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Sharpe’s ratio is the most widely used index for establishing an order of priority for the portfolios to which the investor has access,
and the purpose of this investigation is to verify that Sharpe’s ratio allows decisions to be made in investment portfolios
considering different financial market conditions. The research is carried out by autoregressive model (AR) of the financial series
of returns using Sharpe’s ratio for evaluations looking over the priority of financial assets which the investor can access while
observing the effects that can cause autocorrelated series in evaluation measures for financial assets. The results presented in this
study confirm the hypothesis proposed in which Sharpe’s ratio allows decisions to be made in the selection of investment
portfolios under normal conditions thanks to the definition of a robustness function, whose empirical estimation shows an
average 73% explanation of the variance in the degradation of the Spearman coefficient for each of the performance measures;

however, given the presence of autocorrelation in the financial series of returns, this similarity is broken.

1. Introduction

The assessment of financial assets determines how an in-
vestment has behaved against some contrast parameter,
providing signals about whether a decision exceeds or falls
short of the investor’s expectations. This type of evaluation
improves financial activity by making an investment deci-
sion based on a set of alternatives, enabling the investor to
make an adequate selection regarding the combination of
risk and return. The investor, using information about the
yields of financial assets, can make decisions about the
composition of his or her portfolio.

According to Cesarone et al. [1], the risk parity model is
always the most stable in all the cases analysed with respect
to the composition of the portfolio. In addition, minimum
risk models are often more stable than maximum risk-gain

models, and the minimum variance model is usually the
preferred one. Bessler et al. [2] indicated that diversification
benefits use various asset allocation strategies, such as 1/N,
risk parity, minimum variance, and mean variance, ana-
lysing whether an industry- or country-based approach
provides superior performance, but depending on the
conditions of the financial markets, a strategy could be better
compared with another depending on the assets that make
up the portfolio.

According to Bailey et al. [3], a portfolio design based
on retrospective tests often fails to deliver real perfor-
mance. The research indicates that, given any desired
performance profile, a portfolio composed of common
securities is designed as constituent of the S&P 500 index,
which achieves the desired profiling based on sample
backtest data.
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Understanding that the existence of autocorrelation in
time series is common, it is necessary to comprehend the
effect of autocorrelation on work with financial time series.
The problem generated by the autocorrelation is to properly
estimate the performance parameters (returns) and the
estimates of the methods of evaluation of the performance of
portfolios, the latter mentioned in the financial literature as
mentioned by Lo and Eling [4, 5], among other authors.
However, the evaluation of financial asset performance in
the presence of autocorrelation is an area that has not been
heavily explored.

The first developments in the field of financial asset
assessment can be found in the seminal contribution of
Sharpe [6] who developed the metric that has since been
considered the main means for investors to evaluate the
returns of financial assets [7]. Sharpe’s ratio shows an inverse
relationship between the expected return and the risk level of
a given asset and is measured by the standard deviation of
the asset. Amenc et al. [8] mentioned that 80% of managers
use Sharpe’s ratio for the evaluation of their portfolios
[9, 10]. This measure of market returns and risk is widely
used by investors when they consider that the Sharpe
property responds to the generation of data from normally
distributed returns, and Sharpe’s ratio has been widely ac-
cepted because of the direct linkage that can be drawn from
modern portfolio theory, which was first proposed by
Markowitz [11].

For Bao [12], among others, risk estimation can play an
important role in the optimal choice of the portfolio; if the
sample distribution of Sharpe’s ratio can be derived, then a
risk-adjusted ratio could be designed. However, Sharpe’s
ratio does not have a manageable distribution under general
conditions. The use of alternative risk and return measures
also mitigates the problem that returns on assets are often
not normally distributed or correlated in series [13].

Even with the strong theoretical properties of Sharpe’s
ratio observed when measuring the goodness of a financial
asset, as presented by Van Dyk et al. [14], one can ask why
Sharpe’s ratio is more extensively used by investors than
other performance measures [15], such as those of Sortino
and Van Der Meer [16], Sortino et al. [17], Keating and
Shadwick [18], Dowd [19], Young [20], Kestner [21], and
Kaplan and Knowles [22], which in principle are able to
characterise the distributions of the returns that usually
appear in financial markets. The performance measures are
shown in Table 1.

Eling and Schuhmacher [23] performed an analysis of
Sharpe’s ratio in comparison with 12 other evaluation
measures, showing that Sharpe’s ratio exhibits high corre-
lations with these other metrics and implies that the decision
criteria of investors do not change if another evaluation
measure is used instead of Sharpe’s ratio.

For Bamms and Honarvar [24], an increase in the
standard deviation is needed for each of the following
factors: (a) when investors are more risk-averse, they
expect a higher return for providing liquidity; (b) when
assets are volatile, liquidity shocks create stronger

Complexity

TaBLE 1: Performance measures.

Ratio Calculation Reference

Sharpe (re—rg)lo Sharpe [6]

Omega (r, —7)/LPM, + 1 Keating and Shadwick [18]
Sortino (r, - 1)//[PM, Sortino and[:fg}n Der Meer
Kappa; (r, — 7)/~/[3]LPM; Kaplan and Knowles [22]
Upside HPM//LPM, Sortino et al. [17]
Calmar (r, —1)/-D Young [20]
Sterling (r, — )/ [(1/K) Zszl -D] Kestner [21]

Dowd (r —r¢)/VaR Dowd [19]

r r: risk-free interest rate; 7: target parameter; LPM,,: lower partial moment
of order n; HPM,: higher partial moment of order #; D: drawdown of fund.

commercial demands and therefore liquidity seekers pay a
higher premium; and (c) when assets are highly correlated,
the increased risk of overflow from liquidity shocks be-
tween assets raises the price of liquidity by raising the
expected daily yield of liquidity providers (annualised
Sharpe index) by 0.16%, 0.38%, and 0.40% (0.82, 1.27, and
2.10 units).

Similarly, Eling [25] indicated that the use of different
valuation measures by investors does not substantially
change the rankings assigned to financial assets. Hass et al.
[26] repeated the analysis of Eling and incorporate other
evaluation measures, showing different results that expand
upon the robustness of Sharpe’s ratio regarding the measure
financial assets and highlight a particular evaluation metric
that is superior to the others, the manipulation-proof per-
formance measure (MPPM), which exhibits sensitivity to the
parameters with which it is computed.

Geltner [27], Okunev and White [28], and Gallais-Hamonno
and Nguyen-Thi-Thanh [29] found that the resulting eval-
uation differs when the correction-based method is used.
Therefore, the purpose of the research is to apply the correction
of the methodology of Geltner [30], Geltner [27], and Okunev
and White [28] to S&P 500 financial assets for performance
measurement under Sharpe’s ratio and other performance
methodologies.

It is necessary to mention that, according to Chkrabarti
[31], the estimates of the average profitability of the assets are
noisy, and this noise harms Sharpe’s ratio out of sample of
the current methods. For Kim et al. [32], the methodology in
simulated economies and a large panel of US equity returns
works well in the application in shares and finds that the
arbitration portfolio has significant alphas (statistically and
economically) in relation to several popular asset pricing
models and Sharpe’s ratio.

This study considers the effect of the use of Sharpe’s ratio
on the robustness of financial asset evaluations while ob-
serving the effects that can cause autocorrelated series in
evaluation measures for financial assets. The paper is pre-
sented in the following order. The Methodology section
shows an analysis of the influence of autocorrelation, an
analysis of the data used, and the statistical model used; it is
followed by the Results section and the Discussion, Con-
clusions, Limitations, and Future Research section.
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2. Methodology

2.1. Autocorrelation and Bias Problem. The phenomenon of
serial autocorrelation is present in series financial asset
returns and can cause strong biases during decision-making
processes and errors that can impact investor decisions.
There are at least two significant problems dealt with con-
stantly by investors: one involves the management of the
information possessed by investors about funds, and the
second corresponds to the statistical properties of the
returns of the funds that impact their investment strategies.
In this section, we focus on the second problem, as it affects
the decisions made by investors.

One of the main statistical elements that impact the
returns of financial assets corresponds to the serial corre-
lation inherent in monthly measurements, as mentioned by
Brooks and Kat [33]. In their study, it is shown that many
evaluation indexes present strong serial correlations with the
parameters of an autoregressive model of order 1, showing a
strong level of bias that leads to the underestimation of
volatility.

In contrast, Avramov et al. [34] mentioned in their
article that there is strong evidence that the illiquidity of
financial markets has an effect on the autocorrelation of
returns. In a similar way, we can cite Chordia and Swa-
minathan [35] who mentioned that the problems of auto-
correlation and cross autocorrelation are related to the trade
volumes of financial assets.

Zakamouline [36] mentioned how the high degree of
correlation between the different measures of performance
obtained with Sharpe’s ratio represents a puzzle; the study
focused on explaining the reasons for this phenomenon,
which is described by Eling and Schuhmacher [23] and Eling
[25]. In that same study, Zakamouline concluded that the
calculated correlation depends on the properties of the given
sample, finding that financial assets with significant Sharpe’s
ratios lead to substantial changes in the rankings of assets if
other performance measures are used. However, the study
used a small sample, which may bias and condition the results.

Thus, a general model of time series is used in the current
study for the measurement of performance ratios, and we
analyse the effect of autocorrelation on Sharpe’s ratio. The
data generation model is described as follows:

Ve=at+pyr & (1)

where y, corresponds to the time series returns of asset y, «
corresponds to an adjustment parameter, p corresponds to a
model parameter related to the lags of the time series of y,,
and ¢, corresponds to a white noise error term.

This study assumes that the returns of financial assets
follow a stationary process and examines the process of
autocorrelation using an autoregressive process of order 1
(AR (1)) to exemplify and characterise the effects of auto-
correlation on the function that defines the rankings of fi-
nancial assets using Sharpe’s ratio criterion.

For the case of an AR (1) model, the mean of the process is

3
o
E[y,]=—
(7] 1-p (2)
and the variance of the process is defined as
E[(yt - E[yt])Z] = E[St T P +P28t—2 + ]
=E[(1+p+p*+---)0’

(1+p+p )o’] (3)

2

0

l—pz’

where ¢? corresponds to the variance of ¢,. We define by y,
the variance of process y, and the autocovariance is

J

p
Y= - pz"z’ (4)

and the autocorrelation is defined as follows:
Yi

v (5)

P =

The effect of autocorrelation is shown in the work of
Asness et al. [37] which demonstrates that the tested funds
have positive autocorrelation factors that are statistically
significant but generate a bias that underestimates the true
variance of the return series. However, in a more thorough
analysis of the nature of this bias, we can show that, in a case
with negative autocorrelations, the effect is the reverse of
that described previously, and the traditional estimate of
variance overestimates the true volatility of the series.

For the adequate calculation of financial asset returns, we
can describe the procedure developed by Geltner and
Blundell and Ward [27, 38], allowing us to correct for the
bias produced by the autocorrelation of the time series of
financial assets, where r, corresponds to the observed return
during period t; this return is weighted by r{, which cor-
responds to the true value of the return and the observed
return during period ¢ — 1.

Ve = =p)y; +pyiss (6)

where p corresponds to a model parameter that represents
the correlation factor, and p € (-1,1). By ignoring a true
value of the return, we obtain

c_ Yt =PV
Ve = 1-p

On the other hand, we define standard deviation bias as

(7)

N T ®

where y; corresponds to the process realisations; n corre-
sponds to the total number of observations for the calcu-
lation of the statistics; and y, corresponds to the true
variance of the process.



Figure 1 shows the difference between the computed
standard deviation and the standard deviation corrected by
the procedure described by Geltner and Blundell and Ward
for simulated data. It is shown that, at a higher level of
negative autocorrelation, the difference between the com-
puted volatilities tends to increase explosively. A similar
phenomenon is observed in the presence of positive auto-
correlation, where the bias tends to grow very rapidly,
corroborating the overestimation of the standard deviation
for the case in which the series is negatively autocorrelated
and the underestimation for the case when the series is
positively correlated.

The effect of the bias produced by autocorrelation affects
performance measures such as Sharpe’s ratio, causing strong
losses due to an inadequate investment strategy derived from
measurement errors made by investors.

We define Sharpe’s ratio bias as follows:

C
SBias, = e-r]  EDi- rf]) (©)
\/Zn (yi—9)'m-1 Vo

i=1

where r ¢ corresponds to a risk-free rate; y, corresponds to
the variance of the process; y, corresponds to the observed
return in t; y¢ corresponds to the corrected return in t; and n
corresponds to the total number of observations for the
calculation of the statistics.

Figure 2 shows the bias that results from Sharpe’s ratio
calculation because it fails to properly estimate the values of
the returns for simulated data and the risk-free rate equal to
5% per year, indicating the effect of the parameter on the
proper estimation of the variance or standard deviation of a
time series.

2.2. Data Analysis. The data utilised correspond to the 446
financial series of stocks obtained from daily quotations
from the New York Stock Exchange evaluated from January
1, 2010, to June 30, 2021. The group of financial assets
corresponds to the list belonging to the S&P 500 on July 1,
2021, which was kept active in the time period evaluated. The
companies that have been excluded from the analysis cor-
respond to those that were not available on January 1, 2010,
but were part of the S&P 500 in July 2021.

The profitability of each of the assets in the sample is
determined as follows:
s price;, — price;;_;

price;; (10)

where y;, corresponds to the profitability of stock i in period
t and price;; corresponds to the price of stock i in period t.
For the computation of the parameters of the AR (1) model,
we use 250 pieces of rolling subsample data for each value
reported (1 horizon year), resulting in N —250(2401) pe-
riods with the parameters of the computed model.

The descriptive statistics of the whole sample, including
the mean value, standard deviation, skewness, and kurtosis,
are shown in Table 2.

We can observe an average return of 0.047% for all the
analysed stocks; however, we observed great variability
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TaBLE 2: Descriptive statistics for 446 stocks daily return distri-
butions for the whole sample.

Mean Median Std. dev.
Mean value (%) 0.0472 0.0755 1.8606
Std. deviation (%) 0.0315 0.0325 0.4631
Skewness -0.2087 —0.2473 0.8318
Kurtosis 4.1580 3.5018 3.4579

between the different stocks, represented by a standard
deviation of 1.861%. The average value of the standard
deviation measured for each of the stocks is 0.0315%, with
which we can characterise the behaviour of the stocks with a
view to a risk analysis strategy.

Table 3 shows descriptive statistics for the two tested
subperiods. The first period was from January 1, 2010, to
December 31, 2013, which was called the postcrisis subprime
period. The second period was from January 1, 2014, to
December 31, 2016, which was considered a period of
economic stability.
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TaBLE 3: Descriptive statistics for 446 stocks for the periods of 2010/
01-2013/12 and 2014/01-2016/12.

TaBLE 4: Descriptive statistics for 446 stocks for the periods of 2017/
01-2019/12 and 2020/01-2021/06.

2010/01-2013/12 2014/01-2016/12

2017/01-2019/12 2020/01-2021/06

Mean Median Std. Mean Median Std. Mean Median Std. Mean Median Std.
dev. dev dev. dev.
Meanvalue ) o695 0.0676 17710 0.0426 00648 15468  “ican 0.0484 0.0985 1.5325 —0.1157 0.0022 4.1880
(%) value (%)
std. std.
deviation ~ 0.0414 0.0464 05376 00416 00541 04677  deviation 00515 0.0540 04307 0.2080 0.2503 1.3405
(%) (%)
Skewness  0.3582 -0.1290 0.8239 —0.1080 -0.4541 1.6005  Skewness -0.4499 —-0.0680 1.1895 —0.5646 —0.6592 1.7932
Kurtosis 46015 4.6747 3.8367 59437 4.6547 67675  Kurtosis 35612 4.3644 50714 3.6895 4.2623 7.6512

The postcrisis subprime period is characterised by a
period of high returns on financial assets with an average
value of 0.07% and an average volatility of 0.04%, which
corresponds to the lowest volatility of the revised period. The
presence of a positive skewness implies the existence of a tail
of the heavier distribution to the right and therefore events
of high positive returns can be observed.

On the other hand, the period of economic stability
shows a lower level of returns compared with the postcrisis
period, with a similar level of volatility. This period shows
the highest level of kurtosis with an average value of 5.94%,
which implies that it has fatter tails, allowing us to observe
positive and negative extreme yields of returns of financial
assets.

Similar to Tables 3, and 4 shows descriptive statistics for
the two tested subperiods. The first period was from January
1, 2017, to December 31, 2019, when a commercial war
between USA and China was observed, which generated
instability in the global markets. The second period was from
January 1, 2020, to June 30, 2021, which corresponds to the
period of the COVID-19 crisis, where structural failures of
the markets were observed [39, 40].

The period associated with the trade war shows a higher
level of returns of financial assets compared with the period
of economic stability but with a higher level of volatility and
the existence of negative bias shows the existence of extreme
values in the negative tail of the distribution of returns of
financial assets.

Finally, the period of the COVID-19 crisis is charac-
terised by a period of lower returns of financial assets with an
average of —0.12 and greater volatility with an average value
of 0.21.

The potential existence of autocorrelation in the time
series in each of the periods evaluated may cause a bias in the
estimation of Sharpe’s ratio, as described in Figure 2. This
potential problem cannot be appreciated in a direct way, so,
to verify the potential problems that may arise from the use
of Sharpe’s ratio as the main means of performance eval-
uation, we proceed to evaluate a sample of 446 stocks from
the list of companies belonging to S&P 500 in the same spirit
as Eling [25] and Zakamouline [36] to observe the phe-
nomena that are occurring in these portfolio assessments
and calculate the correlation between Sharpe’s ratio and
several performance measures.

In Figure 3, we can observe how the average Spearman
correlation [41] among all the evaluation methods of this
study varies with time, putting particular emphasis on those
values that are below 0.95.

In Figure 4, we observe the variation in the Spearman
correlation coefficient for each performance method, ob-
serving substantial differences between them. In particular,
the Calmar, Upside, and Sterling methods present significant
differences in the analysis of the portfolio rankings versus
the rankings reported by the Sharpe method. By reviewing
the evolution of performance measures separately, we are
allowed to observe anomalous events that may arise in fi-
nancial markets and impact the risk management of fi-
nancial operators.

Table 5 allows us to compare the evolution over time of
each of the performance measures as an annual average. We
can observe that aggregation as the annual average avoids
detecting specific events that occur in financial markets, such
as structural breakdowns or other phenomena that may have
real importance in short-term risk management strategies.

The high correlation between the ranking of financial
assets generated by Sharpe’s ratio and other performance
measures shows that the selections of investment portfolios
are similar regardless of the performance measure used. The
use of Sharpe’s ratio is therefore the best source of infor-
mation on the risk of financial assets due to its widespread
use and simplicity. However, a degradation of this corre-
lation indicates that we no longer have a single criterion for
the selection of financial assets, and further analysis is re-
quired for the selection of financial assets to optimise the
portfolio.

In Figure 5, the average Spearman correlation of the
ratios is shown as a function of the average scale factor «
values over the whole sample, and this function exhibits a
nonlinear trend. Similarly, we proceed with the autocorre-
lation factor p (Figure 6), where we do not observe a clear
relation that describes a particular function. However, au-
tocorrelation cannot be neglected a priori, since the sample
has many points concentrated near the zero value.

2.3. The Statistical Model. The reviewed literature shows that
the assertion of Sharpe’s ratio as an accurate metric for
measuring financial assets is at least questionable and
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TaBLE 5: Rank correlation compared with Sharpe’s ratio (WS: whole sample). The year 2020* includes the first semester of 2021.
11 12 13 14 15 16 17 18 19 20* WS
Omega 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
Sortino 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
Kappa; 0.99 0.99 0.98 0.98 0.99 0.99 0.98 0.99 0.99 0.99 0.99
Upside 0.88 0.85 0.88 0.88 0.90 0.85 0.86 0.86 0.86 0.83 0.87
Calmar 0.94 0.95 0.89 0.90 0.96 0.97 0.94 0.96 0.96 0.97 0.94
Sterling 0.92 0.94 0.89 0.87 0.94 0.96 0.92 0.95 0.96 0.95 0.93
Dowd 1 1 1 1 1 1 1 1 1 1 1

deserves a deeper review due to the large impacts that can be
caused when defining investment procedures.

The extensive use of Sharpe’s ratio (unlike the metric
proposed by Eling [25]) in the financial industry as a per-
formance criterion can have a critical influence on

investment decisions, which may lead to potential arbitrage
opportunities with the understanding that the chosen
evaluation criterion of investment performance is inade-
quate over certain time periods. For this purpose, we pro-
pose the following functional relationship:
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robustness;, = F (&, p;, 0, ratio; ), (11)

where robustness; ; corresponds to the Spearman correlation
degree of Sharpe’s ratio with respect to ratio;; &, corresponds
to the scale factor as the average of the assets within the
investment portfolio at time ¢; p, corresponds to the value of
the correlation factor as the average of the assets within the
investment portfolio at time ¢; ¢, corresponds to the stan-
dard deviation of error of the autocorrelated model as the
average of the assets within the investment portfolio at time
t; and ratio; corresponds to the type of ratio to which
Sharpe’s ratio is compared.

We continue with the estimation of the model defined in
equation (11) through an ordinary least-squares (OLS)
model. The model is described as

J . H K
robustness;, = A; + Z wjoc{ + Z ¢hp? + Z Tkaf +&,  (12)
j=1 h=1 k=1

where parameter A; corresponds to an adjustment parameter
and represents the specific value of the level corresponding

to ratio;, parameter y corresponds to the factor describing
the different powers of a,, parameter ¢ corresponds to the
power factor of p,, T corresponds to the factor describing the
different powers of o,, and ¢;, corresponds to an error factor.
These power factor parameters are used to capture the
nonlinear effect.

3. Results

For the first 3 models, the Robustness measurement is
considered the average of the Spearman correlation between
all the performance measures used in this study. The first
specification of the models, called Model 1, considers the
following explanatory variables: (i) scale factor «, (ii) cor-
relation factor p, and (iii) standard deviation of error ¢. The
second specification of the models, called Model 2, considers
the following additional explanatory variables: (iv) squared
scale factor a?, (v) squared correlation factor p?, and (vi)
squared standard deviation of error ¢?. The third specifi-
cation of the models, called Model 3, considers the following
additional explanatory variables: (vii) third power scale
factor o, (viii) third power correlation factor p*, and (ix)
third power standard deviation of error o°.

Table 6 shows a summary of the tested Models 1, 2, and
3. We can observe a high significance for all the param-
eters of the three models described, where Model 1
manages to capture 57% of the variance, while Model 2
and Model 3 manage to capture approximately 80% of the
variance.

Preliminary analysis of these specifications shows that
the effect described in equations (6), (8), and (9), where the
autocorrelation effect distorts the mean value, standard
deviation, and Sharpe’s ratio, also causes a degradation in the
correlation between Sharpe’s ratio and other performance
measures, which may alter the conclusions described by
Eling and Shuhmacher [23] and Eling [25] and complements
what is mentioned by Zakamouline [36].

The effect of p is significant at a level of 0.1% for the three
models tested; therefore, from a statistical point of view, the
autocorrelation factor is part of the robustness model of
Sharpe’s ratio when chosen as the evaluation criterion.

The effect of « is statistically significant at a 0.1% level for
the three models tested, showing the strong effect it has on the
robustness of Sharpe’s ratio. Finally, the effect of the standard
deviation is also significant at a level of 0.1% in Model 1.

For models 4 to 9, the Robustness measurement is
considered the Spearman correlation of each performance
measure used in this study. All specifications consider the
complete set of variables described in Model 3: (i) scale
factor a, (ii) correlation factor p, (iii) standard deviation of
error o, (iv) squared scale factor a2, (v) squared correlation
factor p?, (vi) squared standard deviation of error o2, (vii)
third power scale factor o, (viii) third power correlation
factor p°, and (ix) third power standard deviation of error
o’

Table 7 reports the same exercise for each of the per-
formance measures; highly significant parameters are ob-
served, as described in the previous table. It was not
modeled for the Dowd ratio because it presents a
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TABLE 6: Parameter estimate of Robustness function (¢-statistic with its significance in parenthesis).
Model 1 Model 2 Model 3
Variable Robustness Robustness Robustness
" —0.238*** —-0.105*** —0.0944"**
(—49.17) (-10.51) (-8.75)
0.0383*** —-0.126*** —0.122***
P (7.00) (~10.36) (~7.19)
o —0.000439** —-0.0000600 -0.000223
(-2.79) (~0.38) (-1.21)
2 ~1.842°* ~1.520%**
(~22.32) (~10.92)
5 ~1.066*** ~0.784*
P (~9.99) (~2.10)
o2 0.0000689* 0.0000680
(2.01) (1.57)
o ~3.735***
(-3.72)
, 2.064
P (1.06)
o 0.00000493
(1.03)
Constant 0.976*** 0.975*** 0.974***
(53.04) (52.99) (52.95)
N 16632 16632 16632
R? 0.57 0.80 0.80

*p<0.05;"* p<0.01;*** p<0.001.

TaBLE 7: Parameter estimate of robustness function for each performance measure (t-statistic with its significance in parenthesis).

Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Omega Sortino Kappa Upside Calmar Sterling

o —0.00747*** -0.0169*** —0.0204*** —0.00329 -0.264*** —0.349***
(-6.18) (~15.57) (~7.64) (-0.11) (-17.52) (-18.11)

-0.0123*** -0.0113*** —0.0135*** -0.0152 -0.356*** —0.444***

P (-7.23) (~7.20) (-3.51) (-0.25) (~10.78) (-10.62)

o —0.0000444* —0.0000485* -0.000121** —0.000796 —0.000216 —0.000335
(-2.11) (-2.48) (~2.80) (-1.39) (~0.90) (-1.14)

2 -0.316*** —0.209*** —0.584*** 2.442*** —5.252*** —6.720***
(-15.85) (-16.39) (-15.29) (4.53) (=20.01) (-18.83)

5 0.179*** 0.183*** 0.757*** 2.704 —4.347*** —4.966***
P (3.97) (4.76) (8.01) (1.46) (-6.74) (-6.02)
o2 —0.00000989 0.00000454 —0.00000925 0.000172 0.000151* 0.000168*

(~1.48) (0.99) (~0.64) (1.11) (2.40) (2.03)
o -0.776*** —0.782*** -2.120*** —4.455 -8.731*** —9.278***
(~4.39) (~5.64) (-6.43) (-1.32) (-4.37) (-3.52)

3 1.791*** 1.531*** 5.005*** 38.65%** —15.72*** -16.81***
P (6.93) (7.14) (9.59) (3.53) (-5.24) (~4.35)
o —0.000000361 0.00000111* 0.000000921 0.00000642 0.0000124* 0.0000140

(-0.47) (2.05) (0.57) (0.30) (2.07) (1.80)
C 0.999*** 0.999*** 0.996*** 0.864*** 0.985*** 0.979***
(32659.04) (38613.33) (13124.76) (876.80) (2305.44) (1753.71)
N 2376 2376 2376 2376 2376 2376
R? 0.769 0.760 0.801 0.331 0.862 0.870

*p<0.05;"* p<0.01;"** p< 0001,

correlation equal to 1 for all periods, so there is no vari-
ability of the dependent variable; therefore, an appropriate

estimate cannot be made.

We can observe that all models, except for the Upside
ratio, show high R? with which we can say that this strategy

manages to capture a large proportion of the variability of
the phenomenon, providing an appropriate tool to identify

the phenomenon of degradation of Sharpe’s ratio in the

presence of autocorrelation in the assets that can compose an
investment portfolio.
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The analysis of the nature of this function allows for
defining criteria for the use of Sharpe’s ratio within this
framework of analysis so that the evaluation of financial
assets can actively be performed by investors in the context
of their portfolios.

4. Discussion, Conclusions, Limitations, and
Future Research

The results presented in this study confirm the hypothesis
raised about the importance of autoregressive processes in
the determination of the performances of financial assets
and the care that must be taken when working with such
processes. These results allow us to characterise the ro-
bustness of Sharpe’s ratio as a means for analysing the yields
of these financial assets.

The robustness function described in this paper captures
80% of the variance in the degradation of the Spearman
coeflicient, allowing for the definition of monitoring and
control criteria during the task of tracking the evolution of
financial assets and adequately selecting a combination of
risk and return.

The results presented confirm the hypothesis proposed
in which Sharpe’s ratio allows decisions to be made in the
selection of investment portfolios under normal conditions.
All models presented in Table 7 show high significance in all
parameters; on average the degree of adjustment is 73% of
the variance in the degradation of the Spearman coefficient
in presence of autocorrelation for each of the performance
measures.

Within the main findings is the quantification of the bias
that arises when a serious bias is found against an auto-
correlated process under a measurement without correc-
tions for the average or standard deviation of data, which in
principle allows us to intuit that working with series that are
far from the assumptions of normality can lead to problems
during calculations and subsequent investment decisions.

The effects of autocorrelation, variance, and scale are not
contradictory but rather complementary, and they gener-
alise the results presented by Eling and Schuhmacher [23]
and Eling [25], showing in turn that if a financial series
approaches a process of normality, it is indifferent to the
evaluation method used, as mentioned by Zakamouline [36];
this provides a global view of the selection of an evaluation
method for financial assets while focusing on the phe-
nomenon of autocorrelation and incorporating a dimension
of temporality into the assessment of financial assets.

Sharpe’s ratio is used to evaluate the performance of
financial assets in different industries, considering the level
of risk return that the investor observes. This evaluation
generates a ranking in which the investor makes the decision
about his investment portfolio. Sharpe’s ratio allows deci-
sions to be made about the selection of investment port-
folios, which is similar when comparing different
performance measures; however, in the presence of certain
phenomena in financial markets, this similarity is broken.
Therefore, it cannot be ensured that Sharp’s ratio delivers the
best information on financial risk, and a more in-depth
analysis of the selection criteria of investment portfolios is

needed before certain observable events in the financial
series.

With respect to future work, we want to expand the
analysis to other phenomena that are observed in financial
series, such as autoregressive conditional heteroskedasticity
(ARCH-GARCH models) and heavy tailed distribution
analysis, among other commonly observed phenomena in
this type of time series.
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