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ABSTRACT

This study aims to contribute on the forecasting literature in stock return for emerging mar-
kets. We use Autometrics to select relevant predictors among macroeconomic, microeconomic and
technical variables. We develop predictive models for the Brazilian market premium, measured
as the excess return over Selic interest rate, Itat SA, Itai-Unibanco and Bradesco stock returns.
We find that for the market premium, an ADL with error correction is able to outperform the
benchmarks in terms of economic performance. For individual stock returns, there is a trade off

between statistical properties and out-of-sample performance of the model.

Keywords: Forecasting; Model selection; Autometrics; Stock returns; Market Premium.



RESUMO

Esse estudo tem o objetivo the enriquecer a literatura de previsao de retornos de agoes nos
mercados financeiros emergentes. Utiliza-se o Autometrics para selecionar dentre as muitas va-
ridveis macroeconomicas, microeconomicas e técnicas aquelas com poder preditivo. Desenvolve-se
modelos de previsao para o prémio de mercado brasileiro e acoes do Itau SA, Itau-Unibanco e
Bradesco. Encontramos que, para o prémio de mercado, um modelo ADL com correcao de erro
consegue superar os modelos de referéncia em termos de performance economica. Para as acoes
individualmente, existe um tradeoff entre propriedades estatisticas e a performance fora da amos-

tra dos modelos.

Palavras-Chave: Previsao; Selecao de modelos; Automatrics; Retorno de agoes; Prémio de

mercado.
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1 Introduction

Optimistic expectations about the future is one of the determinants of economic growth.
It is the reason why investors postpone its consumption to allocate their capital in investment
opportunities. As pointed out by Lo and MacKinlay (1999, p. 4), "[...] predictability is the oil
that lubricates the gears of capitalism.”. However, their investment performance depends on the
level of accuracy of the expectations.

Forecasting stock returns has been an important field of research for decades. It is common to
find predictions in the news about the future of the economy, companies, exchange rates, politics,
etc. Real time forecasts are required to adjust the strategy to shocks in the economy and enhance
investment performance. In financial market, forecasting stock returns is an essential and daily
activity. A “good” model is pivotal to support asset managers’ decisions on how to allocate the
correct amount of capital in the correct assets. However, in financial market, any successful model
is only temporarily useful. The intense competitiveness in this market makes any successful be
quickly exploited and it looses its power of providing additional and profitable information. Thus,
it is not surprising all the effort invested to develop new models and methods to forecast the future
of the stock returns.

Forecasting stock returns is also of interest for academics. The capability of predicting future
returns has direct implications in one of the most discussed subjects in finance: Efficient market
hypothesis. Economists used to argue that stock prices are not supposed to be predictable due to
the agents’ rationality. If they are rational, they would use all the past and available information
to price correctly the assets. Consequently, any change in the price is unpredictable (Fama, 1970).

Nonetheless, the modern efficient market literature claims that it is possible to find some degree
of predictability in stock returns. It arises due to market frictions, micro-structure, changing in
business conditions or any other reasons which cause time-variation in the discount stochastic factor
(Campbell, Lo and MacKinlay, 1997). Then, even in an efficient or almost efficient financial market,
there exists some degree of predictability (Lo and MacKinlay,1999). Thus, variables which capture
the movements of the stochastic discount factors should help to predict stock returns, specially
variables which identify the moment and the movements in the economy (Fama and French, 1989).

A vast list of variables has been tested in the literature. Most of them for American or devel-
oped financial markets, divided in two category: the macroeconomic variables (production growth
(Chen, Roll and Ross, 1986), interest rate spreads (Fama and French, 1989), inflation (Campbell
and Vuolteenaho, 2004), stock market volatility (Guo, 2006), labor income (Santos and Veronesi,
2006), aggregate output (Rangvid, 2006), output gap (Cooper and Priestly, 2009), expected busi-
ness conditions (Campbell and Diebold, 2009), oil prices (Driesprong et al., 2008), lagged industry
portfolio returns (Hong et al., 2007), nominal interest rates (Ang and Bekaert, 2002)) and microe-
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conomic or firms’ specific variables, such as, its own past returns, dividend-price ratio (Rozeff, 1984,
Fama and French, 1988a, 1989, Campbell and Shiller, 1989, 1998), earnings-price ratio (Campbell
and Shiller, 1988, 1998), book-to-market ratio (Kothari and Shanken, 1997), dividend payout ratio
(Lamont, 1998) and accruals (Hirshleifer et al., 2009).

There is also another category of variable broadly used by agents in financial market but
neglected in the literature due to its non-theoretical approach, unknown statistical properties
and lack of formalism: technical analysis. They are available in all trading software and they
are normally developed by financial practitioners. Its calculation is easy and based on simple
methodologies which makes the interpretation is even easier to understand. The evidence of
predictive power in this category of variables are presented in Neftci (1991).

Choosing the correct variables to forecast stock returns is an even more complex process. A
response of the stock prices to shocks in a specific variable may vary in magnitude over time. Thus,
the same set of variables may have lower or higher predictive power depending on the economic
cycle or period of the year. That is, those factors which capture the stock return variation in
growing economic period may not be useful in a declining phase. Furthermore, if a combination
of variables defines a model, there are 2¥ models which could be useful, where k is the number of
variables with any potential predictive power. Researchers used to select models based in ad hoc
strategies (Hendry and Krolzig, 2005). The lack of well founded criteria has led them to fall into
the data-mining trap, that is, they tend to choose the model that best fits his previous assumptions
(Castle, Qin and Reed, 2013).

Advances in computing allowed the development of robust and objective automatic model
selection based on the Theory of Reduction (Hendry, 1995). Such procedure is possible since the
pioneer work of Hoover and Perez (1999) that developed the first model selection algorithm in
the general to specific approach (also known as LSE methodology). The first extension came
immediately with Hendry and Krolzig (1999).

Autometrics (Doornik, 2009) is the most modern algorithm within the general to specific ap-
proach. Among the advantages, it can be highlighted its ability to deal with collinearity, which
is the worst challenge faced by model selection algorithms and the implementation of Impulse-
Indicator Saturation (IIS), which captures outliers and multiple structural breaks (Castle, Doornik
and Hendry, 2012). Although there are other model selection algorithms, such as, LASSO (Tibshi-
rani, 1996), adjusted LASSO (Zou, 2006), and algorithm within the specific-to-general approach,
such as step-wise regression, Autometrics succeeds either as much or more than other algorithms
in selecting the true model (Doornik, 2009, Castle, Qin and Reed, 2013). Besides, it is developed
to optimize computer effort and minimize time spent in the selection process. Autometrics has
become thus a powerful tool for researchers.

This study expands the forecasting literature in stock returns for emerging markets, especifically
in Brazil. The objective is to explore and select relevant sets of variables capable of predicting Itau

SA, Itat-Unibanco, Bradesco stock returns and Brazilan maket premiun measured as the excess
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return of Ibovespa index over Selic interest rate for the period of 2001 and 2014.

The designed model is compared to an autoregressive process and its historical average defended
by Goyal and Welch (2006). Root Mean Squared Forecasting Error (RMSE), Mean Absolute
Percentage Error (MAPE), the difference of generated return to a benchmark and Diebold and
Mariano (1995) are used to measure out-of-sample performance of the models.

We develop an ADF model with error correction to forecast market premium and it yields a
difference of 0.01 basis point from the best return in the period. Furthermore, it is possible to
outperform the historical average for forecasting Itai SA and Itdu-Unibanco’s stock returns with
models that some economists may find over parameterized, with 13 and 16 variables, respectively.

Besides this introduction, this study is divided in four sections. The next section reviews the
literature in forecasting stock returns and the recent literature of the automatic model selection
methods. The third section explains the data, variables and methodology. The fourth section

presents the results and the last section concludes this study.



2 Literature Review

2.1 Stock Returns Forecasting

Forecasting stock returns literature is vast and it has a long history. Starting from Cowles
(1933) who questions the ability of 16 financial services, 20 fire insurance companies, 24 financial
publications and 26 years of William Peter Hamilton, editor of the Wall Street Journal from 1902
to 1929, of forecasting the future stock returns for the period of 1902 to 1932. Six out of 16 financial
services yielded positive annual returns, however, on average, they generated 1.43% annual return
less than a random portfolio. The results are not different for the 20 fire insurance companies.
Six of them had a positive performance, but the average return is -4.72% and they perform 1.2%
worse than the random portfolio. Hamilton’s forecasts were based on Dow Theory ' . Cowles
compared Hamilton’s performance with a buy-and-hold investment strategy. Hamilton’s portfolio
performed 3.5% worse than the Dow Jones Industrial Average (DJIA) and 2% worse than Dow
Jones Railroad Average (DJRA). However, 45 out of 90 changes in positions were profitable, that is,
Hamilton was able to correctly forecast the direction of the market. The 24 financial publications
did not make different from the other forecasters. One-third of the list met with any success, but
the average of the group was 4% per annum worse than a record representing the average of all
performance achieved by randomly selecting stock. To sum up, Cowles finds that forecasters can
not systematically outperform the market average or a random portfolio. None of the 36 institution
and the 26 publications showed evidence of ability to forecast future stock returns.

Although Cowles’s work was criticized by Rhea (1933) ? and much later by Brown, Goetzmann
and Kummar (1998) ® whose works argue in favor of Halmiton’s portfolio, Cowles’s results launched
the question about the nature of the stock prices movements: Would stock prices actions be random
or, if not, to what extent is it statistically possible to define its structure?

Using the ratio of sequence to reversal, Cowles and Jones (1937) found weak evidence that
stock price changes has predictable structure. They analysed the return of individual stocks for

different periods, from 20 minutes to 10 years. The number of sequences is higher till 5 years,

! Dow Theory is based on co-movements of the industrial companies price average and rail companies price

average. The logic is simple: products are manufactured and the rails ship them. Then, if one average records
a new high, the other average should react in the same way. If so, the price action is said to be valid. When
there is a divergence, that is a signal which must be considered. For example: if one average records a new
high while the other is left behind, that is a signal of bearish market. If the opposite happens and a new low is
recorded by one average while the other does not follow, it is a signal of bullish market.

Rhea(1933) criticizes the arbitrary date Cowles decided to terminate the test, at Hamilton’s death on December
9, 1929. If he had continued till January 18, 1933, Hamilton’s portfolio performance would have been 77%
higher while his benchmark would have suffered similar shrinkage.

Using approximation of beta and applying non-parametric tests, Sharpe ratio and neural network modelling,
Brown, Goetzman and Kumar (1998) recalculate Hamilton’s strategy and they found that, although it yielded
12% per annum, the risk-adjusted rate of return of 29% per annum for the same period, 1903 to 1929.
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though only for 20 minutes to 6 months, Cowles and Jones found evidence of persistency in the
return of stocks. The probability that a stock yields positive return this time given that it had a
positive performance last time is higher and it can not be associated with mere luck. For other
periods, there is no evidence that it happened by chance though.

In the 1930’s, it was argued that the structure of stock returns could also include other variables
besides its own past returns. Graham and Dodd (2008)* defended the use of the earning-price ratio,
which later became one of the variables with most evidence of predictive power. Their argument
is that high ratios would indicate undervalued stocks and should predict subsequent high returns
or the low ratio indicates overvalued stock and future low returns.

The lack of statistical evidence that stock prices could be predictable led to the so-called Effi-
cient Market Hypothesis, which became well accepted with the review of Fama (1970). The main
argument of this hypothesis is that stock prices are not predictable due to the agents rationality.
Investors and asset managers would price stocks based on all the available information. The agents
in the market use past and present information, which would also include the expectation about
the future. Given that, any change in the price should be unexpected. Otherwise, agents would
not be using all the available information which indicates irrationality. Thus, prices would follow
a random walking process.

Fama (1970) reviewed studies conducted in 1960’s and classified three levels of market efficiency:
Weak form, which the price reflects all the past information; semi-strong form, which the price
would reflect all the public available information in the past and present and; strong from, which
the price would also reflect private information normally hold by managers and insiders of the
company.

Only a few studies did not support the Efficient Market Hypothesis till early 1970’s, specially
the strong form. Niederhoffer and Osborne (1966) found out that specialists on the New York
Stock Exchange apparently take advantage of their monopolistic information and Scholes (1970)
finds that officers of corporation sometimes also profit with their monopolistic access to information
about their firms. The doubts about the Efficient Market Hypothesis increased in the late 1970’s
and 1980’s when many studies found that stock returns could be predictable to a certain extent
(the review of those studies can be seen in Yen and Lee, 2008).

However, the efficient market was not abolished but adjusted. The new version allows the
existence of predictability in stock returns. The reason is that agents are exposed to time-varying
risks, such as, business cycles. If agents become more risk averse during contraction periods due
to the depression in income level and consumption, they will require a higher expected returns
to compensate the higher risk associated with holding stocks. On periods of market expansion,
agents would require lower return as the risks involved in holding stocks are also lower. Thus,

variables which capture the movements of the economy should help to predict stock returns (Fama

4 First edition was launched in 1934.
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and French, 1989). Later, Ross (2005) showed that some predictability is consistent with asset
pricing models.

A vast list of macroeconomic variables have been tested since then: industrial production
growth (Chen, Roll and Ross, 1986), interest rate spreads (Fama and French, 1989), inflation
(Campbell and Vuolteenaho, 2004), stock market volatility (Guo, 2006), labor income (Santos
and Veronesi, 2006), aggregate output (Rangvid, 2006), output gap (Cooper and Priestly, 2009),
expected business conditions (Campbell and Diebold, 2009), oil prices (Driesprong et al., 2008),
lagged industry portfolio returns (Hong et al., 2007), nominal interest rates (Ang and Bekaert,
2007), among many others.

Following Graham and Dodd’s (2008) thoughts, the valuation ratios and other variables which
show the situation of the firms also showed predictability power: dividend-price ratio (Rozeff, 1984,
Fama and French, 1988a, 1989, Campbell and Shiller, 1988, 1998), earnings-price ratio (Campbell
and Shiller,1989, 1998), book-to-market ratio (Kothari and Shanken, 1997), dividend payout ratio
(Lamont, 1998) and accruals (Hirshleifer et al., 2009).

There is also a category of variables which have been neglected in the literature due to its non-
theoretical approach and unknown statistical properties: technical analysis. Most of the traders
use such analysis in day to day forecasting. They are available in all trading software and are easily
calculated as it is based on simple methodology which interpretation is even easier to understand.
They are normally developed by financial practitioners without the reference of any formalism.

Technical approach is a consequence of the idea that stock market moves in trends which
are determined by the reaction of investors to a variety of economic, monetary, political and
psychological forces. Thus, technical analysis comes to identify changes in trends at early steps.
By studying previous market turning points, it is possible to observe some patterns which can
help to foresee major market tops and bottoms (Pring, 1980). Neftci (1991) suggested that the
popularity of technical analysis may be due to its capability of capturing nonlinearity present in
financial series. He says that since October 19, 1987, crash of financial market, investors and
traders have shown more interest in technical analysis. One explanation is that a crash of that
magnitude is a nonlinear event and traditional linear framework would fail to handle properly.

In an effort to formalize and test the predictive usefulness of technical analysis, Neftci (1991)
analysed three categories of technical analysis: moving average crossing, triangles and head-and-
shoulders. He shows the only one to constitute a well-defined prediction methodology is the moving
average crossing. Using the theory of minima and maxima of stochastic processes, he showed that
selecting minima and maxima in a chart is subjective and it depends on the analyst. Two different
analysts can come to distinct conclusions by selecting different minima and maxima for the same
period. That is the reason some authors argue that technical analysis is an art. Besides those
three categories of technical analysis, there are many others (relative strength index, stochastic
oscillator, parabolic technical index, etc). Some of them will be explained in the methodology.

The literature in forecasting stock returns reached a point in which there are a vast list of
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variables with indicative of predictive power. However, the out-of-sample performance of those
variables individually are still a deception. Ross(2005) and Zhou (2010) reached an upper bound
of predictability for individual common variables.

Assuming that the stochastic discount factor (SDF) is a function of one state variable, the
correlation between the forecasted returns and the SDF is one, in an economy with a constant
risk free rate (Ry), Ross (2005) showed that R* < (1 + R;)?*Var(SDF), where Var(SDF) is the
variance of the stochastic discount factor. Putting some numbers, 3.5% for the riskfree rate and the
Var(SDF) is not more than five times the observed market risk aversion, the greatest predictable
power of a model can reach is 0.25%, 1.9% and 7.9% for daily, weekly and monthly returns,
respectively. However, economists could never reach such a high bound, for example, Fama and
French (1988a) reached 1% using dividend-price ratio as a stock return predictor. Zhou (2010),
assuming that the default SDF(SDFp) is also a function of a state variable, showed that the upper
bound is lower than suggested by Ross (2005):

R%* < prspr (1 + Ry)*Var(SDF(x))

where and p, spr, is the correlation between the state variable and the default SDFy. Assuming
that p, spr, is 0.10 and 0.15, the predictability would be bound by 0.079% and 0.177% for monthly
returns.

Such low out-of-sample performance questions the ability of some variables to forecast stock
market returns. Some authors suggested that the best predictor of stock returns is its own historical
average. Goyal and Welch (2006) tested 10 of the most common variables in the literature and
showed that the historical average still generates the best predictions.

However, Campbell and Thompson (2008) suggested that reducing the space of forecast by
imposing some restrictions enhance the performance of some variables. They tested a small set
of restrictions and find a better performance of the conditional model than the historical average.
They imposed the following restrictions: The signs of the parameters are the theoretically expected
ones, otherwise, the coefficient is replaced by zero, the magnitude of those parameters can be
restricted to the value of the steady-state, and fitted value of equity premium is positive, otherwise,
it is zero. Since individual variables have low performance and it is agreed that asset returns
respond to a variety of news and information available, the inclusion of more variables in the
model should improve its performance. This view must have been inspired by asset pricing models
which are consistent with multisources of risk (Merton, 1973, Ross, 1976, Cox, Ingersoll, and Ross,
1985). Indeed, it did generate better predictive models. Thus the discussion turns to find the
combination of variables to be included in the model and for how long, as some authors argue that
the predictive power of the variables is related to the business cycle (Pesaran and Timmermann,
1995).
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Pesaran and Timmermann (1995) selected the best different models using Schwarz and Akaike
Information Criteria, R? and the sign criterion® for sub periods from 1960 to 1992. They found that
only one variable was included in the selected model for the entire period, the one-month lagged
value of the one-month T-bill rate. Monetary growth and industrial production were included in
the forecasting models from the mid and late 1960’s, respectively, and the dividend yield variable
started to be included as a regressor around 1970. The frequency with which the inflation rate
variable and the 12-month interest rate are included in the forecasting equations is, however, closely
related to economic "regime switches": The inflation rate gets included after the first oil shock
while the 12-month interest rate was selected from the mid-seventies onwards during periods in
which the Federal Reserve targeted interest rates.

Furthermore, the relevant variables to predict stock returns vary between markets and countries.
Most of the studies use US or other developed countries’ data. Specially for emerging markets,
the evidence of predictability in stock markets is less clear. These markets are more susceptible to
structural breaks in economic fundamentals, and ignoring them can lead to the incorrect inference
that these markets are characterized by random walks (Bekaert et al., 2002). Chaudhuri and Wu
(2003) investigated the stock markets of 17 emerging countries and find that 14 of them have
structural breaks. They also rejected the random walk hypothesis for 10 of them, including Brazil.
Most of the emerging markets were categorized as mean reverting process.

Bilson et al. (2001) estimated monthly stock returns on macroeconomic variables and, also
used principal component analysis for 20 emerging markets including Brazil from 1985 till 1997.
They included contemporaneous factors such as value-weighted world market index and changes
in exchange rate, one order lagged variables, such as changes in money supply, prices and real
activity lagged to months to capture the time delay of response and the delay in publication of
some variables. They also showed that the relevant variables to stock returns depend on the
country. For example, Brazilian stock market had a statistically significant coefficient for money
supply and world market index, while Argentinian stock market did not. They also controlled
for microeconomic aspects (dividend yield and price-to-earning ratio) and the price of goods also
became statistically significant. However, they did not control for structural breaks typical in time
series of emerging markets, specially in Brazil.

Abugri (2008) estimated a VAR for Argentina, Brazil, Chile and Mexico’s monthly stock market
returns from 1986 till 2001. His decision of modelling with all lagged variables is also based on
the argument of the delay in publication, which makes models with contemporaneous variables
incorrect and not practical for forecasting. Thus, he included all variables lagged from one to six
month. Abugri found statistically international common factors to all countries (Morgan Stanley
Capital world index lagged and USA 3 months T-Bill lagged from 1 to 6 months) and specific
country-factors, such as money supply lagged 6 months, interest rate lagged from 4 to 6 months,

exchange rate lagged 2, 5 and 6 months, and industrial production lagged one month.

5 It indicates the model that gave more correct directions.
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It is well known that most of the macroeconomic variables are non-stationary, they are normally
integrated of order one. In emerging markets, it is not different. Furthermore, given the lack of
historical data normally found in these markets, variables, which are theoretically supposed to
be stationary, may be found non-stationary. The reason for that, as it will be discussed later in
the section of Results, is the sample available. By incorporation the knowledge of cointegration
into models, it is possible to reduce substantially the forecast errors in long horizons (Engle and
Yoo, 1987, Hoffman and Rasche, 1998). However, it is not absolutely true as Clement and Hendry
(1993) found that a simple VAR model outperforms a cointegrated VEC system.

Some studies shows that stock price index are cointegrated with macroeconomic variables.
Kwon and Shin (1999) showed that Korean stock price index is cointegrated with a set of macrae-
conomic variables (the production index, exchange rate, trade balance, and money supply ). How-
ever, stock prices indices are not a leading indicator for economic variables, that is, stock market
does not signals changes in real activity in Korea.

To conclude, although predictability is well accepted in financial theory, there is still a debate
about the variables and methodologies capable of more accurately foreseeing stock returns. There
is evidence that a simple historical average outperform more sophisticated factorial models, but
under some restriction, the former can be improved. Furthermore, there is also a debate about
the periodicity of the predictive power of some variables which may depend on the state of the
economy and politics. It implies that the relevant variables to predict stock return depends, not
only, on the period, but also on the market the investor is interested in. Although there is a vast
list of candidate variables with evidence of predicative ability, most of them are not for developing
countries. Those countries need still to be explored with more sophisticated methodology which
also takes in account possible structural breaks. Thus, the set of relevant variables for forecasting

market stock returns is an empirical question which still needs to be more investigated.

2.2 Model Selection Algorithms

Empirical modeler always faces the problem of defining the correct specification when the
theory does not pre-define it. Economics is an empirical science with complicated interconnections
among non-stationary variables creating highly dimensional processes. Fortunately, the theory
of reduction comes to approximate the highly dimensional data generating process (DGP) to its
"local" data generating process (LDGP). The LDGP projects the variable of interest in the space
of a selected and smaller set of explanatory variables.

However, the dimensionality of the space of candidate models can make traditional selection
methods, such as R?, Akaike (1973) , Schwarz (1978) or other information criteria, impracticable
as it exponentially increases with the set of candidate variables. If there are k variables in the

subset, 2* specifications are within the set of candidate models.
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Furthermore, since Lovell (1983), selection methods have been seen as pejorative term. He
evaluated three different model selection methods (highest R?, stepwise regression and max-min
|t|°, using twenty real yearly macroeconomic variables from 1948 to 1970 in order to approximate
his experiment to the true challenge faced by researchers. He concluded that the best methods,
stepwise regression, was able to choose the correct set of variables only 70% of the time and it was
subject to a 30% rate of type I error. Step-wise regression is the most prominent method within
specific-to-general approach. In Lowell’s experiment, the algorithm starts with a constant and it
first adds the variable which is most correlated with the dependent variable and, then, it selects
the second explanatory variable which maximizes goodness of fit, given the presence of the first
selection. This approach is also rejected by Doornik (2008) who argues that this method is badly
affected when allowing for complex interdependencies among regressors (Doornik, 2008).

Years later, Hoover and Perez (1999) replicated Lowell’s experiment and their finding shed light
on model selection again. Hoover and Perez (1999) developed the fist automatic model selection
algorithm within general to specific framework (Gets), inspired by, among others, Hendry (1995).
With their algorithm they were able to find final specifications with the same size and power as
the true specifications. Gets starts with a vast model and eliminates variables till the specification
reaches some criteria. Improvements on their algorithm did not last to turn up. Hendry and Krolzig
(1999) extended it in several ways (PcGets) and Doornik (2008) designed the latest version of the
algorithm (Autometrics). The consistency of those methods is showed in Campos, Hendry and
Krolzig (2003) using the mapping of Hannan-Quinn criterion Schwarz and Akaike information
criterion into implicit significance levels. The next section discusses in details the history and
improvements in those algorithms.

Since then, automatic model selection has become an essential tool to empirical model building.
The use of an automatic model selection algorithm can save researcher’s time and effort and it adds
robustness to the selection (Doornik, 2008). Ericsson and Kamin (2009) compared the two latest
automatic model selection methods (PcGets and Autometrics) to manual selecting. They found
a marginally better performance for the automatic methods and a substantial difference in time
spent. Besides, without an objective model selection algorithm, the researcher may be vulnerable to

data-mining bias. They tend to select the model which supports researcher’s previous assumptions
(Castle, Qin and Reed, 2013).

2.2.1 Automatic general-to-specific model selection methods

The pioneer Hoover and Perez’s (1999) method (HP) follows four steps:

1. General unrestricted model (GUM): The GUM is the initial model which encompasses the

whole information, that is, all candidate variables. It is the starting point of the algorithm.

6 It maximizes t-coefficients though sacrificing goodness of fit
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The GUM is expected to encompass the LDGP of the interest variable, otherwise, it will suffer
with omitted variable bias (Castle and Hendry, 2011). A battery of diagnostic tests is applied
to this initial specification, using, initially, only 90% of the sample: normality test (Jarque
and Berra, 1980), residuals autocorrelation (Godfrey, 1978), conditional heteroskedasticity
(Engle, 1982), structural breaks (Chow, 1966). If the GUM fails in one diagnostic test, this
test is not applied again in future steps. If the GUM fails in two or more tests, the algorithm
stops and the GUM needs to be re-specified.

2. Multiple path search: All variables are ordered by the t-statistics of the coefficients. The
ten variables with the lowest t-statistic (in absolute value) determine ten paths. The set P
encompasses those variables. Each path starts with the elimination of one of the ten variables
and the model is re-estimated. The variable with the highest p-value, which does not need
to be in P, is removed and all the previous diagnostic tests plus a backtest (F-test) against
the initial GUM are applied. If the elimination is valid, the algorithm follows the exclusion
of the next variable with the highest p-value. If the new specification fails in any test, the
excluded variable is restored and the next highest p-value variable is excluded. The exclusion
in each path ends when all variables are significant at a pre-defined significance level and it

passes in all diagnostic tests.

3. Out-of-sample analysis: After the final model is selected in each path, it is re-estimated using

the whole sample”. All diagnostic tests described in step 1 and F-test are applied.

a) If all variables are significant and the specification passes all diagnostic tests, this path

is finished and that is a candidate to terminal model. The next path starts.

b) If any variables are insignificant, they are removed as a block and the diagnostic tests ap-
plied. Passing in all diagnostic tests and all variables are significant, that is a candidate

to terminal model and the next path starts.

c) If there are still any insignificant variables, they are removed again and the model is
tested. The algorithm keeps removing till all variables are significant and the model

passes the diagnostic tests.

d) If all variables are significant and the model does not pass in the diagnostic tests, the

block is restored and that is a candidate to terminal model. The next path starts.

4. Tiebreaker: After all the ten paths have ended, the terminal model candidate with the lowest

standard error of regression is chosen as the final model.

Hoover and Perez’s algorithm performs pretty well under the conditions that variables are

orthogonal. In the absence of this condition, the method is drastically affected. The algorithm

7 Steps 1 and 2 are done with 90% of the sample. The last 10% are saved for stability tests.
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tends to eliminate relevant variables with high correlation with other variable(s). Expanding the
significance level may not be the solution as there is a trade-off between the power of retaining
relevant variables and the retention of significant irrelevant variables. If it is set the level of
significance of a, the amount of irrelevant variables retained is (N — k)a, where N is the number
of candidate variables and k variables in the DGP (Hendry and Krolzig, 2005).

Hoover and Perez’s (1999) algorithm opened new paths to automatic model selection meth-
ods. Their algorithm was extended and improved initially by Hendry and Krolzig (1999). Their
improved algorithm adds extra steps: pre-search reduction, additional paths, encompassing test
and iterated multiple-path searches. Hendry and Krolzig also change the tiebreaker criterion and
out-of-sample testing and GUM’s diagnostic tests patterns. Hendry-Krolzig’s algorithm works in

six steps:

1. Pre-search reduction: Before the diagnostic tests is applied to the GUM, pre-search reduc-
tion at a looser significance level is undertaken to reduce the size of the GUM and, thus,
computational effort. Pre-searches includes: i) F-tests for growing block of variables ordered
by their p-values starting from variables with low absolute t-values till a valid rejection is
found; ii) the remainder variables are added into another growing group starting from the
highest absolute t-value. The group is jointly tested till the null hypothesis is accepted;
ili) eliminating individual variables given a looser significance level; iv) starting from the
longest lag-order, an ascending group is tested till the first rejection. The model after all the
eliminations is the new GUM (GUMO).

2. GUM’s Diagnostic tests: Instead of eliminating the GUM if it fails in two diagnostic tests
or eliminating the test from the search if a GUM fails in only one, Hendry- Krolzig widen
the significance level to one which allows the GUM to pass in all diagnostic test. The initial
significance level is restored for the next steps. This approach invalidates a fundamental

assumption in Gets methods, the congruence®of the initial GUM (Doornik, 2009).

3. Additional paths: Instead of only ten paths, HK follows all paths, that is, it eliminates one-
by-one variable in GUMO. Besides that, block elimination is implemented using F-tests for
variables which p-values are above a certain level. These increments increase the amount
of paths and the duration of the process, but a broader number of specifications is covered.

Diagnostic tests are applied as in Hoover-Perez.

4. Encompassing tests: After all paths are explored, all terminal models are tested against
their union. Those models which are dominated by its union is eliminated. If two or more
contenders remain, their union in the new GUM and another iteration of the multiple search

path restarts.

8  "Congruence is the property of a model that has fully exploited all the information implicitly available once an

investigator has chosen a set of variables to be used in modelling." (Bontemps and Mizon, p. 2, 2003).
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5. Tie-breaker: The iterations stop when the union of terminal candidates coincides with the
original GUM of the last iteration. Thus, no further feasible reduction can be found. Hendry-
Krolzig use an information criterion (Akaike, 1985, Schwarz, 1978 or Hannan-Quinn, 1979)
to select the best model instead of using the one with the best in-sample fit measured by its
standard error as in Hoover-Perez. Hendry and Krolzig (1999) argues that Hoover-Perez’s
approach retains an excess number of variables at any given nominal test-size, inducing the
problem of overfitting. It happens due to the minimum equation standard error occurs for
lt] > 1.

6. Out-of-sample testing: Hoover and Perez (1999) suggest that the sample should be split
into two with overlapping for sub-sample reliability. Although they do not implement in
their algorithm, Hendry and Krolzig (1999) implement it at theirs. Hendry and Krolzig
(2004) argue that split-sample methods have a trade-off between reducing selection of wrong
variables and difficulting the selection of the correct ones and they conclude that the cost is

higher than the gains.

Although Hendry and Krolzig (1999) improved in many aspects Hoover and Perez’s (1999)
method, the non-orthogonalization of the regressors remained a problem. In the presence of mul-
ticolliearity, Hendry-Krolzig algorithm tends to select more terminal candidates with marginal
differences. For example, one model has variable = lagged 1 and 2 periods while another model
has z lagged 1 and 3 periods.

An improvement in the subject was made by Doornik (2009) in Autometrics. Autometrics is
not designed on the assumption of orthogonal variables. Its search paths are designed to check
among the deleted variables those which are relevant for the LDGP. Besides, it is implemented in a
likelihood framework which allows a wider application of the method. The version of Autometrics,

implemented in Oxmetrics 7, has the following steps for a pre-defined p, significance level:

1. Impulse-Indicator Saturation (IIS) and extensions: IIS adds a dummy to each observation
to check for outliers. For structural breaks, it is possible to use step-indicator saturation
(SIS), which, for each observation, adds variables assuming value zero from the beginning
till j-1th observation and one from j till J, where J is the sample size. This procedure adds
more variables than observations to the model. In order to be able to estimate, the set of
dummy variables are divided into D subsets. Each subset is used in the estimation. The
remaining significant dummy variables in each subset are included in a new specification.
The significant ones are included in the GUMO.

2. Pre-search reduction: Doornik (2009) argues that Hendry and Krolzig (1999) implemented
ad-hoc pre-search. It has a great importance. At this step, all variable are permanently

eliminated and high correlated variables which at least one is relevant to LDGP may be
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removed from the initial GUM. His idea is to create a method which works better without

this step. He modified Hendry-Krolzig’s pre-search reduction to three options:

a)

Pre-search lag-reduction 1: A jointly test is applied to all regressors at lag m, then, lag
m-1 and so on. If any p-value is below max{p; (k,), ps} 9 | jointly p-value is above p,
10 and if the F-test against the initial GUM plus diagnostic tests are satisfied, then, the
group is deleted. Autometrics follows Hendry-Krolzig’s idea of loosening the p-value for

diagnostic tests which GUMO fails, but it tries to restore the initial value p,.

Pre-search lag-reduction 2: Autometrics performs the same tests as before, but the
group to be tested is formed by p-values, that is, if p-values are above max{p; , (k,), ps},

the variables are get together and tested.

Pre-search variable-reduction: Non-lag variables are jointly tested in the same manner

as in subitem 2.b.

3. Tree search: This is the biggest difference from the previous selection methods. This step

is designed to deal with highly correlated variables and efficiently perform the search among

all relevant models. Hoover-Perez and Hendry-Krolzig’s algorithms may estimate the same

models at different paths and they may not estimate models which relevant variables were

deleted previously due to correlation with other variables. Estimating all possible models

may be infeasible. Autometrics implements strategies to skip nodes and move more efficiently

through the tree. It maps all possible models and structure the tree search in a way that

avoids estimating the same models twice. Figure 1 shows how Automatrics structures its

tree search. The strategies to efficiently go along the tree are:

a)

Diagnostic tests are not applied to all estimations, but to terminal candidates, only.
Doornik (2009) argues diagnostic tests demand five times more computational effort
than estimating a single model. However, a backtesting (F-test against the GUMO) is

applied to each specification.

Initially, the search starts as in Hendry-Krolzig, eliminating each variable at a time
(nodes 2, 9, 13 and 15 in Figure 1). From then, variables are pruned, bunched or

chopped.

Pruning: The reduction involves removing the variable with the highest p-value, that
is, in Figure 1, in BCD node, B is eliminated and the next estimated model is CD. If D
is not significant, C is estimated. However, if after eliminating B, the CD model does
not pass in F-test, B is restored and node 4 and 5 are ignored, thus, the next most

insignificant variable are removed.

9
10

Py (kp) =1— (1 —p; 1)k, where p, = B and k, is the size of the groups.
Pp = 5p5°.
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Figure 1 — Autometrics Tree Search
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Source: Doornik (2009, p. 94)

d) Bunching: Instead of removing one variable at each node, it is also possible to remove
a group of variables. If the variable’s p-value is above p, > p,!', bunching is started.
As the number of variables grows, the smallest p-value of the group must be above
pi(ky) = pb% n—-(1- pb%)kb], where ky, is the number of variables in the group. The group
is jointly tested for a significance level of p,. If the jointly test fails, the most significant
variable are removed from the group and it follows the removal till the jointly test is
successful or only one variable remains in the group. If after the removal, the new model
fails in the backtesting, the most significant variable is removed from the group and it

is tested again.

e) Chopping: At this strategy, a group or a single variable is removed permanently from
the tree search. For example, if CD are highly insignificant (above p.), they are chopped
from the selection process and after estimating B, it falls through to node ABD. The

jointly test is done at p, of significance level.

f) Each branch of the tree may result in one terminal candidate. The union of the terminal
candidates are the new GUM, which re-starts the tree search. When the new GUM is
the same as the last one, Autometrics goes through all the branches which could yield
a different terminal. It initially avoids branches with nested terminals. However, it also

goes through all branches looking for different terminal candidates, in a second round.

g) The tree searches finishes when the new GUM is the initial GUM of the last iteration.

It is also possible that terminal models have insignificant variables due to failure in

11

1 3
Pb = pe = max{3pé,pa }
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backtesting or diagnostic tests.

4. Homoscedasticity assumption: The elimination is done under the assumption of homoscedas-
ticity. Nevertheless, it is also possible to use heteroskedasticity-consistent (HC) and het-

eroskedasticity and autocorrelation consistent (HAC) estimators.

5. Tie-breaker: If there are more than one terminal candidate, the one which passes in the
diagnostic test with the initial significance level py is the terminal model. However, if it

remains two or more, an information criteria is used, as in Hendry-Krolzig.

Autometrics is the third generation of the general-to-specific framework. Its performance has
been documented and tested. Castle, Qin and Reed (2013) compared three classes of model se-
lection algorithm(MSAs): information criteria, path reduction (which includes stepwise regression
and Autometrics) and Bayesian model selections. Epprecht, Guégan and Veiga (2013) compared
Autometrics and Lasso'?. Both studies concluded that no single method performs better in all
data environment. Castle, Qin and Reed (2013)’s experiment showed that among those MSAs,
Autometrics performed specially well under the conditions of small values to the ratio of relevant
to irrelevant variables, less than 0.5. They did not use impulse-indicator saturation which enhances
Autometrics’ performance. The second study showed that, using simulated variables, Autometrics
performed considerably better than Lasso and adalasso, especially when the number of candidate
variables are greater than the number of observations. However, for real data, Autometrics had a
better in-sample performance while (ada)Lasso performed better out-of-sample.

Besides all the improvements and approaches, the estimated coefficients from the selected model
do not have the same properties as if they were estimated directly from its LDGP (Castle, Doornik
and Hendry, 2010). The reason is that the retention of one variable depends on its retention in
the previous tests. The repeated testing bias truncates the t- Student distribution far from de
origin. Intuitively, being retained means [t5] > [c,[, thus, to be retained again, the next t-value
needs to be higher than |c,|. The repeated testing generates coefficients which are upward bias
and standard error which are downward biased for smaller true t values in order to keep them till
the terminate model. Although a little biased estimates of individuals coefficients may be accepted
as long as accurate predictions are produced (Castle, Qin and Reed, 2013), selection bias can be
easily corrected using Hendry and Krolzig (2005) formula!®. The bias selection correction acts in
two opposite sides. At the same time that it drives retained irrelevant variables’ coefficients to
the origin, which reduces their mean square error, it also completely correct the relevant retained
variables’ coefficient at a cost of a small increase in their mean square error (Hendry and Krolzig,
2005). Therefore, it is possible to use model selection algorithm and obtain nearly unbiased

coefficients at a small loss of efficiency from testing irrelevant variables.

12 LASSO stands for Least Absolute Shrinkage and Selection Operator by Tibshirani (1996) and extended to
adjusted LASSO or adaLASSO by Zou (2006).

13 Tt is implemented in OxMetrics 7



3 Methodology

This section is divided into six subsections. First, there is a presentation of the data, source,
period and the variables. The next subsection describes some of the indicators available to in-
vestors in Economatica. The technical analysis variables are discussed in the next subsection. The
fiftth subsection derives the stationary GUM and the co-integrated GUM which is an attempt to
capture long-term relationship among variables using Autometrics. The last subsection display

the Autometrics settings.

3.1 Database

The data is collected monthly since January 1986 till April 2014. Although there are longer
time series for some variables, the period encompassing the largest number of variables is from
August 2001 till February 2014, summing 151 observations. From February 2013, the data is used
to measure the predictive power of the model (out-of-sample analysis). The variables are collected
from Economatica, Instituto de Pesquisa em Economia Aplicada (IPEA), Banco Central do Brasil
(Bacen), Fundacao Sistema Estadual de Andlise de Dados (Seade), Federagao do Comércio do
Estado de Sao Paulo, Pesquisa Conjuntural do Comércio Varejista da Regiao Metropolitana de Sao
Paulo (Fecomercio SP), Energy Information Administration (EIA), Fundo Monetario Internacional
(FMI), NASDAQ, NYSE and Associagao Brasileira das Entidades dos Mercados Financeiro e de
Capitais (Anbima). So far, there are 47 macroeconomic variables and 26 firm specific variables
in the analysis'. There are at least 2% ~ 4.78 x 10?! candidate models. It does not include
impulse-indicator saturation or seasonal dummies.

Table 1 displays the specific firm’s variables which includes measurement of risk (Sortino
(Sortino and Price, 1994), Sharpe (Sharpe, 1966), Treynor (Treynor, 1973) and information
(Treynor and Black, 1973) ratios), volatility, performance (Jensen’s Alpha, internal return rate,
profit-price ratio, profit per share-price ratio, dividend yield), trend (momentum) and technical
analysis(described in more details in the next section). Table 2 displays the macroeconomic vari-
ables divided into Stock market variable, monetary policy, international market, real economic

outcome and fund industry.

1 The number os regressors in the GUM differs among shares due to the availability of data. There are 28 to Itat

SA, 25 to Itat-Unibanco and 26 to Bradesco.



Table 1 — Firm’s Variables Description

Variable Source Description

ret Economatica  Asset return

alfa Economatica  Alfa of 12 months

beta Economatica  Beta of 12 months

dy Economatica  Dividend Yield of 12 months

ebebit Economéatica  Enterprise value/ebit last 12 months
estoc Economética  Stochastic indicator 3/5 months

ifr3 Economatica IFR 3 months

ifr9 Economatica IFR 9 months

info Economatica  InfoRatio 12 months

liq Economatica  Liquidity of 12 months

Ip Economética  Profit/Price of 12 months

mm Economéatica  Moving average oscillator 6/12 months
mom1 Economatica Momentum of 1 month

mom12 Economatica Momentum of 12 month

neg Economatica  Transaction indicator of 12 months
parab Economatica  Parabolic indicator

pl Economatica  profit for share of 12 months/price
psr Economatica  Price to Sale Ratio of 12 meses
pvpa Economética  Price/Book value per share

risk Economatica  Risk indicator of 12 months

sharpe Economatica  Sharpe ratio 12 months

sortino Economatica  Sortino ratio 12 motnhs

te Economatica  Tracking Error 12 months

tir Economatica  IRR of one year

treynor Economatrica Treynor ratio 12 months

var Economatica  Value at Risk in % using 12 months
varvol Economatrica Monthly Changes in volume

volat Economatica  Monthly volatility using EWMA
volit Author Sum of the daily squared return of the month
volit12 Author Sum of last 12 months of daily squared returns

Source: The author.

27
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Table 2 — Macroeconomic Variables Description

Variable  Source Description
Ibovespa’s specific variables
premio Economaética Ibovespa excess return over SELIC
voli Economatica Sum of the daily squared return of Ibovespa in the month
volil2 Economatica Sum of last 12 months of daily squared returns of Ibovespa
vibovol Economatica Monthly change in volume
moibovl  Economaéatica Ibovespa momentum - 1 month
hml Economatica High minus low factor (Fama and French, 1993)
mom Economatica Momentum factor (Cahart, 1997)
sml Economética Small minus big (Fama and French, 1993)
Monetary policy related variables
ei Bacen Expected monthly inflation
ui Bacen Unexpected monthly inflation
mei Bacen Change in expected monthly inflation
selic Bacen Monthly Selic interest rate
m0 Bacen Monthly change in MO
ml Bacen Monthly change in M1
m2 Bacen Monthly change in M2
m3 Bacen Monthly change in M3
m4 Bacen Monthly change in M4
poup ANBIMA Monthly Saving rate
tpf Bacen Monthly change in Brazilian Federal Publics Bonds
ipcal Bacen Monthly observed inflation - IPCA
ipcal2 Bacen Inflation rate - IPCA (accumulated of 12 months)
International market related variables
dow FMI Monthly Dow Jones return
nasdaq FMI Monthly Nasdaq return
usajuro  FMI PRIME USA interest rate
varpre EIA Monthly Oil price variation
vcambl  Bacen Change in exchange rate 1 month
vcambl2 Bacen Change in exchange rate 3 month
vcamb3  Bacen Change in exchange rate 12 month

Continue
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Continuing
Variable Source Description

National market related variables
icea Fecomercio SP Monthly Economic conditions index
desempsp Seade Monthly Sao Paulo unemployment rate
vempin IBGE Monthly Industry employment rate
pil IBGE Industrial production change ( 1 months)
pil2 IBGE Industrial production change (last 12 months)
pib Bacen Monthly GDP growth
salario Anbima Monthly real minimum salary changes

Funds and industry portfolios returns

indrf Economatica Fixed-Income funds
dez Economaética Industry of Ibovespa future - December
ibrx Economaética Ibrx index
ibrx50 Economaética Ibrx Index for 50 companies
energia Economatica Energy companies portfolios
cdifer Economaética Index of Differentiated Corporate Governance
setind Economatica Manufacturing companies
vlbov Economaética IBVX2 index

Source: The Author.

All time series can have seasonal fluctuation. Although, seasonality in independent variable
can be modeled, the effect of seasonality in dependent variables may be ambiguous. On one hand,
when seasonal dependent variables are regressed on seasonal independent variables, the resulting
residuals may have seasonally varying patterns. On the other hand, if seasonal fluctuation in the
regressors fully accounted for the seasonal fluctuation in the dependent variable, the coefficient pre-
cision could be higher (Gersovitz and Mackinnon, 1978). Normally, more conservative researchers
employ seasonally adjusted data. In this study, it is intended to use the seasonal unadjusted se-
ries and to analyze carefully the residuals for any seasonal pattern. This study intend to test if
the independent variables patterns fully explain the returns variation and, hence, preventing the

retention of unnecessary dummy variables.

3.2 Indicators

3.2.1 Liquidity Indicator

The liquidity indicator of asset ¢ is calculated using the following formula:

lig; = 100 x % X sqrt (% X %) ,
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where
p; is the number of days with, at least, one trade of asset i;
P is the total number os days in the period;
n; is the number of trades with asset i within the period;
N is the total number of trades with all asset withing the period;
v; is the volume generated by trades with asset i within the period;

V is the total volume generated by all trades withing the period.

3.2.2 Transaction Indicator

The transaction indicator of asset ¢ is calculated using the following formula:

, ‘ N 2 A
v {5 ()

n; is the number of trades with asset i in the market;
N is the total number of trades in the BM&FBovespa;

v; is the volume generated by trades with asset i;

where

V is the total volume generated by all trades in BM&FBovesp;
p; is the number of trading session asset i is traded;

P the total number of trades in the period.

3.2.3 Risk Indicator

The risk indicator of asset ¢ is a simple standard deviation of the asset return multiplied by a

factor which facilitates the conversion for different periods.

risk; = SD (Cci’t — 1) x V12,

it—1
where
SD is the standard deviation estimator;

C;. is the closing price of asset i in month t;

3.2.4 Tracking error Indicator

This indicator shows how close to a benchmark the asset evolves. The benchmark used is the

Ibovespa index and the tracking error indicator of asset ¢ in month ¢ is:

o, — sp( Cie _ Bu ) « V12,

Cit—1 it—1
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where
SD is the standard deviation estimator;
(. is the closing price of asset i in month t;

B, ; is the closing value of the benchmark.

3.3 Technical Analysis

This section presents the technical analysis indicators. They are more commonly used in daily or
weekly frequency, not in monthly?. We adjust the daily /weekly period most used in the literature
to monthly indicators in order to incorporate them into the GUM and to capture changes in
trends within a year, that is, the longer parameters are always equal or less 12 months, as argued

by Merritt (1957) for a conservative investment strategy.

3.3.1 Moving Average Oscillator

The Moving average oscillator identifies changes in trends of the prices of the assets. It uses
two averages calculated for two different periods. This indicator signs change in the investment
position in the point which the short average crosses the long average.

Initially, it does not matter the signal, but the change in the signal of the difference is the
relevant event for investors. When the signal is initially negative and it becomes positive, it means
an upward trend, this indicator suggests to buy the stock. On the opposite, if it is positive and
the difference becomes negative, the prices have a declining trend, thus, it is time to sell it.

In this study, the short average uses 6 months and the long average uses 12 months as it is
common and conservative parameters for this indicator in the market. We use the series of the

differences of the long and short averages.

3.3.2 Parabolic system

Developed by J. Welles Wilder Jr. in his book New concepts in technical analysis trading
systems (1978), the parabolic indicator is also known as Stop and Reversal (SAR). Never mind
your initial position, short or long, the stop is approximating. It is a function of the price and also
a function of the time. If the prices are traded below this indicator, it is a signal to sell the stock.
Opposite, its indicates an upward trend for the stock.

The system starts with the lowest price (paraby). The next value is calculated using the

following system:

2 Park and Irwin (2007) make a vast literature review about technical analysis predictive ability.
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Let EP is the extreme point in the period and AF is the adjusted factor. If the trend is positive,

then, the next parab is:

parab, = parab;_y + AF x (EP — SAR).

AF starts with value 0.02 and it increases 0.02 every time there is a higher EP, otherwise, it
keeps the previous value. It is suggested by Weller Jr. (1978) that the adjusted factor is not higher
than 0.2.

When the trend is declining, the initial EP is the maximum value in the period. AF starts in
0.02 again. Every time there is a new minimum, EP assumes this value and AF is increased and

the parabolic indicator follows the formula:

parab, = parab,_; — AF x (EP — SAR).

The criticism about this indicator are related to the value of the adjusted factor which is an

investor’s decision.

3.3.3 Relative Strength Index

It was also developed by J. Welles Wilder Jr. (1978) to capture trend shifts in commodities

prices. It indicator ranges from zero to 100. The formula is:

Ap
IFR =100 X ———,
(Ah+Bh)

where

Ay, is the average of the closes up within the period h;

By, is the average of the closes down within the period h;

If the average of closes up is higher, the indicator returns higher values. It indicates an upward
trend. However, when it reaches the value of 80 or higher, it suggests that there will be a reversal
in the trend. It is the moment to sell the stock. If this indicator reaches 20 or below, there is also
a reversal in the trend and it suggest to buy the stock.

It is common to combine a shorter period with a longer one. Then, observing the market, the

parameters for h are 3 months and 9 months.

3.3.4 Stochastic indicator

Stochastic indicator is a technical indicator that compares a security’s closing price to its price

range over a given time period. It is calculated as following:

(C - M’th)

K =100
% Mazxy, — Miny,
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and e
D = 100 x e~ maMin)

mp,Maz;, — m,Min;,’

where

C is the last closing price;

Miny, is the lowest closing price within time window h;

Mazxy, is the highest closing price within time window h;

mycy, is the average of the n last closing price;

my, Miny, is the average of the last n Miny;

my,Miny, is the average of the last n Maxy,.

The logic behind this indicator is the same as in the moving average. Anytime K cross upward
D it is a positive trend, thus, a buying time. The opposite, when D is higher than K, it is the
selling price. User of this indicators argues that in an upward-trending market, prices tend to close
near their high, and during a downward-trending market, prices tend to close near their low.

The difference between K and D is the indicator used in this study with h = 5 months and n
equal to 3.

3.4 General Unrestricted Model

Following Abugri (2008), there are not contemporaneous variables in the GUM. The regressors
are lagged from one to 12 months. The underlying assumption is that all the relevant information
to predict next month return is within an one-year-window. Including more lags reduces even more
the sample.

The presence of non-stationary variables gives the opportunity to attempt a error correction
model. Therefore, it is derived an autoregressive distributed lag (ADL) which allows to capture

long-term relationships among the variables.

3.4.1 Co-integrated GUM

Let r; be a non-stationary variable, X;; is the ith stationary variable and Z;; is the ith non
stationary regressor, all of them in time t.

Consider the initial equation (3.1), where m is a constant:

J 1 J I J
Ty =m + Z Qg + Z Z 6inz't7j + Z Z BijZit,j + €. (31)
j=1

i=1 j=1 i=1 j=1

Given that,

Te=Ari+rig =1 — T+ T (3.2)



34

and

Ti—o = Ti—1 — Ary_y (3-3)

Ti_3 =711 — Ari_1 — Ary_o

Ti—g = Tt—1 — ATt_l — A’f‘t_g — ... — ATt_J_l.

Replace (3.2) on the left-hand side of equation (3.1) and (3.3) on the right-hand side for r, and

Zit7
I J J J—1 J
Art:m—i—ZZ(L Xi—j — (1—20@) T 1—2(2 ozk> Ary_j — (3.4)
i=1 j=1 j=1 \k=j+1
I J-1 J I J
Z Z ( Z sz) AZy—j++ (Z Zﬁijzit—l> + €.
i=1 j=1 \k=j+1 i=1 j=1
Manipulating,
I J J—1 I J-1
A’I"t =m+ Z Z 5init—j - Z WjATt_j - Z Z QjAZit—j - (35)
i=1 j=1 j=1 i=1 j=1
J 1 J
=1 Dij
- <1 - Z%’) T 1 — Z Z] 3 ’ Zip—1| + €,
j=1 i-1 (1 — i1 %’)
where

J
T = E (673

k=j+1

J

= > B

k=j+1

Then, the co-integrated GUM (CGUM) is:

I oJ-1
Ar, = m—i—ZZészt _j Z@Am _j ZZQ AZy_; —ar,_ 1—1—2% i1, (3.6)
=1 j=1 i=1 j=1

where the last two terms of Equation (3.6) show the long run relationship between the co-integrated

variables,

J
Vi = Z Bij
j=1
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J
ozzl—g Q;.
=1

It is also applied the GUM with trend (TGUM) to control for the non-stationarity when the

dependent variable is stationary in trend as we will see in the next section. The TGUM is:

I J
m+trend+ZZ(5”X,t —j Z%T‘t —j ZZBjAZit—j' (3.7)

i=1 j=1 i=1 j=1

3.4.2 Stationary GUM

The Stationary GUM (SGUM) is constructed by differentiating or detrending all non-stationary
variables. The chosen treatment for each variable is the one which does not increase its uncon-
ditional variance. Thus, let X; be the stationary variable i and Z;, the non-stationary variable j.
We are dealing with two types of returns: stationary (Itat SA, Itat Unibanco and Bradesco) and
trend stationary (market premium). Thus, two different SGUM’s are required. Now, let r; be the
stationary dependent variable, Equation 3.8 is the stationary GUM:

I J
rt:m—l—zz 1 Xt Zozjrt _j ZZBJAZ“ _j- (3.8)

i=1 j=1

If the return is trend stationary, the SGUM is equation 7 plus a trend variable. The intention

is to model the trend instead of removing it from the series.

3.5 Forecast Evaluation

The selected models are compared to an autoregressive model which the order is also selected
using Autometrics but without impulse-indicator saturation and with a simple average as defended
by Goyal and Welch (2006). This study applies three indicators to measure the accuracy of
the selected models: Root Mean Square Forecasting Error (RMSE), Mean Absolute Percentage
Forecating Error (MAPE) and the third one is an investment performance in which the investor
choose to buy the asset in the beginning of the month and sell it at the end of the same month.
The difference in the return generated by the model and the best return for the period is the third
indicator of performance.

However, none of them test statistically if one forecast is superior than the other. Our interest
is related to the accuracy and superiority of the predicted series, not the model itself, as this former
is statistically tested in Autometrics. Diebold and Mariano (1995) developed a statistical test (DM

test, from now on) for a model-free environment. There is no need to make any assumption about
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the models which generated the forecasts. Furthermore, it is also possible to compare forecasts
that do not originate from any econometric model.

DM test uses the forecast errors (e;) as primitives and a forecast error loss function. Let L(e;),
e. g. L(e;) = €2 (time-t quadratic loss) or L(e;) = |e;| (time-t absolute loss). The assumption of
DM test relies on the forecast error loss differentiald;o;, that is, the time-t loss differential between
forecasts 1 and 2 is dyo; = L(ey;) — L(eg;). The only requirement to validate the test is that dyy; is

covariance stationary:

E<d12t) = u, vt
cov(dyat, diar—r) = ¢(7), Vt
0 < wvar(diy) = 0% < 0o

The null hypothesis of equal predictive accuracy correspond to F(djs;) = 0 in which case, the
DM test becomes a simple z-test. The DM statistic is:
diz 4
DM12 = — — N(O, 1),
O-JIQ
where dyy = %Zle dip; and oy, is a consistent estimate of the standard deviation of dis.
Diebold and Mariano (1995) argue that the forecast error and consequently the loss differential,

may be serially correlated due to many reason, the most likely is any error in the forecasts. Thus,
DM statistic should be calculated robustly. The authors suggests 73, = %\/27rfd12(0), in which

fa,,(0) is a consistent estimator of the loss differential spectrum at frequency zero, 2mfy,,(0) =

. T . . 1 = s .
Z(TT:j()Tfl) I (ﬁ) Aa(T), where ,4(7) = T ZtT=|T\+1(dt — d)(di—|;| — d) is the estimator to the

autocovariance of the loss differential at displacement 7 and d is the mean. I (ﬁ) is the

lag window which assumes value one if

ﬁ‘ < 1 or zero, otherwise, and S(7') = k — 1 is the
truncation lag for k-step-ahead forecast errors.

Although there are extensions of DM test correcting for data snooping (White, 2000), the model
selection algorithm used in this study is considered robust to that problem. Thus, only DM test is
applied, in which the null hypothesis is that the average and the multivariate model forecasts are

equal against the null hypothesis that the average generates superior forecasts.

3.6 Autometrics Settings

The bullets above describe how Autometrics was programmed in order to select the forecasting

models.
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It was included the Impulse-Indicator Saturation and Differentiated Impulse-Indicator Sat-

uration.

Initial Pre-search is active.

P-values criterion: set from 0.05 to 5 x 107°.

Diagnostic tests p-value is set at 0.05 of significance level.
Backtesting against GUMO.

Tie-breaker used is the union of the final candidate models due to the use of an information
criteria selects smaller models which raises the forecasting error and the inverse relationship

between in-sample adjustment and out-of-sample performance found by Hansen (2010).

Recursive Ordinary Least Square: After selecting the terminal model, it is recursively esti-
mated to generate the forecasts. It allows to capture the time-varying risk exposure of the

assets.



4 Results

4.1 Descriptive Statistics

Figure 2 shows the graphics of the market premium(Figure 2.a) and three assets returns in
analysis ( Figures 2.b, 2.c and 2.d respectively to Itan SA, Itat Unibando and Bradesco). Appar-
ently, only PREMIO seems to be non-stationary with a slightly positive trend slope using 0.05 of
significance. It may not be a surprise as Brazil faced a substantial decrease in its basic interest
rate (SELIC) since the hyperinflation was controlledlllllllll in July 1994 with the "Real Plan". It
decreased from 48.9% per annum in 1995 to 10% in January 2014. Indeed, the Augmented Dickey-
Fuller tests in Tables 3, 4, 5 and 6 confirms that Brazilian market premium is trend stationary
while the other three series of returns are stationary with constant. The average market premium
is -1%, the average returns of Itau SA, Itau-Unibanco and Bradesco are 1.67%, 1.3% and 1.47%,

respectively, for the period.

Figure 2 — Market Premium and Assets Returns
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Source: The Author.

It is worth noting that the maximum and the minimum returns of Itat SA, Itad-Unibanco

and Bradesco are similar in absolute value but with opposite sign. For example, Itat SA had its
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maximum monthly return of 27,4% in October 2002 and the minimum of -27.9% August 2008.
Furthermore, the lowest returns of those assets and the market premium are observed in the same
period. First, in the second semester of 2002 which was the election period and the second was in
2008, the peak of Subprime crisis.

Analyzing the other variables, there are some which the ADF test suggests being non-stationary
to all shares (Tables 3, 4 and 5). Those variables are beta, the transaction index (neg), parabolic
indicator (parab), price-book value per share ratio (pvpa), Risk indicator (risk) and tracking error
(te). Non-stationary beta, risk indicator and the value at risk (var) corroborate Berk, Green and
Naik (1999) that argues a firm has a time-varying systematic risk due to the change in the set
of investment opportunity. If one of those opportunities have low systematic risk, it lowers the
average systematic risk of the firm and consequently, when this investment opportunity ends, the
average of firm’s systematic risk rises again. Transaction indicator index is a proxy to liquidity of
the stock which also varies with the business cycle and the characteristics of the firm, such as its
size (Naes, Skjeltorp and Odegaard, 2011). Two assets have non-stationary dividend yield (dy),
Itat SA and Bradesco. Although the theory argues this variable should be stationary, the only
possible explanation is the short sample period available and the highly volatile Brazilian economy.
The ADF test also suggests that the relative strength indexes of nine months (ifr9) of Itaia SA
and Itat-Unibanco are non-stationary, but these variables are bounded between 0 and 100. One
possible explanation is that the monthly aggregation generates a false non-stationary variable due
to structural changes, for example!. However, we also differentiate these variables, as we just apply
one unit root test.

Describing the macroeconomic variable, it also is possible to have a superficial description
of the Brazilian economy from 2001 to beginning of 2014. The unemployment rate (desempsp)
clearly shows a negative trend and it is integrated of order one. In the end of the period, the
unemployment rate seems to change its trend and it flows around 10%. The real salary growth is
stationary with average of 0.37% per month.

Monthly basic interest rate (selic), the 12 months accumulated basic interest rate (selic12) and
saving rate (poup) also followed a negative trend. However, monthly inflation rate and 12 months
accumulated inflation rate is stationary around their mean, 0.53% and 6.5%, respectively. The
monthly GDP growth (pib) and industrial production are also stationary with 0.8% and 0.18% in

average, respectively.

! ADF test has low power when there are structural breaks in the series. We can see in the Figures 4.a and 4.b in

Appendix that around 2008, due to the Subprime crisis, there seems to be a structural break in these indicators.
This break may have induced the ADF test to suggest that the relative strength indexes of Itat SA and Itau
Unibanco are non-stationary.



Table 3 — [tan SA’s variables

Variable Mean SD Min Max  ADF test Cons/Trend  Unit root

alfa 14.923 20.712 -43.38 64.515  -2.192 - 1(0)
beta 0.92 0282 0.116 1615  -2.526 cons 1(1)
dy 4254 1441 1817 9556  -2.546 cons 1(1)
estoc  69.039 23.835 2.978 100 -4.605 cons 1(0)
evebit 379  7.779 -17.453 46.379  -3.377 cons 1(0)
ifr3 63.221 33229 0 100 -4.951 cons 1(0)
ifr9 64.432 19.558 17.226 100 2.71 cons I(1)
info 0.853  1.031 -2.123  3.805  -3.475 cons 1(0)
lig 1.612  0.364 0915 2139  -1.88 trend I(1)
mm 0.141 0.305 -0.679  0.899  -4.789 cons 1(0)
mom1 0 0129 -0.371 0496  -12.4 - 1(0)
moml12 -0.002 0.116 -0.34  0.303  -13.21 - 1(0)
neg 1.652 0427 0911 2287  -1.761 trend I(1)
parab  3.992 2711 0444 89 -2.558 trend I(1)
pl 0.391 2.626 3.698 16.128  -2.56 cons I(1)
pst 4093 3.234  0.846  10.998  -2.266 trend I(1)
pvpa 1.859  0.581  0.762  3.084  -0.547 - I(1)
ret 0.017 0.085 -0.279 0274  -14.104 cons 1(0)
risk 27.809 9.022 13.396 50.691  -2.505 cons I(1)
sharpe  0.716 1186 -1.494 3372  -2.363 - 1(0)
sortino  2.948  6.497 -1.562 53.989  -3.105 - 1(0)
te 18.174 4.965 9.324  28.446  -2.682 cons 1(1)
tir 28.080 34.873 -37.483 112.634  -1.763 - 1(1)
treynor  24.184 41.821 -46.715 156.46  -1.888 - I(1)
var 2873 0932 1384 5237  -0.969 - I(1)
volat 39.88  0.118  25.02 57.043  -3.407 - 1(0)
volit 0.0107 0.0138 0.001  0.109  -11.273 cons 1(0)
volit12  0.148  0.053 0.081 0.3768  -4.858 trend 1(0)

ADF critical values for 5% with only constant, -2.88, with constant and trend, -3.43,
and without constant, -1,95.
Source: The Author.
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Table 4 — Itat Unibanco’s variables

Variable Mean SD Min Max  ADF test Cons/Trend  Unit root

alfa 0.114 19.749 -42.635 76.449  -2.493 - 1(0)
beta 0.953 0312 0275  1.677  -2.455 cons I(1)
dy 3171 0.862 1517  6.237  -3.305 cons 1(0)
estoc  66.813 24.365 8.883 100 -4.343 cons 1(0)
ifr3 61.195 32.314  0.000 100 -5.094 cons 1(0)
ifr9 61.845 17.609 20.291 100 -2.683 cons 1(1)
info 0455 0.861 -1.706  2.665  -2.467 - 1(0)
lig 2.994 0543 1.948  3.869  0.403 - 1(1)
mm 0.473  1.099 -2.847 3522  -4.592 cons 1(0)
moml  0.000 0.140 -0.407  0.524  -11.193 - 1(0)
moml2 -0.002 0.123 -0.384  0.379  -14.060 - 1(0)
neg 2796 0522 1827 3576  -1.979 cons 1(1)
parab 15261 9.074 2.194  31.521  -3.681 trend 1(0)
pvpa 2.820 0.777 1538  4.873  -0.840 - 1(1)
ret 0.013 0.090 -0.314 0308  -15.013 cons 1(0)
risk 28.962 10.468 15403 58269  -2.768 cons I(1)
sharpe 0492 0980 -1.607  3.290  -2.907 - 1(0)
sortino  1.409 2472 -1.681 12.668  -2.795 - 1(0)
te 19.679 6.855 8399 33.874  -2.489 cons I(1)
tir 22146 30.978 -39.228 96.486  -1.798 - 1(1)
treynor  15.654 36.989 -72.622 158.059  -1.962 - 1(0)
var 2.992 1.082 1.591  6.020  -0.837 - I(1)
volat  41.940 8974 26.601 59.547  -2.822 - 1(0)
volit 0.011 0.011  0.001  0.100  -11.64 cons 1(0)
volit12  0.152  0.042 0.0853 0.370  -4.356 cons 1(0)

ADF critical values for 5% with only constant, -2.88, with constant and trend, -3.43,
and without constant, -1,95.
Source: The Author.

4.2 Forecasting Analysis

421 Market Premium

Brazilian market premium for the period between 2001 and 2014 is stationary in trend according
to ADF test. Then, it is applied the SGUM and CGUM with differentiated dependent variable
and fixed constant, that is, it will be in the terminal model. It is also used the TGUM, in which
besides the constant, the trend is also fixed. Table 7 brings the forecast evaluation to all p-value
criterion used. The first and second columns say the number, the GUM and the model estimated,
respectively. AR(p) stands for autoregressive of order p in which p is selected using Autometrics,
Auto for the multivariate models selected using Autometrics and Mean for a regression on a

constant. The third column displays the p-value criterion. The fourth shows the number of



Table 5 — Bradesco’s variables

Variable Mean SD Min Max  ADF test Cons/Trend  Unit root
alfa 10.901 323  -66.391 132.186  -1.983 - 1(0)
beta 0.992 0.342 0.161 1.832 -2.561 cons I(1)
dy 3.858  1.529 0.71 8.953 -1.057 - I(1)
estoc 64.884 25.924  2.797 100 -4.446 cons 1(0)
ifr3 59.194 33.054 0 100 -5.085 cons 1(0)
ifr9 61.254 18.863 5.848  99.908 -3.53 cons 1(0)
info 0.619 1.067  -1.55 4.387 -2.683 - 1(0)
li 3.236  0.754  2.277 5.227 -2.933 cons 1(0)
mm 0.512 1.161 -3.298 2.98 -6.653 cons 1(0)
mom1 0 0.134  -0.408  0.431 -13.974 - 1(0)
moml2 -0.001 0.123 -0.309  0.375 -14.353 - 1(0)
neg 3.143  0.791  2.123 5.151 -2.449 cons I(1)
parab 15.165 9.934  1.894 33.82 -3.496 trend 1(0)
pl 11.143 2585 5954  18.512 -2.245 cons I(1)
pvpa 2.356  0.746  1.088 4.42 -0.625 - I(1)
ret 0.015 0.09 -0.242  0.251 -13.498 cons 1(0)
risk 29.805 8.993 12.161 49.9 -3.769 trend 1(0)
sharpe 0.516 1.083 -1.713  3.933 -2.674 - 1(0)
sortino 1.858  3.849 -1.774  20.95 -2.098 - 1(0)
te 20.166 6.039  8.241  41.251 -5.043 trend 1(0)
tir 25.789 39.041 -38.922 177.885  -1.953 - 1(0)
treynor  18.538 45.39 -74.523 171.365 -2.06 - 1(0)
var 3.079  0.929  1.256 5.155 -3.918 trend 1(0)
volat 42.63 10.842 24.126  62.328 -2.804 trend I(1)
volit 0.011  0.013  0.001 0.114 -11.308 cons 1(0)
volit12 0.156  0.0513  0.075 0.317 -4.132 trend 1(0)

ADF critical values for 5% with only constant, -2.88, with constant and trend, -3.43,

and without constant, -1,95.
Source: The Author.
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parameters in the terminal model. The fifth and sixth display the mean and standard error of the

forecasting errors. The last four columns show the Root Mean Square Forecasting Error (RMSE),

Mean Absolute Percentage Error (MAPE), the investment performance of the model and Diebold-

Mariano test, in which null hypothesis is that the multivariate model’s forecasts and the Mean

model’s forecasts are equal and the alternative hypotheses is that the Mean model’s forecasts are

superior.

Starting from the RMSE (column 7), model 27 in table 7 has the smallest RMSE, however, its
MAPE is much larger. The best MAPE is reached by the model selected with p-value of 0.00001
from CGUM (model 48), but it fails in the diagnostic tests. The lowest value for a congruent
model is also selected by the CGUM with p-value of 0.000005, model 49 (Table 7).



Table 6 — Macroeconomic variables

Variable ~ Mean  SD Min  Max ADF test Cons/Trend Unit-root

cdifer 0.013 0.069 -0.261 0.187 -10.931 cons 1(0)
desempsp 0.148 0.034 0.090 0.207  -3.229 trend I(1)
dez -0.001 0.073 -0.300 0.134 -10.676 - 1(0)
dow 0.003 0.043 -0.147 0.101 -10.857 ; 1(0)
el 0.054 0.015 0.034 0.132 -4.040 cons 1(0)
energia 0.011 0.069 -0.246 0.191 -10.846 - 1(0)
hml 0.003 0.006 -0.016 0.025  -9.546 cons 1(0)
ibovretl 0.001 0.010 -0.029 0.025 -17.419 - 1(0)
ibrx 0.012 0.066 -0.289 0.168 -10.370 - 1(0)
ibrx50 0.011 0.068 -0.299 0.175 -10.526 - 1(0)
icea 0.005 0.054 -0.121 0.191 -15.068 - 1(0)
indrf 0.012 0.008 -0.018 0.046 -11.069 trend 1(0)
ipcal 0.005 0.004 0.000 0.030 -5.214 cons 1(0)
ipcal2 0.065 0.029 0.030 0.172 -2.915 cons 1(0)
ivi 0.005 0.009 -0.023 0.026 -11.872 cons 1(0)
ml 0.010 0.057 -0.196 0.209 -15.680 cons 1(0)
m2 0.013 0.017 -0.033 0.063 -12.343 cons 1(0)
m3 0.012 0.007 -0.005 0.033 -10.107 cons 1(0)
m4 0.012 0.007 -0.008 0.036 -10.263 cons 1(0)
mei 0.000 0.005 -0.015 0.035 -6.434 - 1(0)
mo 0.011 0.062 -0.149 0.191 -15.711 cons 1(0)
moibovl  0.000 0.016 -0.042 0.042 -14.199 - 1(0)
mom 0.004 0.010 -0.020 0.043  -7.689 cons 1(0)
nasdag  0.005 0.053 -0.243 0.136  -9.248 ; 1(0)
ouro 0.010 0.062 -0.143 0.203 -14.291 cons 1(0)
pil 0.002 0.020 -0.130 0.044 -11.246 - 1(0)
pil2 0.019 0.059 -0.196 0.174  -2.841 - 1(0)
pib 0.009 0.037 -0.102 0.083 -12.196 cons 1(0)
poup 0.006 0.001 0.005 0.011  -3.578 trend 1(0)
premio -0.010 0.010 -0.039 0.016 -16.470 trend 1(0)
salario 0.004 0.032 -0.033 0.169 -12.912 - 1(0)
sbm -0.002 0.007 -0.020 0.027 -10.604 cons 1(0)
selic 0.011 0.004 0.005 0.021  -3.091 trend I(1)
selic12 0.155 0.049 0.080 0.261  -6.318 trend 1(0)
setind 0.014 0.071 -0.293 0.181 -9.686 cons 1(0)
tpf 0.015 0124 -0.718 0.563  -9.637 ; 1(0)
ul 0.011 0.021 -0.015 0.095  -5.208 trend 1(0)
usajuro 0.017 0.018 0.001 0.053 -1.514 - I(1)
varpre 0.004 0.092 -0.430 0.228  -10.055 - 1(0)
vcambl 0.000 0.053 -0.149 0.254 -12.863 - 1(0)
vcambl2  0.007 0.182 -0.291 0.449 -3.802 - 1(0)
vcamb3 0.000 0.072 -0.210 0.307  -7.040 - 1(0)

Continue
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Continuing

Variable Mean SD Min  Max ADF test Cons/Trend Unit-root
vempin 0.001 0.010 -0.052 0.024  -8.502 . 1(0)
vibovol 0.016 0.172 -0.534 0.463 -17.538 - 1(0)
vibov 0.012 0.061 -0.228 0.141 -10.627 cons 1(0)
voli 0.010 0.014 0.001 0.120 -11.63 cons 1(0)
volil2 0.141 0.059 0.073 0.381  -3.959 cons 1(0)

ADF critical values for 5% with only constant, -2.88, with constant and trend, -3.43,
and without constant, -1,95.
Source: The Author.

The third indicator which measure the profitability of the model indicates that model 49 is the
congruent model with the smallest distance from the benchmark (Figure 3). When it comes to
the DM test, there is no difference between the model 49’s forecast and the a simple model with a
trend and a constant (model 51 in Table 7). This disagreement between statistical and economical
measures for forecasting stock returns are reported in Cenesizogly and Timmermann (2012). They
find that many models underperform the benchmark in terms of RMSE but they produce superior
economic performance when applied to the investor’s decision.

Statistically, it was not possible to overcome a simple average. Nonetheless, economically it
was possible to reach a return 0.01 basis point less than the highest return possible to the period
for a simple investment strategy with an error correction model. Table 8 shows model 49, its
parameters and all the diagnostic tests. There is a highly significant autoregressive parameter
with an individual explanatory power of 8.5%, a monetary base parameter lagged 10 months
(mly_10) reflecting the well known lag in affect of the monetary policy, an one-lagged volatility
parameter capturing the last month risk with negative sign and the error correction coefficients
(variables premio;_; and selic;_1). These three last variables are not significant, but the residuals
show that the model is well specified, passing in all the diagnostic tests, and it also generates
constant parameters, shown in the second part of the table.

It seems that Model 49 presents multicollinearity. The correlation between premio,_; and
vibovol;_1 is 0.93. In the absence of vibovol;_1, all the other coefficients are highly significants
(Table 9) and the only differences are in the coefficients of premio, 1 and selic; and the Adjusted
R?. However, Adjusted R? is a measure of in-sample adjustment and we are focusing on out-of-
sample adjustment. The RMSE and Returns are still the same, with a slightly higher MAPE.
Castle, Qin and Reed (2013) discuss that some measures of predictive efficiency may accept biased
estimates of individual coefficients as long as accurate predictions are produced. As the objective
of this study is to generate accurate stock returns predictions, some difference in the estimated
coefficient to its population value is accepted as it generates better forecast.

Exploring more the error correction part, we analyze the other terminal candidates (Table 10).

From them, it is possible to see that the error correction part is retained in two out of three terminal



Table 7 — Market premium’s Forecast Evaluation

Model GUM  P-value  # coef. Mean** SE** RMSE** MAPE Return®** DM p-value
1 0.05 19 -0.230 0.807 0.840 118.250 1.205 -
2 0.01 16 -0.230 0.770 0.800 112.820 1.205 -
3 =  0.005 14 -0.230 0.770 0.808 113.120 1.205 -
4 =  0.001* 12 -0.230 0.710 0.749 102.780 1.205 -
5 < 0.0005 7 -0.230 0.780 0.810 124.410 1.205 -
6 § 0.0001%* 9 -0.230 0.756 0.790 116.430 1.328 -
7 O 0.00005 7 -0.231 0.786 0.819 124.410 1.328 -
8 &= 0.00001 7 -0.231 0.786 0.819 124.410 1.328 -
9 5E-06 7 -0.231 0.786 0.819 124.410 1.328 -
10 0.000001* 10 -0.233 0.737 0.773 109.260 1.205 -
11 0.05 19 -0.736 1.862 2420  254.307 7.566 -
12 0.01 19 -0.363 0.992 1.350  200.941 3.860 -
13 = 0.005 17 -0.357  0.933 1.340 194.957 2.227 -
14 ~ 0.001 14 -0.521 0.909 1.365 192.373 3.987 -
15 <F 0.0005 13 -0.393 0.808 1.299 178.489 3.987 -
16 = 0.0001 15 -0.493 0.907 1.362 191.906 3.987 -
17 5 0.00005*% 11 -0.546 0.886 1.340 181.063 3.778 -
18 A 0.00001* 5 -0.733 0.875 1.446 188.294 5.255 -
19 0.000005* 5 -0.733 0.875 1.446 188.294 5.255 -
20 0.000001* 5 -0.733 0.875 1.446 188.294 5.255 -
21 0.05 111 0.241 1.662 2.106  259.127 5.445 -
22 0.01 27 -0.419 0.853 0.974 116.523 3.720 -
23 g 0.005* 37 -0.613 0.791 0.866 88.899 2.732 -
24 o> 0.001% 9 -0.223 0.770 0.876 107.901 1.853 -
25 ﬁ‘ 0.0005% 12 -0.252 0.884 1.077 147.756 2.829 -
26 S 0.0001%* 2 -0.417  0.377 0.762 91.250 1.328 -
27 ch 0.00005 6 -0.475 0.642 0.739 101.607 1.205 0.8121
28 % 0.00001* 2 -0.417  0.377 0.762 91.250 1.328 -
29 0.000005* 2 -0.417  0.377 0.762 91.250 1.328 -
30 0.000001* 2 -0.417  0.377 0.762 91.250 1.328 -
31 0.05 108 -0.626 1.746 1.855  268.890 5.359 -
32 0.01 34 -0.498 1.240 1.336 159.240 5.588 -
33 o 0.005 33 7x10%8  2x10%°  2x10%°  1x10%! 6.128 -
34 E 0.001* 12 -0.097  0.952 0.957 121.380 2.096 -
35 <t 0.0005% 6 -0.265 0.758 0.803 86.300 2.087 -
36 = 0.0001%* 6 -0.213 0.890 0.916 110.630 1.328 -
37 8 0.00005*% 4 -0.135 0.784 0.796 108.530 1.328 -
38 & 0.00001 6 -0.161 0.782 0.799 103.170 1.328 -
39 0.000005* 4 -0.135 0.784 0.796 108.530 1.328 -
40 0.000001* 4 -0.135 0.784 0.796 108.530 1.328 -

Continue.
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Continuing.

Model GUM P-value # Coef. Mean** SE** RMSE** MAPE Return** DM p-value
41 0.05 100 516 90963 94779 5734902 10.301 -
42 0.01 52 -0.393 0.946 0.984 106.426 4.142 -
43 8 0.005 29 1.431 3.766 5.125 583.394 6.996 -
44 Eé 0.001 21 -0.585 2.047 1.896 253.401 3.913 -
45 \ 0.0005 14 381.81 79017.36  82179.99 4880402 10.301 -
46 % 0.0001 11 -7.049 24.577 29.269 2925.514 1.328 -
47 &) 0.00005 7 -0.553 0.553 0.828 108.221 1.205 -
48 2 0.00001* 5 -0.467 0.429 0.779 83.573 0.209 -
49 5E-06 6 -0.500 0.472 0.803 87.906 0.976 0.4302
50 0.000001* 3 -0.417 0.377 0.762 91.250 1.328 -
51 Trend and constant* 2 -0.230 0.880 0.910 121.340 1.328 -
52 Dif.premio constant* 1 -0.829 0.908 1.539 214.745 5.255 -

Note: * Model fails in, at least, one of the diagnostic tests.

** Values are multiplied by 100.

Source: The author using OxMetrics 7.

Figure 3 — Model 49’s Forecasts
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Source: The author using OxMetrics 7.
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Table &8 — Error Corection Model 49

Variables Coef. Std.Error t-value t-prob Part.R2
D.premio;_4 0.280 0.084 3.340  0.001 0.085
mls_19 0.053 0.013 4.090  0.000 0.122
vibovol;_, -0.003 0.080 -0.039  0.969 0.000
premio;_q -1.591 1.404 -1.130  0.259 0.011
selic;_q -1.404 1.391 -1.010  0.315 0.008
Constant -0.001 0.002 -0.243  0.809 0.001
R? 0.731

Adj R? 0.720

# observations 127

RSS 0.009

F(5,121)= 65.880 [0.000]

Log-likelihood 429.150

# parameters 6

1-step (ex post) forecast analysis 2013(3) - 2014(2)
Parameter constancy forecast tests:

Forecast Chi2(12)= 11.583  [0.479]
Chow F(12,121)= 0.930 [0.519]
CUSUM t(11)= -0.857 [0.409]
Diagnostic Tests:

AR 1-2 test: F(2,119) = 0.677 [0.510]
ARCH 1-2 test: F(2,123) = 0.338 [0.714]
Normality test: Chi2(2) = 0.611 [0.736]
Hetero test: F(10,116) = 1.731 [0.081]
Hetero-X test:  F(20,106) = 1.421 [0.128]
RESET23 test: F(2,119) = 1.286 [0.280]
Sample Period: 2002(8) - 2013(2)

Source: The author using OxMetrics 7.

models with highly significant coefficients (Terminal 1 and 3). Interesting that each terminal model
fails in one diagnostic test. Terminal 1 and 2 present heteroskedasticity and Terminal 2’ residuals
are auto correlated. However, the union of them passes in all the diagnostic tests and increases the
p-value of the error correction coefficients. Coincidently, the union model also presents the lowest
AIC, HQ and SC information criteria, though we do not use them as selection criteria.

Thus, for our proxy of market premium it was possible to reach a better predictive performance
than its historical average, defended by Goyal and Welch (2006), with a simple linear model and
with much simpler restrictions than those applied by Campbell and Thompson (2008). We just
apply a tighter p-value criterion to select the relevant variables. We reach an error correction
model and we show that besides its long-term prediction power as argued by Engle and Yoo (1987)

and Hoffman and Rasche (1998), this model also generates more accurate short-term forecasts.



Table 9 — Error correction model 49 excluding vibovol;

Variables Coef. Std.Error t-value t-prob Part.R2
D.premio;_4 0.280 0.083 3.360  0.001 0.085
mly_19 0.053 0.013 4.110  0.000 0.122
premio;_q -1.644 0.133 -12.400  0.000 0.558
selic;_q -1.457 0.237 -6.160  0.000 0.237
Constant -0.001 0.002 -0.249  0.803 0.001
R? 0.731

Adj R? 0.723

# observations 127

RSS 0.009

F(5,121)= 83.030 [0.000]

Log-likelihood 429

# parameters 5)

1-step (ex post) forecast analysis 2013(3) - 2014(2)
Parameter constancy forecast tests:

Forecast Chi2(12) =  11.708  [0.469)
Chow F(12,122) = 0.950 [0.500]
CUSUM t(11) = -0.847 [0.414]
Diagnostic Tests:

AR 1-2 test: F(7,115) = 0.996 [0.437]
ARCH 1-2 test: F(7,113) = 0.885 [0.520]
Normality test:  Chi2(2) = 0.600 [0.740]
Hetero test: F(8,118) = 1.680 [0.110]
Hetero-X test:  F(14,112) = 1.340 [0.195]
RESET23 test:  F(2,120) = 1.286 [0.280]
Sample Period: 2002(8) - 2013(2)
Forecast Evaluation

Mean -0.005

SD 0.005

RMSE 0.008

MAPE 87.912

Return 0.010

DM 0.430

Source: The author using OxMetrics 7.
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Table 10 — Terminal Candidates to Model 49

. Union Terminal 1 Terminal 2 Terminal 3
Variables Coef. p-value Coef. p-value Coef. p-value Coef. p-value

D.premio;_; 0.280 0.001 0.244  0.006 - - - -
0.048  0.000

ml,_10 0.053 0.000 - - - -

vibovol;_; -0.003 0.969 - - -0.074  0.000 - -
Premiog_q -1.591 0.259 -1.637  0.000 - - -1.280  0.000
selicy_q -1.404 0.315 -1.409 0.000 - - -1.137  0.000
Parameters 6 - 4 - 2 - 4 -
Loglik 429 - 421 - 416 - 424

AIC -6.664 - -6.566 - -6.527 - -6.607 -
HQ -6.609 - -6.529 - -6.509 - -6.571 -
SC -6.529 - -6.476 - -6.482 - -6.517 -
AR(2) test - 0.510 - 0.594 - 0.044 - 0.079
ARCH(2) test - 0.714 - 0.756 - 0.275 - 0.229
Normality test - 0.737 - 0.469 - 0.459 - 0.817
Hetero test - 0.082 - 0.045 - 0.215 - 0.015
Chow test - 0.988 - 0.995 - 0.995 - 0.986

Source: The author using OxMetrics 7.

422 ltad SA, Itad - Unibanco and Bradesco

This section presents the predictive performance for the selected forecasting models to Bradesco,
Itat-Unibanco and Itai SA stock returns. The results are very similar to the three assets, but,
unfortunately, different from the market premium error correction forecasting model.

For Bradesco’s stock (Table 11), all the results are very similar to the Mean model (model 65).
The SGUM-AR(p) reaches the Mean model very fast, for p-value criteria lower 0.01. Model 53
presents lower MAPE than the model 65, but it is the same for RMSE and Return. The DM test
also indicates that statistically, the forecasts are equal. In the multivariate models (SGUM-AUTO),
only one model was able to reach the Mean model’s RMSE and MAPE. Bellow p-value criteria of
0.001, the selected model is the Mean model. Furthermore, the Mean model for Bradesco’s returns
passes in all the diagnostic and parameter constancy tests (Table 12).

For Ttat-Unibanco stock returns forecasting evaluation (Table 13), no AR(p) seems to be well
specified, they all fail in at least one diagnostic test, mostly in the normality test. For p-values
below 0.001, no variable is retained and the model becomes the Mean Model (model 78). For the
multivariate models, there is also the over parameterization problem. However, for lower p-values
the selected models do not pass in the diagnostic tests and below 0.0001 there is not remaining
variable. The Mean model also fails in the normality test and it raises the question if it would be
possible to accept such failure, as, most of the returns generally do not follow a normal distribution.

Allowing the over parameterization problem, the selected multivariate model (model 74) is



Table 11 — Bradesco’s Forecast Evaluation

50

Model GUM P-value # coef. Mean** SE** RMSE** MAPE Return** DM p-value
53 = 0.05 4 -3.20 7.30 7.98 200.70 43.82 0.584
54 ~ 0.01 1 -3.10 7.30 8.03 248.06 43.80 -
5%} << 0.005 1 -3.10 7.30 8.03 248.06 43.80 -
56 % 0.001 1 -3.10 7.30 8.03 248.06 43.80 -
o7 ] 0.0005 1 -3.10 7.30 8.03 248.06 43.80 -
58 e 0.0001 1 -3.10 7.30 8.03 248.06 43.80 -
59 o 0.05 106 -5.80 10.30 11.90 389.19 44.40 0.102
60 g 0.01 41 2x10™  8x107 x 107 5x107 29.80 0.169
61 < 0.005 10 4.10 8.20 9.20 799.63 44.10 0.115
62 = 0.001 1 -3.10 7.30 8.03 248.06 43.80 -
63 5 0.0005 1 -3.10 7.30 8.03 248.06 43.80 -
64 A 0.0001 1 -3.10 7.30 8.03 248.06 43.80 -
65 Mean 1 -3.10 7.30 8.03 248.06 43.80 -

** Values are multiplied by 100.
Source: The author using OxMetrics 7.

Table 12 — Bradesco’s Mean Model

Variables Coef. Std.Error t-value t-prob Part.R2
Constant 0.021 0.008 2.660  0.009 0.053
# observations 127
RSS 0.988
Log-likelihood 128
# parameters 1

1-step (ex post) forecast analysis 2013(3) - 2014(2)
Parameter constancy forecast tests:

Forecast Chi2(12) =  9.874 [0.627]
Chow F(12,126) =  0.812  [0.637]
CUSUM t(11) = 21177 [0.264]
Diagnostic Tests:

AR 1-7 test: F(7,119) = 1323 [0.245]
ARCH 1-7 test: F(7,113) =  1.511 [0.170]
Normality test: ~ Chi2(2) = 2.492 [0.287]
Sample Period: 2002(8) - 2013(2)

Source: The author using OxMetrics 7.
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presented in Table 14. It outperforms in terms of RMSE and Return, but it has 16 predictors and
it fails in DM test. It also passes in all the diagnostic parameter constancy tests. The retained
regressors are the monetary policy variables (m0, m1 and m3) lagged 3, 9, 10 and 12 months, the
volatility of the market (voli) lagged 6 months, the volatility of the own past returns (volat) lagged
1 and 2 months and its alpha (alfa) lagged five months. There are also dummies and differentiated
dummies for September 2002, election period, and for April, May and October 2008 reflecting the
effects of the Subprime Crisis. If we do not use this over parameterized model or accepted the
failure of the Mean model in the normality test, there is not any congruent model with predictive

power to forecast Itai-Unibanco’s stock returns.

Table 13 — Itan-Unibanco’s Forecast Evaluation

Model GUM P-value # coef. Mean** SE** RMSE** MAPE Return** DM p-value

66 = 0.05* 3 1.124  6.320 6.420 117.990  33.999 -
67 = 0.01% 2 -1.600  6.260 6.460 108.500  31.100 -
68 < 0.005%* 2 -1.600  6.260 6.460 108.500  31.100 -
69 % 0.001%* 1 -1.650  6.250 6.470 109.330  31.100 -
70 @, 0.0005* 1 -1.650  6.250 6.470 109.330  31.100 -
71 & 0.0001* 1 -1.650  6.250 6.470 109.330  31.100 -
72 ® 0.05 107 -3.080  5.840 6.610 209.200  10.997 0.464
73 g 0.01 38 1.430  6.530 6.690 140.900  31.992 0.406
74 < 0.005 16 -3.600  5.333 6.436 111.520  20.964 0.513
75 = 0.001* 2 -1.650  6.250 6.470 109.330  31.100 -
76 8 0.0005* 2 -1.600  6.261 6.464 108.500  31.100 -
77 s 0.0001* 1 -1.650  6.250 6.470 109.330  31.100 -
78 Mean* 1 -1.650  6.250 6.470 109.330  31.100 -

Note: * Model fails in, at least, one of the diagnostic tests.
** Values are multiplied by 100.
Source: The author using OxMetrics 7.

For Itat SA stock (Table 15), the Mean model (model 91) is reached faster than the Itaud-
Unibancofor by the SGUM-AR(p) models, p-value below 0.01. Model 91 passes in all the diagnostic
tests and it reaches low level of RMSE, MAPE and Return. It is possible to reach better indicators
(RMSE, MAPE and Return), but again, for an over-parametrized model, model 87 in Table 15.
Model 87 outperforms the multivariate models and the Mean model. However, the researcher may
find this model over-parameterized with 13 variables.

Table 16 exposes model 87 in details. It is not very different from Itat-Unibanco’s model
presented in Table 14. There are the monetary variables lagged 5 and 12 months, the stock own
volatility (volat) and the market volatility (voli;_¢) and the differentiated and impulse dummy
for the electoral period and the Subprime crisis. The difference is the autoregressive component,

ret;_1, which is reflecting the mean-reverse pattern of stock return, also found by Cowles and Jones



Table 14 — Itatu-Unibanco’s Multivariate Model - Model 74

Variables Coef. Std.Error t-value t-prob Part.R2
volat;_q 0.017 0.008 2.100  0.038 0.038
volat;_o -0.016 0.008 -1.940  0.054 0.033
alfa;_s 0.001 0.000 3.060  0.003 0.078
voli;_g -1.332 0.356 -3.740  0.000 0.112
moy_g -0.231 0.095 -2.430  0.017 0.051
moy_10 0.233 0.095 2450  0.016 0.051
ml,_3 0.444 0.129 3.440  0.001 0.097
ml;_19 0.408 0.096 4.250  0.000 0.140
m3;_3 -4.449 1.085 -4.100  0.000 0.132
DI1:2002(9) -0.136 0.069 -1.960  0.052 0.034
DI1:2008(4) 0.176 0.052 3.370  0.001 0.093
DI:2008(5) 0.222 0.051 4.340  0.000 0.145
DI1:2008(10) -0.099 0.082 -1.200 0.234 0.013
1:2002(9) -0.188 0.100 -1.870  0.064 0.031
1:2008(10) -0.219 0.103 -2.130  0.035 0.039
Constant 0.031 0.036 0.861 0.391 0.007
R? 0.591

Adj. R? 0.536

# observations 127

RSS 0.420

F(15,111) = 10.69 [0.000]

Log-likelihood 182.471

# parameters 16

1-step (ex post) forecast analysis 2013(3) - 2014(2)
Parameter constancy forecast tests:

Forecast Chi2(12) =  13.134  [0.359]
Chow F(12,111) = 0915  [0.534]
CUSUM t(11) = 1624 [0.132]
Diagnostic Tests:

AR 1-2 test: F(2,100) =  0.346  [0.708]
ARCH 1-2 test:  F(2,123) = 1525  [0.221]
Normality test: ~ Chi2(2) = 0.240 |0.886]
Hetero test: F(21,101) =  0.657 [0.864]
Hetero-X test:  F(57,65) = 0.881 [0.686]
RESET23 test:  F(2,109) =  0.146  [0.864]
Sample Period: 2002(8) - 2013(2)

Source: The author using OxMetrics 7.
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(1937), Fama and French (1988b). There are also two impulse dummies in April 2004 and January
2006. This last may be due to the acquisition of Bank of Boston in Brazil.

Table 15 — Itad SA’s Forecast Evaluation

Model GUM P-value # coef. Mean** SE** RMSE** MAPE Return®* DM p-value

79 = 0.05* 3 0.425  5.788 5.800 114.240  27.300 -
80 ~ 0.01 1 -2.469  5.727 6.237 108.690  30.600 -
81 < 0.005 1 -2.469  5.727 6.237 108.690  30.600 -
82 % 0.001 1 -2.469  5.727 6.237 108.690  30.600 -
83 @, 0.0005 1 -2.469  5.727 6.237 108.690  30.600 -
84 . 0.0001 1 -2.469  5.727 6.237 108.690  30.600 -
85 ® 0.05* 107 -2.918  7.863 8.400 305.050  32.500 -
86 S 0.01* 26 -0.077  7.873 7.800 204.980  19.300 -
87 < 0.005 13 0.962  4.922 5.000 74.700 17.800 0.805
88 % 0.001 3 -2.708  5.727 6.300 113.270  30.700 0.130
89 @) 0.0005 3 -2.708  5.727 6.300 113.270  30.700 0.130
90 e 0.0001 1 -2.469  5.727 6.237 108.690  30.600 -
91 Mean 1 -2.469  5.727 6.237 108.690  30.600 -

Note: * Model fails in, at least, one of the diagnostic tests.
** Values are multiplied by 100.
Source: The author using OxMetrics 7.

As defended by Goyal and Welch (2006), it is hard to beat the historical average for individual
stock returns. However, it is not impossible. A way to overcome the average is relaxing some
statistical common rules. That is, allowing for failure in some of the diagnostic and parameter
constancy tests or for over parameterization, it is possible to reach lower level of RMSE, MAPE
and Return. An explanation to the failure of all the models’ forecasts in the DM test may be the
sample period, accounting only with 127 valid observations and 12 forecasts, and it is well known
that the effectiveness of this test may be impaired by small samples.

Trying to make a much simpler exercise in the sense of Cenesizogly and Timmermann (2012), we
calculates the correlation and the respectively p-value (in brackets) for our measures of forecasting
performance (Table 17). Indeed, RMSE and MAPE seem to be uncorrelated with Return, but
highly correlated with each other. Corroborating Cenesizogly and Timmermann (2012), we find
that to select prediction models, an investment performance indicator must also be applied as a
model can add economic value even though it has weak out-of-sample statistical performance.

As most of the researchers argue, this category of indicator does not seem to be relevant to
predict stock returns. Any technical variable are retained. However, two comments must be made
on it. The first is that technical analysis may not compete with macroeconomic and microeconomic
variables in an environment of linear regressions. One explanation may be their lack of theoretical

and statistical approach which may weaken them in traditional statistical methodologies. The



Table 16 — Itat SA’s Forecasting Model - Model 87

Variables Coef. Std.Error t-value t-prob Part.R2
ret;_q -0.151 0.071 -2.120  0.036 0.038
volat; o 0.015 0.006 2470  0.015 0.051
volat;_4 -0.012 0.006 -1.970  0.052 0.033
voli;_g -1.035 0.384 -2.690  0.008 0.060
ml;_s 0.664 0.179 3.710  0.000 0.108
m2;_s -1.879 0.615 -3.060  0.003 0.076
m3_12 3.104 0.831 3.740  0.000 0.109
DI1:2002(9) -0.172 0.069 -2.480  0.015 0.051
DI1:2008(10) -0.188 0.047 -4.030  0.000 0.125
1:2002(9) -0.153 0.102 -1.490  0.139 0.019
1:2004(4) -0.229 0.065 -3.530  0.001 0.099
1:2006(1) 0.211 0.065 3.260  0.002 0.085
Constant -0.106 0.037 -2.890  0.005 0.068
R? 0.510

Adj R? 0.458

# observations 127

RSS 0.461

F(5,121)= 9.880 [0.000]

Log-likelihood 177

# parameters 13

1-step (ex post) forecast analysis 2013(3) - 2014(2)
Parameter constancy forecast tests:

Forecast Chi2(12) =  7.797  [0.800]
Chow F(12,114) = 0.634 [0.809]
CUSUM t(11) = 0.551 [0.592]
Diagnostic test:

AR 1-2 test: F(2,112) = 1.277 [0.283]
ARCH 1-2 test: F(2,123) = 0.044 [0.956]
Normality test: — Chi2(2) = 2.821 [0.244]
Hetero test: F(16,106) =  0.687 [0.801]
Hetero-X test:  F(37,85) = 1.035 [0.436]
RESET23 test:  F(2,112) = 1.827 [0.165]
Sample Period: 2002(8) - 2013(2)

Source: The author using OxMetrics 7.
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Table 17 — Correlation Matrix

RMSE MAPE Return

RMSE 1

MAPE 0.723 1
[0.000]

Return -0.139 0.250 1
[0.658] [0.814]

Note: P-value in brackets
Source: The author.

second is that each technical indicator implies a different investment strategy, thus, it may have a

predictive power if investors use a different strategy, such as the one described in Brock, Lakonishok

and LeBaron (1992).



5 Conclusion

Although there is a vast literature about forecasting stock returns, there are still some questions
which remains unanswered. First, there are strong empirical evidence about predictive power of
many variables for developed but not for emerging financial markets. Second, there are so many
variables suggested in the literature for forecasting stock returns that it is impossible to include
all of them in a model, especially for developing countries which historical data are normally short
and incomplete. Third, there is a category of variables which is neglected in the literature due to
its lack of theoretical formalism though it is broadly used in the literature.

This study aims to contribute on those three questions in the forecasting literature and to
develop forecasting model to Itai SA, Itat-Unibanco , Bradesco stock returns and the Brazilian
market premium, measured as the excess return over Selic interest rate. To do so, we use Brazil-
ian database between 2001 and 2014 for over 100 variables and the advances in model selection
algorithms, such as, the third generation, Autometrics (Doornik, 2009).

As it is well discussed in Castle, Qin and Reed (2013) and Rapach and Zhou (2013), each out-of-
sample performance indicator has its advantage and disadvantage. Thus, RMSE, MAPE, Return
indicator and the DM test are used for the selection. The results show that indeed the model that
outperforms in one indicator does not necessarily outperform in the others. It is possible to reach
a model with high investment performance but poor statistical indicators.

Interestingly, excess return of Ibovespa over selic is trend stationary. It can be explained by the
sample size, period and due to the stabilizing moment of the Brazilian economy. It allowed us to
use three different GUM: a trend stationary GUM, a co-integrated GUM and a stationary GUM.
Comparing the RMSE, MAPE, Returns and applying the DM test, we select an autoregressive-
distributed lag model with error correction for forecasting Brazilian market premium. We find that
the long-term integration between the market premium and selic interest rate shows great predictive
power in the short-term as well as the long term, as in Engle and Yoo (1987). Corroborating Bilson
et. al. (2001) and Abugri (2006), we find evidence of predictive power to changes in money supply.
The selected model underperforms in 0.01 basis point the best return for the period.

For the individual stock returns, it is hard for a congruent model to outperform the historical
average of returns, corroborating Goyal and Welch (2006). Our results also raise the discussion
about the statistical properties of forecasting models, as it is possible to reach better out-of-sample
performance when some of the traditional hypothesis are relaxed, such as, the normality of the
residuals. It is well known that most of the returns have heavier tails and normal probability density
may not be suitable for this variable. We also show that the multicollinearity among variables may
bias the coefficients and impair the inference, but the exclusion of the highly correlated variables

may increase the forecasting error. The question is how much are the researcher prepared to relax
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some traditional statistical properties to reach better predictive performance?

Although technical analysis is broadly used for financial practitioner, none of them is retained
when we apply formal statistical methodology. Its unknown statistical properties may be the
reason why those variables failed. This result may be different when a other methodologies and
investment strategies are applied as in Neftci (1991) and Brock, Lakonishok and LeBaron (1992).

Besides, another extension of this study may lead to more advances in automatic model selection
algorithms. We model the average stock return under the assumption of homoscedastic residuals.
It may be possible to reach a better forecasting model when heteroscedasticity is allowed, but the
variance is also modelled. There is already an improvement toward this direction by Sucarrat and
Escribano (2012). However, they apply Hoover and Perez’s (1999) algorithm to model the mean

instead of a modern algorithm.
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A Appendix

Figure 4 — Relative Strength Index
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