
 

 

 
 

 
STOCK RETURN PREDICTABILITY IN THE SPANISH STOCK MARKET:  

A CONVENTIONAL AND AN ALTERNATIVE METHODOLOGY 

 

 

 

AUTHOR: PAU LAVIN BIOSCA 

 

DEGREE PROGRAM: ADMINISTRACIÓ I DIRECCIÓ D’EMPRESES 

 

TUTOR: ALBERT MARTINEZ LACAMBRA 

 

9th JUNE 2016 

 

 

 

 

 

 

 

 

 

 

 

 

 

*Acknowledgments: I would like to express the deepest appreciation to my tutor 

Albert Martinez Lacambra. In addition, I am highly indebted to Lorena Olmos Salvador 

and Carlos Gonzalez Crespo for their guidance and constant supervision. 



STOCK RETURN PREDICTABILITY IN THE SPANISH STOCK MARKET:  

A CONVENTIONAL AND AN ALTERNATIVE METHODOLOGY 

 

 

 

ABSTRACT 

 

We carry out an empirical analysis on the Spanish Stock Market from July 2003 to June 

2015, with an aim to examine whether the monthly returns can be predicted. We test the 

return predictability of the Spanish Stock Market through two different methodologies. 

First, we use a linear estimator, the FGLS and, secondly, we use a non-parametric 

approach, the RE-EM tree. The latter is tested in-sample and out-of-sample. We use a 

total of nine predictors, two of which are non-traditional variables: gold and oil returns. 

We conclude that macroeconomic variables are more relevant forecasting monthly 

returns than the business performance (ratios) predictors. We also find evidence in 

favour of in-sample return predictability. Although we find a 56.7% of success 

forecasting the sign of the real returns in the out-of-sample period through the RE-EM 

tree, it may not be enough to outperform the market once all the transaction costs are 

discounted. We also find that the return predictability is heterogeneous among different 

sectors. 
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1. INTRODUCTION 

In recent years, as investment has made far more accessible than ever, it has been 

observed an increase in the number of investors. Thanks to Internet, many individuals 

are able to easily invest, without as many procedures as they used to need. Most of these 

new individuals are not professional investors. It seems that everyone can make money 

investing. However, the difficulties of outperforming the market remain the same. They 

might be worsened because market has worked more abruptly than before because it can 

now incorporate the news more quickly and accurately in the stock prices.  

 

In this dissertation, we focus on stock return predictability. Researches in return 

predictability study the way to forecast the returns and find a model which outperforms 

the benchmark consistently. Academic papers usually start examining the variables that 

better explain the movements of the stock prices, and subsequently analyse the relevant 

variables. Finally, they end up creating a forecast model. However, they have hardly 

ever found a model that performs better than the aggregate market in the long run.  

 

The literature background shows that only a few researchers are able to find a model 

that can predict returns and, in the case they find it, the model stops working once it is 

accessible to the public (Rapach and Zhou, 2013). There is empirical evidence that once 

the reliable forecast models that outperform the aggregate market are known by 

investors, these models lose the ability to predict stock returns (Timmermann and 

Granger, 2004; Timmermann, 2008, Mclean and Pontiff, 2016). 

 

Stock returns predictability shows the interest in analyse how to take advantage of the 

stock market movements. Discovering a model that has the ability to predict stock 

returns consistently throughout a long period of time would have a relevant impact on 

the industry. Hence, it would allow investors improve their performance and beat the 

benchmark return. Although it could seem easy, there are few investors who are able to 

outperform the market in the long term. Fernández, Linares and Fernández Acin (2014) 

show that, even most of the investment funds run by professional investors, fail to beat 

the average market return. However, some exceptional cases are emerged. 
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According to the efficient market hypothesis (EMH), Malkiel (2011) concludes that 

investors cannot outperform the market consistently with a portfolio created of picking 

stocks. It is occasionally misunderstood that the EMH and return predictability are not 

compatible. However, return predictability is contrary to the EMH when transaction 

costs and risk time variations are subtracted to the expected returns, which supposedly 

outperform the market (Rapach and Zhou, 2013). Moreover, rapid economic 

fluctuations could generate market inefficiencies due to the increased effect of 

emotional influences and information limitations. Then, if aggregate risk is related with 

economic variations, EMH is consistent with return predictability (Rapach and Zhou, 

2013). 

 

The literature has studied a wide range of variables, most of them related with the 

business performance or the discount rates. Dividend-price ratio is the most popular 

variable to predict returns (Rapach and Zhou, 2013). There are some ratios widely 

tested in the literature: book-to-market ratio, dividend yield and price–earnings ratio 

(Campbell and Thompson, 2008; Rapach, Strauss and Zhou, 2013; Westerlund and 

Narayan, 2012; Westerlund, Narayan and Zheng, 2015). 

 

Apart from variables related to discount rates, it is interesting to incorporate other 

macroeconomic variables in the model, because business cycle fluctuations could be 

linked to the market inefficiency (Rapach and Zhou, 2013). Only few researches have 

studied non-traditional variables, such as oil prices, mutual funds, and institutional 

quality. In our empirical study, we include business performance such as book to market 

ratio, dividend pay-out ratio, dividend price ratio, earnings price ratio and cash flow 

price ratio. We also include macroeconomic variables such as inflation and exchange 

rates. Furthermore, we incorporate two non-traditional variables in our model: oil 

returns, as a variable tested in some recent studies (Narayan and Sharma, 2011; Phan, 

Sharma and Narayan, 2015), and gold returns, which, as the best of our knowledge, 

none of the relevant studies has included it. Our motivation to include oil returns as a 

predictor is based on the idea that oil prices have an impact on the economic growth 

(Phan, Sharma and Narayan, 2015). These authors expound that oil can be seen as an 

input in the production process or treated as an asset class. Hence, taking into account 

the influence that other asset classes could have on the stock market, we include gold in 

our study because it represents an alternative investment to the stock market. 
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Although most of the empirical studies are done in the US, we develop our research in 

the Spanish Stock Market from July 2003 to June 2015; thus, we study the monthly 

returns. 

 

We use two different methodologies to carry out the analysis. First, we start using a 

linear estimator, the feasible generalised least squares (FGLS), as this estimation is 

robust with heteroscedasticity, predictors persistency and endogeneity. Secondly, we 

use a non-parametric estimator, the RE-EM tree. It is a regression tree model specific to 

panel data. The RE-EM tree has not been used before in the return predictability 

literature. Both methodologies are studied in-sample to create the model. Furthermore, 

the RE-EM tree is tested out-of-sample to find whether there is evidence of out-of-

sample return predictability. 

 

We find evidence of in-sample return predictability with both methodologies. We find 

that return predictability varies among different sectors. Moreover, we find that the 

most relevant variables to predict the Spanish Market returns are the macroeconomic 

variables, including the two non-traditional variables. The RE-EM tree model has a 

56.8% success rate in forecasting the sign of the real return in the out-of-sample period. 

This rate of success might not be enough to outperform the market once the transaction 

costs are discounted. 

 

This paper continues with the literature review section. Then, the empirical study is 

explained in the methodology section, which is divided in three different parts: the 

research design, variables of the study and model specification. The paper goes on with 

the data presentation section. It is followed by the discussion findings section, where the 

results are analysed. Finally, the dissertation ends with the concluding remarks section.  

 

2. LITERATURE REVIEW 

The interest in market return predictability is reflected in the academic literature. There 

are many papers that have tried to estimate a consistent model. Cowles’s (1933) was the 

first paper to study whether returns can be forecast. He concludes that the market 

forecasters cannot predict the returns. 
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There are empirical and theoretical contributions behind the stock market predictability 

studies. The first ones focus on the economic significance. Some of the relevant 

literature in this field is Fama and French (1988), Welch and Goyal (2008) and Rapach 

Strauss and Zhou (2010). The main aim of empirical studies is to test the predictability 

out-of-sample to show evidence that the model works properly not only when it is tested 

using data from inside the period used to create the model, called in-sample. Spiegel 

(2008) and Rapach and Zhou (2013) can be reviewed as a survey of empirical literature. 

 

It is not difficult to find evidence of in-sample return predictability, but the difficulties 

appears finding evidence out-of-sample. Welch and Goyal (2008), by using a variety of 

financial ratios and macroeconomic predictors, were not capable to find consistent out-

of-sample predictability. They find that introducing all potential predictors in a 

multivariate model, which they call the “kitchen sink”, the model perform even worse, 

which can be explained because of the in-sample overfitting. Highly parameterized 

models usually perform worse in terms of out-of-sample predictability. 

 

Some papers follow a variety of strategies to improve forecast models and consistently 

outperform the benchmark. They focus on enhance out-of-sample predictability. 

Campbell and Thompson (2008) restrict the sign of the predictor coefficient, which 

improve the predictability. Rapach, Strauss, and Zhou (2010) combine the mean of 15 

economic variables obtaining statistical significance to be tested in out of simple 

predictability. Using the combination model to predict stock returns, results are much 

better than those obtained through the “kitchen sink” model. Rapach and Zhou (2013) 

mention that forecast models work when is tested in specific periods, but do not obtain 

relevant results in other periods. The power of predictors is linked to the period studied, 

and the predictors’ strength change over time.  

 

Most of the return predictability academic literature has studied the US market and the 

in-sample evidence. However, Della Corte, Sarno and Valente (2010), Hjalmarsson 

(2010), Kellard, Nankervis and Papadimitriou (2010) and Henkel, Martin and Nardari 

(2011) study stock return predictability outside the US. Other research covers 

developing countries, such as India (Narayan and Bannigidadmath, 2015). Thanks to the 

results of these studies there is evidence that stock returns not only can be forecast in 

US. The majority of the studies performed outside the US are focused on in-sample 
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predictability. By contrast, Della Corte et al. (2010), Hjalmarrson (2010), Kellard et al. 

(2010), Henkel et al. (2011), and Rapach and Zhou (2013) test out-of-sample return 

predictability. Only a small part of the return is explained in the return predictability 

studies. In addition, most of the researchers fail finding evidence of out-of-sample 

predictability. 

 

By contrast, theoretical studies concern on econometric issues as in Westerlund and 

Narayan (2012, 2014). The interest in theoretical studies comes from testing the 

efficient market hypothesis (EMH) and to create more realistic asset pricing models. 

The EMH states that stocks prices reflect all the available information, and investors 

cannot outperform the aggregate market consistently (Malkiel, 2011). According to this 

hypothesis, there are two ways to explain how investors could outperform the market. 

One is being lucky and the second one is acquiring investments that have higher risk. 

 

It is thought that stock return predictability disables the EMH. Nevertheless, the EMH 

and stock return predictability are compatible when return predictability is based on 

variations in the risk exposure generated by fluctuations in discount rates. Malkiel 

(2011) concludes that criticism uses a strict interpretation of EMH, because EMH does 

not implies that prices are always correct, but that it is not possible to really know 

whether prices are high or low.  

 

Furthermore, rational asset pricing is not contrary to return predictability only if it does 

not exceed the logical limit. In case the return predictability exceed can be an evidence 

of mispricing. Inconsistencies caused by overreactions or information limitations are 

considered market inefficiencies (Rapach and Zhou, 2013). 

 

As mentioned above, business cycle fluctuations have a relevant impact on stock prices 

movements. Then, variables that are linked with the fluctuations of the economy should 

have more power in returns forecasting (Fama and French, 1989; Campbell and 

Cochrane, 1999; Cochrane, 2007, 2011). 

 

Searching for the right model, literature have test returns predictability using many 

variables as a predictors. The predictors can be split in two groups. First, variables 

directly related with the business performance, usually financial ratios. The second 
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group is formed by macroeconomic variables, which try to explain the economic 

fluctuations. 

 

A few recent studies have incorporated non-traditional variables in their models. An 

important interest of using non-traditional variables is the relationship that they have 

with economy fluctuations. As it has been mentioned before, aggregate risk is related 

with these fluctuations. Hence, non-traditional variables could be a source of return 

predictability. Narayan and Sharma (2011) and Phan et al. (2015) study oil prices; 

Narayan, Narayan, and Prabheesh (2014) study mutual funds; Narayan, Narayan, and 

Thuraisamy (2014), analyse the impact of institutional quality on return predictability; 

and Narayan, Sharma and Thuraisamy (2015) use the quality of governance. There is a 

gap for further study in the field of non-traditional variables. 

 

3. METHODOLOGY 

 

3.1. The research design 

 
We use monthly data gathered from Thomson Reuters Datastream to study the return 

predictability of the Spanish Stock Market. We collect data from July 2003 to June 

2015. A total of 144 monthly periods are covered. 

 

We follow a procedure, which can be exactly repeated, to screen the stocks sample. We 

select the following options: Equities (Category), Mercado Continuo and Madrid 

(Exchange), Spain (Market), Euro (Currency), Equity (Type). 

 

Once the equities from the Spanish Stock Market are screened, we use a set of 

Datastream functions to obtain information about the stocks and clean the sample. We 

follow some of the filters suggested by Ince and Porter (2006), Hou, Karolyi and Kho 

(2011) and Karolyi and Wu (2014) to minimize the data error. 

 

- MNEM (Datastream identification code). We exclude the stocks that are not 

identified. 

- NAME (name of the company). To identify each stock 

- GEOGN (country of the company). We discard stocks that are not from Spain. 
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- EXMNEM (the ISO exchange code). We maintain the stocks traded in MAD. 

- ISIN (unique international code). We exclude the stocks that are not correctly 

identified. 

 

In the sample are included dead stocks or stocks that start trading after our analysed 

period starts (July 2003). This let us reduce the survivorship bias. 

 

When all the stocks are selected, we follow applying some steps to end up with a clean 

database: 

 

- We collect the closing price and volume of the last day of the month for each 

stock.  

- We exclude all the prices that do not have data about the volume trade 

- We exclude the stocks that do not have 12 months of price data. 

- Then, we proceed to calculate the monthly returns of each stock for the full 

period (144 months at most). Monthly returns are computed by dividing the 

closing price of the last day of the month t by the last day price of the month t-1. 

 

Once the monthly returns are created and each stock has data for each period, we 

exclude some data, following the next procedure. The data lines include the returns 

(excess returns) and the explanatory variables.  

 

- We exclude the data when the return is not available. 

- We exclude all the data when one of the fundamental variables (ratios) is not 

available. 

- All the stocks included are required to have at least twelve months of 

observations for each fundamental variable (ratios). We exclude the stocks that 

do not fulfil this requirement. 

- We excluded the monthly returns that fall out of the 0.1% and 99.9% percentile, 

to exclude the main outliers. 

 

We obtain a sample of 175 companies and 17,175 observations, but it is reduced to 132 

stocks, the final sample, once the stocks from the financial sector are excluded. We use 

the identifier IDNM2 (industry classification name) from Datastream to clearly identify 
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each stock with its sector. We end up with 132 stocks (see Appendix 1) and 13,170 

observations, which supposes an unbalanced data panel. 

 

The accounting data (all the per share data) from Datastream are available on 

company’s fiscal year-end basis. Following Karolyi and Wu (2014) and Narayan and 

Bannigidadmath (2015), we match the financial statement data (book value per share, 

cash flow per share, earnings per share and dividend per share) for fiscal year-end in 

year y-1 with monthly returns from four months after the fiscal year end. Following this 

procedure ensures that the data is available to investors before the returns. 

 

We split the studied period in two parts, in-sample and out-of-sample. The in-sample 

period is the 70% of the total (from 1 to 100) and the out-of-sample is the 30% (from 

101 to 144). In-sample period is used to create the models and analyse which variables 

are significant. Out-of-sample period is used to apply the model created in the in-sample 

to find evidence of out-of-sample return predictability. 

 

 

3.2. Variables of the Study 

 

All the data is downloaded from Datastream. We now detail the variables specifications: 

 

- Monthly returns are computed by dividing the closing adjusted price (P) of the 

last day of the current month t for the closing price (P) of the last day of the 

month t-1. 

- T-Bill is computed by the monthly yield of the Spain Treasury Bill 1 to 3 

months (ESTBL3M) to obtain the risk free rate. 

- Excess Return (𝑟𝑡) is computed by subtracting the monthly yield of the risk free 

rate (T-Bill) from the monthly return, so we obtain the equity premium. 𝑟𝑡 is our 

dependent variable. 

 

The following predictors are the explanatory variables that we use in our empirical 

study: 
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- Book to market ratio (BM) is computed by dividing the book value per share 

(WC05476) for the fiscal year-end in year y-1 by the price (P) at the end of the 

month t. 

- Dividend pay-out ratio (DE) is computed by dividing the dividends per share 

(WC05101) for the fiscal year-end in year y-1 by the earnings per share 

(WC05201) for the fiscal year-end in year y-1. 

- Dividend price ratio (DP) is computed by dividing the dividends per share 

(WC05101) for the fiscal year-end in year y-1 by the price (P) at the end of the 

month t. 

- Earnings price ratio (EP) is computed by dividing the earnings per share 

(WC05201) for the fiscal year-end in year y-1 by the price (P) at the end of the 

month t. 

- Cash flow price ratio (CFP) is computed by dividing the cash flow per share 

(WC05501) for the fiscal year-end in year y-1 by the price (P) at the end of the 

month t. 

- Inflation is computed by dividing the Spain Consumer Price Index 

(ESCONPRCF) at the end of the month t for the CPI Index at the end of the 

month t-1. 

- Exchange rate is computed as the Euro to United States Dollar (EUDOLLR) at 

the end of the month t. We do not study the percentage change of this variable 

because it is a ratio. The other macroeconomic variables (CPI, gold prices, oil 

prices) are studied as a monthly growth rate. 

- Gold return is computed by dividing the Gold price index (GOLDBLN) in 

dollars at the end of the month t for the Index at the end of the month t-1. 

- Oil return is computed by dividing the Crude Oil-Brent price index (OILBREN) 

in dollars at the end of the month t for the Index at the end of the month t-1. 

 

We use a lag of four months to ensure that data is available to the investors before the 

returns revelation. Four months is the time limit permitted by the CNMV to submit the 

financial statements after the end of the fiscal year. For instance, if a company’s fiscal 

year ends on 31st of December, we are not going to use the earnings of the end year y-1 

until computing the ratio at the end of April (four months after). We also study the 

explanatory variables with a one-month lag in the predictive regression. This allows the 

investors have the data before of the month t begins. 
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All the explanatory variables are in natural logarithms (LN) following the methodology 

used in the relevant academic literature. The use of LN let us uniform the variables and 

analyse in percentages the impact that explanatory variables have on the premium return 

(r). 

 

 

3.3. Model Specification 

 

3.3.1. Parametric approach 

 

The stock returns predictive regression is as follows: 

 

𝑟𝑡 = ∝ + 𝛽𝑖𝑥𝑖,𝑡−1 +  𝜀𝑟,𝑡 

 

where 𝑟𝑡 is the monthly return with the risk-free rate discounted, that is, the premium 

return. 𝑥𝑖,𝑡  are the predictors. A total of nine explanatory variables are used in this 

study. Finally, the error term has a zero mean and variance 𝜎𝜀
2

𝑟,𝑡
. 

 

The null hypothesis of no predictability is Η𝑜: 𝛽𝑖 = 0. If the null hypothesis holds, the 

predictor is not useful to forecast excess returns. We apply two different methodologies. 

A parametric estimator, the feasible generalised least squares (FGLS), and a non-

parametric approach, the RE-EM tree.  

 

Firstly, we proceed to use the FGLS model created and tested by Westerlund and 

Narayan (2011, 2012). We use the FGLS estimator to study whether the significant 

variables obtained in the Spanish Stock Market match with the significant variables 

found in other empirical studies. Hence, we select first this parametric estimator, 

broadly implemented in the recent literature. Difficulties found working with financial 

data have motivated academics to create more robust models. Predict returns 

regressions are characteristic by three features which FGLS estimators takes into 

account: endogeneity, heteroskedasticity of the returns and persistency of the predictors 

(Westerlund and Narayan, 2012). Westerlund and Narayan (2011) create the feasible 
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generalized least squares (FGLS) procedure because of the characteristics of the 

financial data.  

 

FGLS is verified in terms of power and size accuracy using simulated and real data in 

Westerlund and Narayan (2012). These authors compare the OLS estimator, the bias-

adjusted OLS (AOLS) and the feasible generalized least square (FGLS). They find that 

the FGLS estimator is the only estimator both unbiased and efficient. FGLS generally 

has a better forecasting performance compared with OLS and AOLS. The OLS do not 

take into account the three features that financial data is characteristic 

(heteroskedasticity, endogeneity and persistency) while the FGLS estimator do it. 

Instead, the AOLS account for two of the problems, endogeneity and persistency, but 

not for heteroskedasticity. The endogeneity problem is related to a bias and the 

persistency problem is related with efficiency. Both problems are critical issues to 

predict returns properly. Westerlund and Narayan (2012) find that FGLS clearly 

performs better than AOLS estimator, while comparing FGLS with OLS is not that 

clear. Generally FGLS performs better than OLS, and the different increase forecasting 

long periods. 

 

Statistical analyses are performed using R-Studio version 0.98.1062 2009–2013 

(RStudio, Inc. with plm Package). The code is displayed in Appendix 2. 

 

 

3.3.2. Non-parametric approach 

 

We also use the RE-EM tree methodology. The reason to introduce a new methodology 

in the literature of return predictability is because it can be useful to apply in future 

studies as an alternative of the conventional approaches. 

 

A classical parametric framework is normally used to study return predictability, such 

as the OLS, AOLS, FGLS, which are useful to find only linear interactions between the 

company performance and their predictors. However, finance researchers usually use 

linear approaches and they have been largely ignored non-parametric models. The 

classification and regression trees (CART), which is the base of the RE-EMTree, is an 

example of non-linear approach. 
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Zhu, Philpotts and Stevenson (2012) believe that forecast return models using the 

CART approach are an opportunity to diversify model risk. They conclude that the non-

linear approach is interesting to apply because, in case of non-linear structural 

relationships, non-parametric approach can more easily identify it, and this approach 

can be helpful as a model diversification. 

 

We use a panel data, because we are studying the returns of a group of stocks (objects) 

for each of the 144 monthly periods. RE-EMTree, created by Sela and Simonoff (2011) 

takes into account this characteristic, which allows for the opportunity to considerate 

systematic differences between stocks. 

 

A typical methodology applied in statistics for panel data is the mixed effects model. 

The random effects model takes into account the differences between objects and fixed 

effects in the population-level relationships. Both effects form the mixed effects model. 

RE-EMTree benefits from the flexibility of a regression tree methods and the mixed 

effect structure model for longitudinal and clustered data.  

 

Sela and Simonoff (2011) apply this methodology to online transactions. They find 

evidence that RE-EM trees can predict better than standard trees, and allows for 

modelling variables without the assumptions of a linear model. It is interesting to use a 

panel data when it is available a large amount of data, as is our case. 

 

Statistical analyses are performed using R-Studio version 0.98.1062 2009–2013 

(RStudio, Inc. with lme4, rpart and REEMtree Packages). Code is displayed in 

Appendix 3. 
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4. DATA PRESENTATION 

 

4.1. Results of the parametric approach: the FGLS estimator 

 

The FGLS estimator is applied in-sample (70% of the sample). First of all, all the stocks 

are studied and, afterwards, each sector is analysed separately. A total of nine sectors 

are studied. 

 

Table 1 shows the multivariate regression results through the FGLS estimator applied 

in-sample to all the stocks. It can be seen that all the variables, excluding the DE ratio, 

are statistically significant. The model explains a 4.45% variability of the excess return. 

 

The predictors that have a negative sign are CFP, inflation and gold returns. The 

intercept is also negative. The other five predictors have a positive sign. 

 

Table 1: FGLS in-sample, all the stocks 

 

Source: Own calculations. 

 

We follow showing the results of the FGLS estimator applied in the in-sample period by 

sector. There are a total of nine sectors: Basic Materials, Consumer Goods, Consumer 

Services, Healthcare, Industrials, Oil & Gas, Technology, Telecommunications and 

Utilities. The identifier IDNM2 (industry classification name) from Datastream 

determines the sectors that each stock belongs.  
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The results show that there are three sectors (Basic Materials, Industrials and Utilities) 

that have all the predictors statistically significant. There are two sectors (Consumer 

Goods and Consumer Services) that have all the variables statistically significant, less 

the gold returns. The Healthcare sector has the majority of the predictors statistically 

significant. Oil & Gas and Telecommunications sectors do not have any variables 

statistically significant, and Technology sector only have the exchange rate as a 

statistically significant variable.  

 

Although there are some exceptions, the CFP, inflation rate and gold returns predictor 

coefficients have a negative sign in the majority of the sectors. The same result is 

obtained in the model that include all the stocks. However, most of the models by sector 

also have the DE predictor coefficient with a negative sign. The coefficient of the 

explanatory variables DP, exchange rate and oil returns are positive in all the sectors. In 

most of the sectors, BM and EP have a positive sign. 

 

The explanation of the excess return variability varies among sectors. The variability 

explained in the Basic Materials, Healthcare and Industrials sector, range from 6 to 

6.6%, and in the Utilities sector is 4.9%. In these sectors, it is explained more variability 

than in the model that includes all the stocks. 

 

The model of Consumer Goods sector explains around the same variability (4.4%) as 

the model with all the stocks. Oil & Gas sector explains 2.16%. There are three sectors, 

Consumer Services, Technology and Telecommunications that have a negative R-

squared. 

 

Hence, although we find evidence of in-sample stock predictability in most of the 

sectors, in the Oil & Gas and Telecommunications sector there is no evidence of return 

predictability. On the contrary, Healthcare and Industrials are the sectors easier to 

forecast. 

 

It can be seen that most of the variables are significant forecasting returns. However, the 

results by sector are heterogeneous. For instance, only the exchange rate is significant in 

the Technology sector. 
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In Tables 2 to 10 are displayed the results of in-sample period by sector: 

 

Table 2: FGLS estimator in-sample, sector: Basic Materials 

 

Source: Own calculations. 

 

Table 3: FGLS estimator in-sample, sector: Consumer Goods 

 

Source: Own calculations. 
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Table 4: FGLS estimator in-sample, sector: Consumer Services 

 

Source: Own calculations. 

Table 5: FGLS estimator in-sample, sector: Healthcare 

 

Source: Own calculations. 

 

Table 6: FGLS estimator in-sample, sector: Industrials 

 

Source: Own calculations. 
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Table 7: FGLS estimator in-sample, sector: Oil & Gas 

 

Source: Own calculations. 

Table 8: FGLS estimator in-sample, sector: Technology 

 

Source: Own calculations. 

 

Table 9: FGLS estimator in-sample, sector: Telecommunications 

 

Source: Own calculations. 
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Table 10: FGLS estimator in-sample, sector: Utilities 

 

Source: Own calculations. 

 

4.1. Results of the non-parametric approach: the RE-EM tree 

 

Tables 11 and 12 show the regression tree for the in-sample period using the RE-EM 

tree. Both tables shows the same results, but in different formats. We analyse the results 

of the regression tree starting at the beginning (the first conditions). We look whether 

the condition is met (using the explanatory variables of a particular stock, which we 

want to forecast the returns). Depending on the result we follow a different path up to 

the next condition. After all the conditions are met, we end up with a forecast of the 

excess return. 

 

In the Table 12, if a condition is met, we go to the next condition following the right 

branch. If the condition is not met, we follow the left branch. We will follow all the 

predictors’ conditions up to the end, where it is found the excess return forecast. The 

numbers of the conditions are in logs, but not the excess returns forecast, which are at 

the end. 

 

All the explanatory variables that appear in the tree mean that are statistically 

significant. Predictors that appear first are more relevant than predictors that appear 

later. It can be seen in Table 12 that the model selects only macroeconomic variables as 

significant variables, with the exception of BM. However, the BM does not have any 

impact on the sign of the excess returns forecasted.  
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Exchange rate, oil returns, inflation, gold returns and BM are the predictors that are 

useful forecasting returns through the use of the RE-EM tree estimator. 

 

Table 11: RE-EMTree. Regression tree. 

 

1) root 9124 95.383160  0.002534325   

   2) LN_Exchange_rate< -0.3618816 1777 16.706060 -0.047847460   

     4) LN_Exchange_rate>=-0.3878788 841  6.353211 -0.082152450 * 

     5) LN_Exchange_rate< -0.3878788 936  8.472496 -0.017013030   

      10) LN_OIL_returns>=-0.8498767 561  4.955856 -0.042064060   

        20) LN_Exchange_rate< -0.4291605 284  3.140002 -0.071938200 * 

        21) LN_Exchange_rate>=-0.4291605 277  1.304444 -0.011484570 * 

      11) LN_OIL_returns< -0.8498767 375  2.637904  0.020421030 * 

   3) LN_Exchange_rate>=-0.3618816 7347 73.075530  0.014720040   

     6) LN_OIL_returns< -1.44215 465  7.988926 -0.046396550   

      12) LN_Exchange_rate< -0.3345637 94  2.157096 -0.130941400 * 

      13) LN_Exchange_rate>=-0.3345637 371  4.992789 -0.025059260 * 

     7) LN_OIL_returns>=-1.44215 6882 63.232360  0.018849540   

      14) LN_Inflation>=-3.403242 1183 11.212800 -0.011185740   

        28) LN_GOLD_returns>=-1.55991 269  1.905064 -0.100386800 * 

        29) LN_GOLD_returns< -1.55991 914  6.539102  0.015012340 * 

      15) LN_Inflation< -3.403242 5699 50.730830  0.025084270   

        30) LN_Inflation< -4.086229 183  2.412416 -0.060655520 * 

        31) LN_Inflation>=-4.086229 5516 46.930520  0.027926710   

          62) LN_BM< 3.318883 4855 35.989140  0.024245550   

           124) LN_OIL_returns>=-1.256516 4683 33.631970  0.022379930 * 

           125) LN_OIL_returns< -1.256516 172  1.902184  0.074818080 * 

          63) LN_BM>=3.318883 661 10.392370  0.054964590   

           126) LN_Exchange_rate>=-0.2833183 365  3.640203  0.032145650 * 

           127) LN_Exchange_rate< -0.2833183 296  6.330375  0.083015660   

             254) LN_Exchange_rate< -0.2839558 259  3.939144  0.062332960 * 

             255) LN_Exchange_rate>=-0.2839558 37  1.506006  0.227842500 * 

 
Source: Own calculations. Explanatory variables are in logs. The first value of each line is the condition 

of the predictor. The last value, which has *, are the excess returns forecasted of the terminal nodes (look 

Table 12). The excess returns are not in logs. 
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Table 12: RE-EMTree. Regression tree. 

 

 
Source: Own calculations. Explanatory variables are in logs. If the condition is met go right, if not, go left 

Ending values of the regression tree are the excess return forecasted.. 

 

 

Once we obtained the regression tree as a result of the RE-EM estimator, we create an 

excel (Table 13) to forecast manually the excess returns for the out-of-sample period 

(Table 14). Table 13 is the regression tree, but the conditions are not in logs anymore, 

the top branches are the left branches in the regression tree in Table 12, and the bottom 

branches in Table 13 are the right branches of the regression tree in Table 12. 

 

In the right only appears the sign of the forecasted excess return (whether it is negative 

or positive). It can be seen that the excess returns forecast of the top tend to be negative, 

and the terminal nodes of the bottom tend to be positive (in the case of the Table 12, left 

would be top and right would be bottom). 

 

The first condition shows that, if the exchange rate is lower than 0.69 (exp(-

0.3618816)), we will follow to the left branch, which the chance of getting a positive 

return decreases. It can be seen that exist a coherence between the positive sign of the 

exchange rate variable in the FGLS models and the results of the RE-EM tree estimator. 

This coherence can also be seen with the other predictors. 
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Table 13: Regression tree  

 

Source: Own calculations. The numbers of the conditions are not in logs. 

 

Table 14 shows that we only forecast an excess return for each period, because the 

variables that determine the sign of the forecast return are only macroeconomic 

variables, which are the same for all the stocks in a specific period. 

 

We forecast the excess return of the out sample period (30% of the total period) 

following the predictors’ conditions up to the terminal node, where we find the excess 

return forecasted. We only take into account whether it is a positive or a negative return 

to do the forecast. Once we have the forecast, we compare if the sign of the real returns 

of the out-of-sample period match the forecast. We account one or zero depending 

whether the periods match the sign (1) or not (0). 25 (out of 44) out-of-sample excess 

return forecasts match the sign. The rate of success is 56.8%, which is more than a half. 

 

We only forecast one excess return per period because all the predictors that have 

influence on the sign of the excess return predicted are macroeconomic variables. All 

the macroeconomic variables have the same number for all the stocks in each period. 

 

 

 

 

 

 

2 Exchange_rate < 0.6964

4 Exchange_rate >= 0.6785 NEG

5 Exchange_rate < 0.6785

10 OIL_returns >= 0.4275 NEG

11 OIL_returns < 0.4275 POS

3 Exchange_rate >= 0.6964

6 OIL_returns < 0.2364 NEG

7 OIL_returns >= 0.2364

14 Inflation >= 0.0333 NEG

28 GOLD_returns >= 0.2102 NEG

29 GOLD_returns < 0.2102 POS

15 Inflation < 0.0333

30 Inflation < 0.0168 NEG

31 Inflation >= 0.0168 POS

STARTING 

POINT
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Table 14: Out-of-sample forecast 

 

Source: Own calculations. From period 101 to 144. 

 

 

 

 

PERIODS Excess_Returns NEG(-1), POS(1) FORECAST SUCCESSES

101 -0.06312 -1 -1 1

102 -0.01440 -1 1 0

103 0.02433 1 1 1

104 0.00590 1 -1 0

105 -0.02920 -1 1 0

106 -0.08085 -1 1 0

107 -0.10475 -1 1 0

108 0.07280 1 1 1

109 -0.03180 -1 1 0

110 0.04187 1 1 1

111 0.08195 1 1 1

112 -0.00466 -1 -1 1

113 -0.04052 -1 1 0

114 0.03040 1 1 1

115 0.07789 1 1 1

116 -0.00733 -1 -1 1

117 -0.04054 -1 1 0

118 0.01731 1 1 1

119 0.02582 1 1 1

120 -0.01975 -1 1 0

121 0.06433 1 1 1

122 0.04672 1 1 1

123 0.09814 1 1 1

124 0.09774 1 1 1

125 0.00333 1 1 1

126 0.01501 1 1 1

127 0.09369 1 1 1

128 0.05176 1 -1 0

129 0.06307 1 1 1

130 -0.03789 -1 1 0

131 0.01000 1 1 1

132 0.00399 1 1 1

133 -0.08414 -1 1 0

134 -0.00407 -1 -1 1

135 -0.01220 -1 1 0

136 -0.07633 -1 1 0

137 0.01220 1 1 1

138 -0.00786 -1 -1 1

139 0.07652 1 -1 0

140 0.10868 1 -1 0

141 0.04763 1 1 1

142 -0.01367 -1 1 0

143 -0.02388 -1 1 0

144 -0.03974 -1 1 0

25 (out of 44)

56.82%
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5. DISCUSSION OF FINDINGS 

We have found several outcomes:  

 

- We find evidence of in-sample return predictability through both methodologies. 

The small part of excess return variability explained by the FGLS models is 

similar to the academic literature results. The R-squared raged from 0 (or 

negative numbers) to 6.6% in the sectors models, and it is 4.45% in the model 

with all the stocks. 

 

- Results through the FGLS estimator show that BM usually has a positive sign. 

Hence, an increase in the BM ratio at the beginning of the month leads to a 

better performance of the stock. The same hold true with EP, which equals to 1 

divided by PER. A higher PER increases the chance of getting a lower return. 

The same relation is found in the DP ratio. The higher the DP ratio, the better 

performance can be expected for the next month. 

 

- The DE predictor usually has a negative sign, although the results of the FGLS 

estimator for all the stocks are positive. A negative sign means that a higher pay-

out ratio, reduce the chance of higher monthly excess returns. CFP predictor is 

contrary to EP in sign, which can be seen as illogical. The higher the ratio, the 

more difficult to obtain higher returns. 

 

- Exchange rate, with a positive sign, shows that with a higher value of Dollar 

against Euro, which means a higher exchange rate ratio increase the chance to 

perform better. 

 

- If the inflation rate, which has a negative sign, of the last month was high, it can 

be expected that excess returns will be lower. 

 

- Gold returns, which have a negative sign in the results, reduce the chance to 

obtain higher excess returns as the last most gold returns are higher. High 

monthly returns of Oil in the last month, increase the opportunity to obtain better 

excess returns. 
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- It can be seen in the results that the more unstable sectors such as Oil & Gas or 

Technology, are more difficult to forecast. On the contrary, more stable sectors 

such as Utilities or Industrials, are easier to forecast. 

 

- As it is observed by Zhu, Philpotts and Stevenson (2012), using the three 

approaches brings different results compared with a linear model, such as the 

FGLS estimator.  

 

- The RE-EM tree shows that macroeconomic predictors are the variables useful 

to forecast excess returns. That can be related to FGLS estimator, because 

macroeconomic predictors explain most of the excess return variability (R-

squared). 

 

 

6. CONCLUDING REMARKS 

 

We find evidence in favour of the in-sample return predictability in the Spanish Stock 

Market with the FGLS estimator and the non-parametric approach, the RE-EM tree. The 

variability of the excess return explained through the FGLS estimator is small but 

matches with the results of the academic literature (Rapach and Zhou, 2013). 

 

In regards to the out-of-sample predictability: although we find a 56.8% of success 

forecasting the sign of the excess return in the out-of-sample period through the RE-EM 

tree approach, we do not find evidence of out-of-sample return predictability. We can 

expect that there is not enough room to outperform the benchmark once you have 

discounted the transaction costs.  

 

We find that return predictability is heterogeneous among different sectors. For 

instance, in some sectors we do not find evidence of in-sample predictability. 

Furthermore, each sector has different significant predictors, although there is 

coherence between the signs of the significant predictors among sectors. In this line, 

Narayan and Bannigidadmath (2015) find that there are sectors that can be forecasted 

easier than others. 
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We find that macroeconomic variables tend to be more relevant forecasting returns than 

business performance (ratios) predictors. It may be of use to focus on economic 

fluctuations in further research, because we find that the power of macroeconomic 

predictors forecasting returns is higher. 

 

We can also conclude that non-traditional predictors analyzed (gold and oil returns), are 

useful forecasting returns. While oil return coefficient has a positive sign, the gold 

coefficient has a negative sign. It can be expected that if the oil monthly returns are 

higher, the forecast tend to be higher. On the contrary, if the gold monthly returns are 

higher, the forecast returns are lower. The oil predictor does not have the same impact 

in all the sectors, as Phan, Sharma and Narayan (2015) find. 

 

We conclude that the non-parametric approach, the RE-EM tree estimator, should be 

taken into account in future return predictability studies. It can be used as an alternative 

of the conventional estimators. 
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APPENDIX 

 

Appendix 1: Stocks List  

  

 
 

 

 

 

MNEMONIC NAME SECTOR PERIODS DATA

1 E:IND INDITEX Consumer Services 144

2 E:TEF TELEFONICA Telecommunications 144

3 E:IBE IBERDROLA Utilities 144

4 E:ELE ENDESA Utilities 144

5 E:CTG GAS NATURAL SDG Utilities 144

6 E:REP REPSOL YPF Oil & Gas 144

7 E:ACE ABERTIS INFRAESTRUCTURAS Industrials 144

8 E:FERC FERROVIAL Industrials 144

9 E:REE RED ELECTRICA CORPN. Utilities 144

10 E:ACS ACS ACTIV.CONSTR.Y SERV. Industrials 144

11 E:ENAG ENAGAS Utilities 144

12 E:ANA ACCIONA Industrials 144

13 E:GAM GAMESA CORPN.TEGC. Oil & Gas 144

14 E:ZOT ZARDOYA OTIS Industrials 144

15 E:ACX ACERINOX 'R' Basic Materials 143

16 E:EVA EBRO FOODS Consumer Goods 144

17 E:FCC FOMENTO CONSTR.Y CNTR. Industrials 143

18 E:PSG PROSEGUR CIA.SECURIDAD Industrials 144

19 E:VIS VISCOFAN Consumer Goods 144

20 E:AFR CIE AUTOMOTIVE Consumer Goods 144

21 E:IDR INDRA SISTEMAS Technology 144

22 E:MEL MELIA HOTELS INTL. Consumer Services 143

23 E:NHH NH HOTEL GR Consumer Services 144

24 E:OHL OBRASCON HUARTE LAIN Industrials 143

25 E:VID VIDRALA Industrials 144

26 E:CAF CONST Y AUXILIAR DE FERR Industrials 143

27 E:ELEC ELECNOR Utilities 144

28 E:PRIS PROMOTORA DE INFIC. 'A' (GRUPO PRISA) Consumer Services 144

29 E:SCYR SACYR Industrials 144

30 E:OLE DEOLEO Consumer Goods 144

31 E:ENC ENCE ENERGIA Y CELULOSA Basic Materials 144

32 E:FAE FAES FARMA Healthcare 144

33 E:PAC PAPELES Y CARTONES DE EUROPA Basic Materials 143

34 E:TUB TUBACEX Basic Materials 144

35 E:ABG ABENGOA Oil & Gas 143

36 E:ADZ ADOLFO DOMINGUEZ Consumer Services 144

37 E:ADV ADVEO GROUP INTERNACIONA Consumer Goods 143

38 E:AMP AMPER Technology 142

39 E:AZK AZKOYEN Industrials 143

40 E:BDL BARON DE LEY Consumer Goods 143

41 E:PULB BIOSEARCH Consumer Goods 144

42 E:RIO BODEGAS RIOJANAS Consumer Goods 143

43 E:CPL CEMENTOS PORT.VALDERR. Industrials 144

44 E:CLE CLEOP SUSP - 30/04/15 Industrials 94
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45 E:EMP CORP EMPRESARIAL Industrials 144

46 E:DGI DOGI INTL.FABRICS Consumer Goods 83

47 E:MDF DURO FELGUERA Industrials 143

48 E:ECR ERCROS Basic Materials 144

49 E:FUN FUNESPANA Consumer Services 143

50 E:EZE GRUPO EZENTIS Technology 136

51 E:IBG IBERPAPEL GESTION Basic Materials 144

52 E:RUF LABORATORIO REIG JOFRE Consumer Goods 131

53 E:LGT LINGOTES ESPECIALES Basic Materials 143

54 E:MCM MIQUEL Y COSTAS Basic Materials 143

55 E:NAT NATRA Consumer Goods 143

56 E:NEA NICOLAS CORREA Industrials 143

57 E:PVA PESCANOVA SUSP - SUSP.12/03/13 Consumer Goods 116

58 E:PRIM PRIM Healthcare 142

59 E:GPP SERVICE POINT SOLUTIONS SUSP - 03/02/14 Industrials 127

60 E:SNC SNIACE Basic Materials 121

61 E:IBME TECNOCOM TC.Y ENERGIA Technology 144

62 E:TUBO TUBOS REUNIDOS Basic Materials 143

63 E:AGS AGUAS DE BARCELONA DEAD - 01/06/10 Utilities 71

64 E:TAB ALTADIS DEAD - TAKEOVER 316461 Consumer Goods 47

65 E:AMA AMADEUS GLOBAL TRAVEL DEAD - 16/12/05 Consumer Services 23

66 E:BMA BEFESA MEDIO AMBIENTE DEAD - 26/08/11 Industrials 94

67 E:CFG CAMPOFRIO FOOD GROUP DEAD - 19/09/14 Consumer Goods 135

68 E:CUN CIA.VINICOLA DEL NORTE DE ESPANA Consumer Goods 139

69 E:CTF CORTEFIEL DEAD - DESLIST27/03/06 Consumer Services 13

70 E:ZNC ESPANOLA DEL ZINC DEAD - 10/02/12 Basic Materials 43

71 E:TUD EXIDE TECHNOLOGIES DEAD - 06/08/10 Industrials 74

72 E:PAT FEDERICO PATERNINA DEAD - 08/01/10 Consumer Goods 71

73 E:TVX GRUPO TAVEX DEAD - 09/02/15 Consumer Goods 131

74 E:HULM HULLAS DEL COTO CORTES DEAD - 08/08/07 Basic Materials 47

75 E:IBL IBERIA DEAD - EX.INTO 74190D Consumer Services 91

76 E:IDO INDO INTERNACIONAL DEAD - 30/10/15 Healthcare 84

77 E:EUR ITINERE INFRAESTRUCTURAS DEAD - 21/09/09 Industrials 71

78 E:LOG LOGISTA DEAD - 16/06/08 Consumer Goods 59

79 E:MLX MECALUX DEAD - 08/07/10 Industrials 71

80 E:CEP PETROLEOS (CEPSA) DEAD - 23/08/11 Oil & Gas 95

81 E:RECO RECOLETOS GPO.DE COMM. DEAD - DEAD 04/08/05 Consumer Services 23

82 E:SED SEDA BARCELONA 'B' DEAD - 16/11/15 Basic Materials 106

83 E:SGC SOGECABLE DEAD - 13/06/08 Consumer Services 59

84 E:TFI TABLEROS DE FIBRAS (TAFISA) Industrials 35

85 E:TPZ TELE PIZZA DEAD - DEAD 24/04/07 Consumer Services 35

86 E:TEM TELEFONICA MOVILES DEAD - 31/07/06 Telecommunications 35

87 E:TPI TELF.PUBLCD.E INFMC. DEAD - 04/04/07 Consumer Services 35

88 E:TRR TERRA NETWORKS DEAD - DEAD 18/07/05 Technology 23
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89 E:TAZ TRANSPORTES AZKAR DEAD - 02/02/06 Industrials 23

90 E:UNF UNION FENOSA DEAD - 07/09/09 Utilities 70

91 E:LEMO CEMENTOS LEMONA LIMITED DATA DEAD Industrials 31

92 E:INPR INYPSA INFORMES Y PROYECTOS Industrials 139

93 E:A3M ATRESMEDIA CORP Consumer Services 139

94 E:TL5 MEDIASET ESPANA COMUNICACION Consumer Services 132

95 E:CODE CORPN.DERMOESTETICA DEAD - 19/06/13 Healthcare 94

96 E:PROB GRIFOLS ORD CL A Healthcare 108

97 E:PAIM PARQUESOL INMB. DEAD - 20/07/09 Basic Materials 36

98 E:TECN TECNICAS REUNIDAS Oil & Gas 108

99 E:GEAM GENERAL DE ALQUILER DE MAQUINARIA Industrials 107

100 E:VOC VOCENTO Consumer Services 103

101 E:VUEL VUELING AIRLINES DEAD - 09/08/13 Consumer Services 65

102 E:FGN FERSA ENERGIAS RNVBL. Utilities 98

103 E:CNB CLINICA BAVIERA Healthcare 97

104 E:LAB ALMIRALL Healthcare 95

105 E:CODR CODERE SA Consumer Services 91

106 E:FDR FLUIDRA Industrials 90

107 E:ROVI LBOS.FARMACEUTICOS ROVI Healthcare 90

108 E:IBRE IBERDROLA RENOVABLES DEAD - EXCHANGE 998213 Utilities 41

109 E:VER VERTICE TRSTA.GRADOS SUSP - 15/04/14 Consumer Services 69

110 E:SEM SOLARIA ENERGIA Y MEDIO AMBIENTE Oil & Gas 71

111 E:ZNK ZINKIA ENTERTAINMENT Consumer Services 55

112 E:IMGI IMAGINARIUM Consumer Services 66

113 E:MEDC MEDCOMTECH SA Consumer Goods 56

114 E:AMS AMADEUS IT HOLDING Industrials 61

115 E:GOW LETS GOWEX SUSP - 03/07/14 Telecommunications 35

116 E:NEUB NEURON BIO Healthcare 58

117 E:NOS GRUPO NOSTRUM RNL SA DEAD - 06/03/14 Consumer Services 18

118 E:IAG INTL.CONS.AIRL.GP. (MAD) (CDI) Consumer Services 53

119 E:ALC ALTIA CONSULTORES Technology 44

120 E:EUWT EURONA WIRELESS TELECOM Telecommunications 48

121 E:COM CATENON SA Industrials 46

122 E:GRFP GRIFOLS CLASS 'B' SHARE Healthcare 47

123 E:DIA DISTRIBUIDORA INTNAC.DE ALIMENTACION Consumer Services 47

124 E:SEAF SFO. GLB. PROCESSOR DEAD - 22/02/16 Consumer Goods 13

125 E:GRIE GRINO ECOLOGIC Industrials 30

126 E:BNT BIONATURIS DER Healthcare 35

127 E:CRBE CARBURES EUROPE Industrials 32

128 E:VOUE VOUSSE CORP Consumer Services 16

129 E:ABS ABENGOA B SHARES Oil & Gas 31

130 E:IKM 1NKEMIA UICT GROUP Healthcare 29

131 E:MAS WORLD WIDE WEB IBERCOM Technology 24

132 E:ASTO APPLUS SERVICIOS TECHNOLOGICOS Industrials 13
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Appendix 2: Code in R (FGLS model) 

 

#Three test (last 2 are robust): 

 

wi <- plm(Excess_Returns~ LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns, data = 

logs70, model = "within") 

re <- plm(Excess_Returns~ LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns, data = 

logs70, model = "random") 

phtest(wi, re) 

 

#Hausman Test 

phtest(wi, re) 

data:  Excess_Returns ~ LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns 

chisq = 5.1431, df = 5, p-value = 0.3987 

alternative hypothesis: one model is inconsistent 

 

#robust Hausman test (regression-based) 

phtest(Excess_Returns~ LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns, data = 

logs70, method = "aux", vcov = vcovHC) 

 

Regression-based Hausman test, vcov: vcovHC 

 

data:Excess_Returns ~ LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns 

chisq = 5.2468, df = 5, p-value = 0.3865 

alternative hypothesis: one model is inconsistent 

 

#robust Hausman test with vcov supplied as a function and additional parameters  

phtest(Excess_Returns~LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns 

,data = logs70, method = "aux", vcov = function(x) vcovHC(x, method="white2", 

type="HC3")) 

 

Regression-based Hausman test, vcov: function(x) vcovHC(x, method = "white2", type 

= "HC3") 

 

data: Excess_Returns ~ LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns 

chisq = 5.2728, df = 5, p-value = 0.3835 

alternative hypothesis: one model is inconsistent 
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#Hence, we use random (pooling) in the FGLS model. 

 

a1<- 

pggls(Excess_Returns~LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+LN_Exchange_r

ate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns,data=logs70,model="random

") 

summary(a1)  
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Appendix 3: Code in R (RE-EM tree) 

 

#CART 

a2=rpart(Excess_Returns ~ LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns, 

cp=  0.001,data=logs70) 

printcp(a2) 

 

#23 0.0020148     34   0.73672 0.78520 0.027145 

a11=rpart(Excess_Returns ~ LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+ 

LN_Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns, cp= 

0.0020148,data=logs70) 

print(a11) 

 

#REEMTREE 

#First, we look whether exist autocorrelation 

 

mod1=REEMtree(Excess_Returns~LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+LN_

Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns,data=logs70,rand

om = ~1|STOCKS,) 

 

mod2=REEMtree(Excess_Returns~LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+LN_

Exchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns,data=logs70,rand

om = ~1|STOCKS,correlation=corAR1()) 

AutoCorrelationLRtest(mod1, logs70) 

[1] "*** Likelihood ratio test for autocorrelation ***" 

[1] "Log likelihood for the hypothesis of no autocorrelation: 8799.02044324096" 

[1] "Log likelihood for the hypothesis of AR(1) autocorrelation: 8799.0390153482" 

[1] "Test statistic: 0.0371442144823959" 

[1] "Asymptotic P-value: 0.847171724489467" 

AutoCorrelationLRtest(mod2, logs70) 

[1] "*** Likelihood ratio test for autocorrelation ***" 

[1] "Log likelihood for the hypothesis of no autocorrelation: 8776.00635787909" 

[1] "Log likelihood for the hypothesis of AR(1) autocorrelation: 8776.03413842275" 

[1] "Test statistic: 0.0555610873052501" 

[1] "Asymptotic P-value: 0.813654609640016" 

 

m21=REEMtree(Excess_Returns~LN_BM+LN_DE+LN_DP+LN_EP+LN_CFP+LN_E

xchange_rate+LN_Inflation+LN_GOLD_returns+LN_OIL_returns,data=logs70,rando

m = ~1|STOCKS, cpmin= 0.0020148) 

print(m21) 

 

 

 


