suggestion as sequel for this work is to make Engle-Granger
cointegration tests between Jensen’s Alpha these six variables to
measure the short term values linkages, as realized by [27], and
support (or reject) the current results.

After that, another portfolio evaluation metrics could be evalu-
ated, such as the mean-variance—skewness [18], Value at Risk [21],
Shortfall Risk [20] and even a portfolio comparison to blindfolded
monkeys [19].

The last step would be to define a new Machine Learning model
capable of predicting Alpha with an alternative form, beyond the
traditional CAPM.
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A CAUSALITY SCORES

On Figure 7, we display our curve scores in graphics plotted in Cartesian planes generated by the axis Number of Lags and Scores.
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Figure 7: Scores

B AREAS SCORES

On Figure 8, we display our area scores in bar graphics, in which each bar consists in the area below its corresponding metric graphic for
each window in Figure 7.
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